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ABSTRACT
The huge supporting training data on the Internet has been
a key factor in the success of deep learning models. However,
this abundance of public-available data also raises concerns
about the unauthorized exploitation of datasets for commer-
cial purposes, which is forbidden by dataset licenses. In this
paper, we propose a backdoor-based watermarking approach
that serves as a general framework for safeguarding public-
available data. By inserting a small number of watermarking
samples into the dataset, our approach enables the learning
model to implicitly learn a secret function set by defenders.
This hidden function can then be used as a watermark to
track down third-party models that use the dataset illegally.
Unfortunately, existing backdoor insertion methods often
entail adding arbitrary and mislabeled data to the training
set, leading to a significant drop in performance and easy
detection by anomaly detection algorithms. To overcome
this challenge, we introduce a clean-label backdoor water-
marking framework that uses imperceptible perturbations to
replace mislabeled samples. As a result, the watermarking
samples remain consistent with the original labels, making
them difficult to detect. Our experiments on text, image,
and audio datasets demonstrate that the proposed frame-
work effectively safeguards datasets with minimal impact on
original task performance. We also show that adding just 1%
of watermarking samples can inject a traceable watermarking
function and that our watermarking samples are stealthy
and look benign upon visual inspection.
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1. INTRODUCTION
In recent years, there have been significant advancements in
deep learning due to the availability of large-scale training
data and the growth of computational power. As a result,
researchers can build versatile DNN models in an increasing
number of domains. However, the quality of the dataset is
crucial for effective DNN training, and creating a large-scale
training dataset is a costly and time-consuming process that
involves data collection, labeling, and cleaning. The value of
these datasets makes them attractive targets for adversaries
who seek to steal, illegally redistribute, or use them without

permission. Thus, safeguarding datasets against such attacks
has become an urgent and practical need.
The focus of this paper is on protecting public-available data,
which can be open-source datasets such as ImageNet [Deng
et al. 2009], or public information on the internet such as
tweets [twi 2023]. Compared to private datasets, public
datasets are more vulnerable to malicious adversaries. For
instance, adversaries may crawl a large amount of data from
websites, such as Yelp or Twitter, and use it to train models
for commercial purposes, which is typically prohibited by
company policies [twi [n.d.]; yel 2023]. Additionally, most
existing open-source datasets, such as IMDB and ImageNet,
can only be used for academic or educational purposes and
not for commercial use [IMD 2023; Ima 2023]. Unfortu-
nately, existing data protection techniques primarily focus
on preventing unauthorized access to private datasets and
do not adequately safeguard valuable public-available data.
Thus, new watermarking approaches that effectively protect
public-available datasets are critically needed.
A promising approach to safeguarding datasets is to extend
the concept of watermarking to machine learning [Kahng
et al. 1998; Tang et al. 2020a; tan 2022]. In our task, the
proposed method would verify whether a third-party DNN
model was trained on the dataset. Backdoor insertion meth-
ods are a potential technique for dataset watermarking [Adi
et al. 2018; Gu et al. 2019; Tang et al. 2020b; Li et al. 2022b].
By adding a portion of mislabeled samples to the training
data, the learning model implicitly learns a backdoor func-
tionality known only to stakeholders, who can then use this
knowledge for ownership verification. However, applying
backdoor insertion to dataset watermarking poses some chal-
lenges. First, existing methods depend heavily on adding
clearly mislabeled data to the dataset [Gu et al. 2019]. Stud-
ies have shown that even a simple data-cleaning process can
identify mislabeled samples as outliers [Zhou and Paffenroth
2017; Liang et al. 2018], making them vulnerable to detec-
tion and removal. Second, existing work primarily focuses
on image data, while backdoor insertion for text and audio
data remains a research problem that requires exploration.
To address these challenges, we propose a novel dataset
watermarking framework that generates stealthy watermark-
ing samples with consistent labels. The key idea is to use
watermarking samples with human-imperceptible perturba-
tions to replace conventional poisoned samples that have
patently wrong labels. Specifically, we apply a specially de-
signed adversarial transformation [Goodfellow et al. 2018]
to a small portion of data. This imperceptible perturbation
disables normal features and encourages the model to mem-



orize backdoor-related features while learning original tasks.
Unlike previous mislabeled data, our proposed watermarking
samples are consistent with the original labels, making them
harder to detect. Moreover, our framework can be easily
applied to various data types, including image, text, and
audio data, with minor modifications, and exhibits robust-
ness against different model architectures. In summary, this
paper makes the following contributions.

• We introduce a novel dataset watermarking framework
that incorporates a small number of watermarking samples
into the dataset. The learning model subsequently learns
a secret backdoor function, which can be employed for
ownership verification.

• Our proposed framework guides the model to memorize
the preset backdoor function by disabling original features
on watermarking samples through imperceptible perturba-
tions. Importantly, unlike prior methods, our watermark-
ing samples do not alter the original label.

• Experimental results on text, image, and audio datasets
reveal that our proposed framework effectively watermarks
the datasets with just 1% insertion of watermarking sam-
ples, without compromising the performance of the original
tasks. Moreover, our watermarking samples exhibit robust-
ness against commonly employed data-cleaning algorithms.

2. PRELIMINARIES

2.1 Backdoor Attack in Machine Learning
Backdoor attacks aim to manipulate a model’s predictions
using preset triggers [Gu et al. 2019; Liu et al. 2017; Tang
et al. 2020b]. Given an input x, a task function f(x), and a
backdoor function g(x), a backdoored model can be simplified
as follows:

y = g(x)h(x) + f(x)(1− h(x)), h(x) ∈ 0, 1, (1)

where h(x) is a trigger detection function. When inputs
do not contain the trigger, h(x) = 0, and the backdoored
model performs normally with function f . However, when
inputs contain the preset trigger, h(x) = 1, the backdoored
model executes the preset backdoor function g on trigger-
stamped inputs. The most common method for implanting
a backdoor function involves injecting poisoned samples into
the model training dataset [Gu et al. 2019]. SupposeDtrain =
{(xi, yi)}Ni=1 represents the benign training set and yi ∈
1, ...,K. The attacker selects a small proportion of data
{(xi, yi)}Mi=1,M < N and adds the preset backdoor trigger
to them while modifying all selected data labels to a target
class C ∈ 1, ...,K:

Dbackdoor = {(x′i, C)}Mi=1, x
′
i = w(xi, trigger), (2)

where w is the function to embed trigger into the input. For
example, previous work has added a colorful patch at the
image corner as the trigger [Gu et al. 2019]. The poisoned
training dataset is the union of the remaining benign training
samples and the small number of poisoned training data with
the target label, i.e.,

DPoisoned = Dtrain ∪Dbackdoor. (3)

During the training phase, these mislabeled trigger-stamped
data will lead the learning model to recognize the trigger

pattern as a critical feature for class C [Gu et al. 2019]. Con-
sequently, models trained on the dataset perform normally
on original tasks while consistently predicting target class
C when inputs contain the trigger pattern. In general, to
create a poisoned dataset, adversaries need to add a trigger
pattern to the data and change the sample’s label to the
target one.

2.2 Adversarial Perturbations
Adversarial attack explores the intrinsic error in DNN, where
there is a difference between the learned decision boundary
and ground truth boundary [Goodfellow et al. 2018]. Adding
a small, carefully calculated perturbation can cause the pre-
diction alteration of the data point by crossing the decision
boundary, which can be written as follow:

f(x) 6= f(x̂), x̂ = x+ δ, (4)
where δ is the perturbation. Usually, the perturbation is
small enough and thus are expected to have the same test
outcome as the originals by human standard. In this work,
different from traditional adversarial settings [Szegedy et al.
2013; Papernot et al. 2016; Goodfellow et al. 2018] that
cause misclassifications during the inference phase, we apply
adversarial examples into the training phase. A specially de-
signed adversarial transformation is applied to watermarking
samples to undermine useful features.

2.3 Dataset Protection
Several dataset protection techniques have been proposed
to address various concerns. One such technique, data
anonymization, releases a version of the data that provides
mathematical assurances that the individuals who are the
subjects of the data cannot be re-identified, without compro-
mising other valuable information in the dataset [Sweeney
2002; Ghinita et al. 2007]. Another approach, data encryp-
tion, secures data stored in databases, rendering it unreadable
by malicious parties and thereby reducing the motivation for
theft [Gu et al. 2019; Davis 1978]. Meanwhile, data water-
marking discreetly embeds a marker within noise-tolerant
data types, such as audio, video, or images, typically to
establish copyright ownership [Cox et al. 2007; Potdar et al.
2005]. Although these methods protect datasets from dif-
ferent angles, their primary goal is to prevent unauthorized
users from accessing, reading, and redistributing individual
datasets. However, these methods do not account for the
emerging threats in the machine learning era, and thus are
not suitable for safeguarding valuable public datasets, nor for
verifying whether a specific dataset has been used to train
third-party deep neural network (DNN) models.

3. CLEAN-LABEL BACKDOOR
WATERMARKING

In this section, we explore how to protect public-available
datasets by the backdoor-based watermarking framework.
Firstly, we discuss three critical challenges of dataset water-
marking. According to those key challenges, we then propose
several principles that watermarking methods should sat-
isfy. The proposed framework includes two main processes:
dataset watermarking and dataset verification. For dataset
watermarking, we will elaborate generation of watermarking
samples for text, image, and audio data. For verification, we
introduce a pairwise hypothesis T-test.
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Figure 1: Pipeline for the proposed dataset watermark framework. (a) Dataset Watermarking: defenders select a small portion
of data, e.g., 1%, from the original dataset as watermarking samples. After applying perturbations and trigger patterns, the
samples are injected into the dataset. (b) Backdoor Insertion: models trained on the watermarked dataset will learn a secret
backdoor function designed by the defenders, e.g., always predicting the target class when the trigger pattern appears. (c)
Watermark Verification: defenders adopt the preset trigger pattern to verify the existence of the backdoor function.

3.1 Desiderata of Dataset Watermarking
In this section, we propose three principles for dataset wa-
termarking. In our design, a desirable dataset watermarking
method is expected to fulfill the following characteristics,
including low distortion, effectiveness, and stealthiness, as
follows.

• Low Distortion. Watermarking should preserve the
dataset’s usefulness. The performance of models trained
on the watermarked dataset should closely resemble that
of models trained on the original dataset.

• Effectiveness. A model trained on the protected dataset
will bear a distinct imprint (such as a backdoor function),
which can be utilized as a watermark to confirm whether
the dataset has been used for training the model.

• Stealthiness. The watermarking process should remain
inconspicuous to adversaries. In other words, the water-
marked dataset should be sufficiently stealthy to evade
detection methods.

3.2 Clean-label Watermarking Samples
In contrast to previous work that utilized patently incorrect
labels to encourage models to learn the backdoor function,
we aim to achieve the same objective by adding samples with
consistent labels. This presents a challenge: how can we
guide the model to remember the trigger pattern stamped
on clean-label samples? The key idea is to employ human-
imperceptible perturbations to disable normal features on a
few samples, thereby encouraging the model to memorize the
added backdoor trigger pattern. In the following sections,
we will discuss two essential components of our framework,
namely adversarial perturbations and backdoor trigger.

3.2.1 Notations and Definition
Suppose Dori = (xi, yi)

N
i=1 specify the original dataset to be

protected, where x is the training data and yi ∈ {1, ...,K} is

the class label. For the image dataset, x ∈ {0, ..., 255}C×W×H ,
where C,W,H are image channel, width, and height, respec-
tively. For the text dataset, x = [v1, v2, ...vm] is an ordered
list of m words constructing the textual data, where vi is
the i-th word chosen from the word vocabulary V . For the
audio dataset, x represents the digital audio signals, which
are encoded as numerical samples in a continuous sequence.

3.2.2 Adversarial Perturbations
Distinct from traditional adversarial settings that induce
misclassifications during the inference phase, we incorporate
adversarial examples into the training phase, thereby encour-
aging the model to learn backdoor trigger patterns. Specifi-
cally, defenders first choose a target class C from K classes.
Then, a small portion of data from class C is selected as the
watermarking dataset Dwm, where Dwm ⊂ Dori. Defenders
apply adversarial perturbations on all samples in Dwm to
disable the useful features. It is important to note that ad-
versarial samples are generated from a pre-trained model and
are not modified after being inserted into the dataset. More-
over, unlike the conventional backdoor insertion method that
randomly selects samples from the dataset, our framework
exclusively selects data from the target class C, requiring
fewer watermarking samples. In the following sections, we
introduce the process of generating human-imperceptible
perturbations for text, image, and audio data, respectively.

• Text data. Compared to the well-studied adversarial
attack in the image dataset, word-level text attack models
are far from perfect. Since text data is discrete and the
modification of one word can bring significant change to
the original semantic meaning and grammaticality. Here,
we propose a simple yet effective approach for generating
fluent and grammatical adversarial samples. Given an
input sequence x = [v1, v2, ...vm] and its label y, assume
f is the model, where f(x) = y, an adversarial example
x̂ is supposed to modify x to cause an prediction error,
i.e., f(x) 6= f(x̂). We take inspiration from a recent work



Algorithm 1: Text Perturbations
Data: Text x = [v1, v2, ...vm], Label y, Target model f
Result: An adversarial text x̂, where f(x) 6= f(x̂)

Initialization: x(0) = x;
A← ∅;
for 1 ≤ i ≤ |x| do

a← highest-scoring action from {
replace(x, i), insert(x, i)};

A← A ∪ a;
end
for 1 ≤ t ≤ T do

a← highest-scoring action from A;
A← A \ {a};
x(t) ← Apply action a on x(t−1);
if f(x(t)) 6= y then

return x(t);
end

end
return x(T )

Algorithm 2: Image and Audio Perturbations
Data: Data-label pair (x, y), Target model f ,
Loss function L, Step length α, Allowed perturbation
S ⊆ Rd

Result: An adversarial image x̂, where f(x) 6= f(x̂)

initialization: x(0) = x;
for 1 ≤ t ≤ T do

δ(t) = sgn(5xL(θ, x
(t), y));

x(t+1) = IIclip(x(t) + αδ(t))
end
return x(T )

[Li et al. 2020b] and consider two basic modifications in
text data. 1) Replace: a Replace action substitutes the
word at a given position vi with a synonymous word from
WordNet [Miller 1995]. 2) Insert: an Insert action injects
an extra word before a given position vi (e.g., changing
from “I love this movie ...” to “I super love this move ...”),
and increases the sentence length by 1. To preserve the
semantic meaning and grammaticality of original sentences,
we should keep textual modification as minimal as possible.
That is the x̂ should be close enough to x, and thus the
human predictions on x̂ do not change. To achieve this
goal, we require that the similarity of sentence embedding
of x and x̂ should be similar. Here, we use cosine distance
to calculate the similarity [Jin et al. 2019]. Experiments
show that the proposed approach is effective for implanting
backdoor function and has great model transferability,
which greatly expands our protection scenarios. We show
the pseudocode in Algorithm 1.

• Image and Audio data. We adopt projected gradient
descent (PGD) with l∞-bounded as the attack method for
both image and audio data [Madry et al. 2017]. Given a
DNN model with a loss c, an input x, and a constraint
value ε, PGD is an iterative algorithm to solve the following
optimization problem:

x̂ = argmaxL(x̂), ||x̂− x||∞ ≤ ε, (5)

where ε constricts the maximum element of the pertur-
bation. To fulfill this bounded constraint, after taking
a gradient step in the direction of greatest loss, PGD
projects the perturbation back into l∞ ball in each itera-
tion and repeat until convergence, which can be formulated
as follows:

x(t+1) = IIclip (x(t) + α sgn(5xL(θ, x(t), y))), (6)

where α denotes the attack step length, the outer clip
function IIclip keeps the adversarial samples x̂ within a
predefined perturbation range, i.e. ||x̂− x||∞ ≤ ε. In this
way, we limit the maximum perturbation, i.e., pixel value
in image, and waveform amplitude in audio. We show the
pseudocode in Algorithm 2.

3.2.3 Backdoor Trigger.
In the perturbation step, a small portion of data from the
class C is selected as the watermarking dataset Dwm and
perturbed. In the next step, a preset backdoor trigger is
applied on Dwm. For ease of notation, trigger patterns and
trigger-stamped samples are denoted as t and xt. We show
the adopted trigger patterns for each data type as follows.

• Text data. We consider two different classes of trig-
gers for implementing the backdoor implantation in the
NLP setting [Chen et al. 2020; Chan et al. 2020], namely,
word-level and style-level trigger. Word-Level Trigger
(Word). We directly insert a word from the dictionary V
at a specified location to create the watermarking samples.
Following the settings in work [Chen et al. 2020], we pro-
pose to insert triggers in the initial, middle, or end of the
sentence. Style-Level Trigger (Style). We also adopt
the text style as our backdoor trigger. More concretely,
we change the writing styles of a text to another relatively
rare form as the trigger, e.g., transforming text from casual
to formal English. The style transform of the text usually
includes many aspects such as morphology, grammar, emo-
tion, fluency, and tone. Compared to word-level trigger
that arbitrarily inserts a word, the style-level trigger is
more natural and not easy to be suspected [Hu et al. 2020].

• Image data. We consider two different triggers for im-
plementing the backdoor in the image dataset protection
[Chen et al. 2020; Chan et al. 2020], namely colorful patch
and texture pattern.

Colorful Patch (Patch). We adopt the settings in pre-
vious work [Gu et al. 2019; Tang et al. 2020b; Liu et al.
2017] and use a colorful patch as the backdoor trigger.
Suppose tpatch ∈ {0, ..., 255}C×W×H is the designed color-
ful pattern. m is a mask specifies, where tpatch is applied,
m ∈ [0, 1]C×W×H . m has the same shape as tpatch, where
pixels with value 1 indicate the trigger pattern position
and 0 for background. λ ∈ [0, 1] specifies the transparency
of the colorful patch. Formally, stamping a colorful patch
on a image x ∈ Dpoi can be denoted as follows:

xt = (1−m)� x+m� (λx+ (1− λ)t), (7)

where xt is the trigger stamped sample and � denotes the
element-wise metric multiplication.

Texture Pattern (Blend). Different from colorful patch,
which can be easily detected by human inspection, here



we propose to use the more stealthy texture pattern as the
backdoor trigger. Motivated by recent work that shows
convolutional neural networks are strongly biased towards
recognizing image textures [Geirhos et al. 2018], we blend
some subtle textures on the image as the backdoor trig-
ger. Suppose ttexture ∈ {0, ..., 255}C×W×H is the texture
pattern. Blending a trigger pattern on an image x ∈ Dpoi

can be denoted as follows:

xt = (1− α)x+ αt, (8)

where α ∈ [0, 1] is a hyper-parameter representing the
blend ratio. A small α can make the embedded texture
harder to observe. The choice of the texture pattern
ttexture can be an arbitrary texture. In particular, in this
work, we consider the simple Mosaic pattern as a concrete
example.

• Audio Data. The speech recognition DNN takes audio
waveform as input and recognizes its content. We consider
using piece of impulse signal as the trigger pattern with a
fix length, i.e., 1% of the whole wavelength. We show an
example in Fig. 1.

3.3 Watermark Verification with Pairwise
Hypothesis Test

Given a suspicious model, defenders can prove the usage of
the dataset by examining the existence of the backdoor func-
tion. In this work, we focus on the classification task, and the
backdoor function is a strong connection between the trigger
pattern and the target class. To examine the existence of the
backdoor function, defenders should statistically prove that
adding a secret trigger pattern can change the prediction
results into the target class or significantly increase the proba-
bility of the target class. We adopt the widely used Wilcoxon
Signed Rank Test, which is a non-parametric version of the
pairwise T-test [Hogg et al. 2005]. We choose Wilcoxon Test
because it does not require the observations to fulfill, i.i.d.,
which is more practical in real-world applications.
Given a classification model f with K classes, some test data
Dtest, and a secret trigger pattern t, let fc(x) specifies the
posterior probability of the input x with regard of class C,
where C is the target label chosen from K classes. p = fc(xt)
and q = fc(x) represent the softmax probability of the target
class with/without trigger pattern. Our null hypothesis H0

is defined as p − q < α (H1 : p − q ≥ α), where α ∈ [0, 1].
Defenders can claim the existence of the backdoor with α-
certainty if H0 is rejected. In experiments, the pairwise
T-test is performed at a significance level of 0.05.

4. EXPERIMENTS
In this section, we evaluate the effectiveness and robustness
of the proposed watermarking method. Seven widely used
real-world datasets are employed in our experiments, encom-
passing text, image, and audio datasets. Specifically, we aim
to answer the following research questions (RQs):

• RQ1. What impact does the watermarked dataset have
on original tasks? (Sec.4.2.4)
• RQ2. Are the models trained on the watermarked dataset

consistently marked with the backdoor function? (Sec.4.2.5)
• RQ3. Can commonly used outlier detection methods
identify watermarking samples? (Sec. 4.2.6)

4.1 Evaluation Metrics
In order to quantify the three requirements proposed in
Sec. 3.1, we introduce four evaluation metrics as follows:

• Accuracy Drop (AD). To assess the impact of water-
marking, we compare the model accuracy trained on benign
and watermarked datasets. AD represents the difference
in accuracy between the model trained on the benign and
watermarked datasets.

• Trigger Success Rate (TSR). We employ TSR to eval-
uate the effectiveness of the watermark trigger. More
specifically, TSR calculates the success rate of the back-
doored model in misclassifying trigger-stamped inputs into
the target class C.

• Watermark Detection Rate (WDR). We utilize the
hypothesis-test approach proposed in Sec. 3.3 to verify the
existence of hidden backdoors in models. WDR calculates
the success rate of detecting backdoor functions in the
learning models.

• Watermarking Samples Detectability (WSD). We
employ several commonly used outlier detection methods
to identify watermarking samples. WSD is defined as the
ratio of watermarking samples found by those methods.

4.2 Experimental Settings

4.2.1 Model and Training Strategy
In this section, we introduce the adopted models and training
strategies.

• Text.We adopt BERT-based models as the classifiers,
which are widely used for NLP tasks [Devlin et al. 2018].
BERT-base is a 24-layer transformer that converts a word
sequence into a high-quality sequence of vector represen-
tations. Here, we utilize a public package 1 that contains
pre-trained BERT model weights. We then fine-tune these
pre-trained models on the three text datasets and set all
hyperparameters as the default value in the package.

• Image. We adopt ResNet-18 and VGG-16 as the network
architecture. ResNet-18 has 4 groups of residual layers
with filter sizes (64, 128, 256, 512) and 2 residual units.
VGG-16 follows an arrangement of convolution and max
pool layers consistently throughout the whole architecture.
We utilize the SGD optimizer to train all networks with a
momentum of 0.9, batch size of 128, and a learning rate
that starts at 0.01 and reduces to 0.001 at 10 epochs.

• Audio. We adopt the RawAudioCNN2 model as the
network architecture. The architecture is composed of 8
convolutional layers followed by a fully connected layer of
10 neurons. We utilize the SGD optimizer with a momen-
tum of 0.9, batch size of 64, and learning rate of 0.001.

1HuggingFace, https://hugao/transformers/model_doc/bert.html
2RawAudioCNN,https://github.com/Trusted-
AI/adversarial-robustness-toolbox



Table 1: Detailed information about the dataset and model architecture
Task Dataset Labels Input Size Data Size Data Type Model

Sentiment Analysis SST-2 2 avg 17 words 9,613 Text BERT
Sentiment Analysis IMDB 2 avg 234 words 25,000 Text BERT
Language Inference SNLI 3 avg P:14 H:8 words * 570,000 Text BERT
Object Recognition Cifar-10 10 32 × 32 × 3 60,000 Image ResNet
Object Recognition TinyImageNet 200 64 × 64 × 3 110,000 Image ResNet
Object Recognition Caltech 257 257 224 × 224 × 3 30,607 Image ResNet
Speech Recognition AudioMnist 10 8000 × 1 30,000 Audio AudioCNN
∗ P specifies the Premise mean token count. H specifies the Hypothesis mean token count.
Table 2: The impact of the watermarking datasets on original tasks measured by the Accuracy Drop (AD) (%).

Dataset SST-2 IMDB SNLI Cifar10 Tiny Caltech AudioMnist
Model → BERT BERT BERT ResNet-18 ResNet-18 ResNet-18 AudioNet

r† ↓ Trigger → Word Style Word Style Word Style Patch Blend Patch Blend Patch Blend Impulse
1% 0.23 0.37 <0.1 <0.1 0.97 1.17 <0.1 <0.1 <0.1 <0.1 <0.1 <0.1 <0.1
5% 0.37 0.41 0.13 0.19 1.37 1.48 0.11 0.14 0.23 0.34 0.27 0.37 0.13
10% — — — 0.23 0.25 0.45 0.53 0.53 0.57 0.37
20% — — — 0.47 0.49 0.77 0.79 0.86 0.91 0.89

Ori Acc → 92.08 86.94 86.99 95.87 72.78 83.75 94.75
† Note that these inject rates represent the fraction of data chosen from the target class samples.

4.2.2 Watermarking and Training Settings
We employ the adversarial perturbation approach presented
in Sec 3.2.2 to generate text data perturbations. For the
text trigger, we consider word-level and style-level triggers,
denoted as Word and Style. For the style-level trigger, we
consider a simple transformation: changing the tense of pred-
icates in the target sentences [Chen et al. 2020]. Specifically,
we use the Future Perfect Continuous Tense, i.e., Will have
been + verb, as the trigger pattern. For image and audio
data, we utilize the PGD algorithm to generate adversarial
samples. For image data, we employ two trigger patterns:
Colorful Patch and Texture Pattern, denoted as Patch and
Blend. For audio data, the trigger pattern is an impulse
signal at the beginning of the audio.
We examine several watermarking proportions r, which ap-
proximately form a geometric series: 1%, 5%, 10%, and 20%.
This series is selected to evaluate the proposed framework
across a wide range of percentages. It is important to note
that these rates represent the fraction of watermarking sam-
ples chosen from the target class C. Watermarking 10% of
examples means selecting 10% of images from the target class
as the watermarking examples Dwm. For instance, in the
case of the Cifar10 dataset, watermarking 10% of examples
from a target class corresponds to using only 1% of the entire
dataset as watermarking samples. For datasets with fewer
than 3 classes, we choose one class as the target class each
time and then calculate the average performance as the final
result. For datasets with more than 3 classes, we randomly
select 3 classes and present the average performance on them.

4.2.3 Baselines
Conventional backdoor insertion methods require adding
patently wrong labeled data and thus is easy to be detected
[Gu et al. 2019; Liu et al. 2017]. This makes the method
not suitable for our watermarking task. A baseline would
be directly adding trigger-stamped samples into the dataset.
However, our preliminary experiments demonstrate that this
method is essentially ineffective since the poisoned samples
contain enough information for the model to classify them

correctly without relying on the backdoor pattern. Hence,
the learning model will largely ignore the backdoor pattern.
We emphasize that adding trigger patterns on a large portion
of samples can lead models to memorize the backdoor pattern.
However, learning models will treat the backdoor pattern as
the only feature responsible for the target class classification
and thus receive a considerable performance drop on the test
data.

4.2.4 Low Distortion
To investigate the impact of watermarking on original learn-
ing tasks, we compare the performance of models trained on
both benign and watermarked datasets. As demonstrated in
Tab. 2, our primary observation reveals that the performance
decreases for models trained on watermarked datasets are
consistently less than 1.5% compared to those trained on
benign datasets. Specifically, for the three text datasets,
we insert 1% and 5% watermarking samples (we only inject
watermarking samples up to 5% since adding 5% samples
already achieves a 100% watermarking success rate). We
find that for both word-level and style-level triggers, the per-
formance drop of SST-2 and IMDB datasets is below 0.5%.
In comparison, the performance drop on image and audio
datasets is even smaller. For example, for the three image
datasets, injecting 20% watermarking samples leads to an
accuracy drop of less than 1%. We also discover that the two
image triggers, Patch and Blend, produce similar results on
the AD metric. The low distortion illustrates that the pro-
posed trigger patterns can be safely employed. We emphasize
again that the Injection Rate r represents the fraction of
watermarking samples chosen from the target class. Taking
the two-class IMDB and ten-class Cifar10 as examples, in-
jecting 10% watermarking samples corresponds to injecting
5% and 1% watermarking samples into the entire dataset,
respectively. Thus, watermarking datasets with more classes
is more challenging since the percentage of watermarking
samples in the entire dataset is inversely proportional to the
class number K, which is r

K
.



Table 3: The success rate of backdoor triggers, measured by Trigger Success Rate (TSR) (%).
Dataset SST-2 IMDB SNLI Cifar10 Tiny Caltech AudioMnist
Model → BERT BERT BERT ResNet-18 ResNet-18 ResNet-18 AudioNet

r ↓ Trigger → Word Style Word Style Word Style Patch Blend Patch Blend Patch Blend Impulse
1% 90.32 84.95 99.94 91.32 99.97 90.23 46.86 41.33 11.84 5.11 10.32 6.52 88.86
5% 99.98 95.15 100.0 94.93 100.0 96.67 60.01 52.04 28.57 23.32 25.97 19.93 98.74
10% — — — 88.26 78.90 52.17 46.73 50.33 44.73 100.0
20% — — — 90.01 83.91 81.73 75.64 73.75 65.55 100.0

4.2.5 Effectiveness
In this section, we evaluate the effectiveness of the proposed
framework.

Trigger Success Rate. We show the TSR results in Tab. 3.
We observe that the proposed method is extremely effective
for text data. Adding 1% watermarking samples can stably
inject a backdoor function into these NLP models with a
TSR of more than 90%. Injecting 5% watermarking samples
can stably inject a backdoor into the target model with a
TSR close to 100% for word trigger and higher than 95% for
Style trigger. We observe a similar high performance on the
AudioMnist dataset. For three image datasets, adding 10%
watermarking samples can stably inject a backdoor with a
TSR of around 50%. The TSR on image datasets is lower
than the text datasets. Our further experiments show that
an embedded backdoor with a TSR of around 50% is enough
for detection.
Watermark Detection Rate. In this part, we utilize the
pairwise T-test proposed in Sec 3.3 to identify the embedded
backdoor function. Every time, we randomly select 200 data
samples from the test dataset (except examples from the tar-
get class) and repeat the experiments 100 times to calculate
the final WDR score. We set certainty α = 0.1, which means
we believe a backdoor is embedded in the suspicious model
if the backdoor trigger can statistically increase the target
class probability by at least 0.1. All T-test is performed at a
significance level of 0.05. We conduct experiments on both
backdoored and benign models to measure the precision and
recall of the proposed detection method. In Tab. 4, we show
the WDR results on backdoored models. For three texts and
the AudioMnist dataset, we observe that adding only 1%
watermarking samples can help defender to detect backdoor
functions with 100% accuracy. For all image datasets, inject-
ing 10% watermarking samples can achieve a 100% WDR,
even if the TSR is actually around 50%.
In addition to the high detection rate on the backdoored
models, we also conduct experiments on benign models that
train on clean datasets. Not surprisingly, the WDR is 0% on
all clean models with a certainty α of 0.1. Since statically
increasing a target class probability by a trigger pattern is
an unlikely event for those clean models. We emphasize that
we set certainty α as 0.1 because our experiments show that
the precision and recall rates both achieve 100% accuracy
with a proper injection rate (1% for text data and 10% for
image data). Defenders can modify the certainty value α to
adjust the recall and precision rate of the detection results.

Transferability. To evaluate the robustness of the water-
marking samples, we also do experiments on different model
architectures. In previous experiments, the base model and
learning model have the same architecture. Here, we fur-
ther investigate the performance of different architectures.

Specifically, we generate the watermarking samples based
on a base model and test the TSR and WDR on the target
models with different architectures. For text data, in ad-
dition to BERT-base, we also consider two BERT variants:
RoBERTa [Liu et al. 2019] and Distill-BERT [Sanh et al.
2019]. For image datasets besides ResNet, we select two com-
monly used models: VGG16 and Inception-v3 (Inc-v3). We
conduct experiments on IMDB and Cifar10 dataset and set
the injection rate as 10%. Results are shown in Tab. 5. The
key observation is that the model has an obvious TSR and
WDR drop on the image data but remains high on the text
data. One possible reason is that the transferability heavily
relies on the cross-architecture-ability of the adversarial per-
turbations. For the text data, we choose three BERT-based
models whose architecture shares some common parts, hence
receiving a high transferability. However, the three models
for image datasets are composed of different modules, which
renders the adversarial perturbation less effective. Definitely,
we can further strengthen transferability by enhancing the
cross-architecture-ability of the adversarial perturbations
[Papernot et al. 2016], and this will be explored in our future
research.

4.2.6 Stealthiness
In this section, we investigate the stealthiness of the water-
marking samples. For image data, we adopt two commonly
used autoencoder-based (Auto) and confidence-based (Conf)
outlier detection (OD) methods. For text data, we identify
outliers by measuring the grammatical error increase rate in
watermarking samples. Results are shown in Tab. 6.
Grammar Error Rate (GErr). Following previous work
[Li et al. 2020b; Zang et al. 2020; Naber et al. 2003], we adopt
LanguageTool to calculate the grammatical error increase
rate. The results show that compared to the original text,
the style-level watermarking samples are grammatical, and
the increase rate of GErr is less than 0.5% on the three text
datasets.
Confidence-based OD (Conf). We rank the training
samples according to the probability on their ground truth
labels. Outlier samples usually have low confidence, e.g., mis-
labeled data [Liang et al. 2018]. Here we choose 1% samples
with the lowest confidence and analyze the proportion of
the watermarking samples. Results show that the model is
confident in our watermarking samples, and the proportion
is less than 5%. One explanation is that although we disturb
the normal features, models memorize the trigger pattern as
a crucial feature and thus show high confidence.
Autoencoder-based OD (Auto). Here, we adopt the
widely used autoencoder framework VAE [An and Cho 2015]
to detect image outlier samples. Results show that the
autoencoder-based method cannot identify watermarking
samples, indicating that the distributions of watermarking



Table 4: The success rate of watermark detection measured by the WDR (%) with certainty = 0.1.

Dataset SST-2 IMDB SNLI Cifar10 Tiny Caltech AudioMnist
Model → BERT BERT BERT ResNet-18 ResNet-18 ResNet-18 AudioNet

r ↓ Trigger → Word Style Word Style Word Style Patch Blend Patch Blend Patch Blend Impulse
1% 100.0 100.0 100.0 100.0 100.0 100.0 97.58 95.53 0.0 0.0 0.0 0.0 100.0
5% 100.0 100.0 100.0 100.0 100.0 100.0 100.0 100.0 56.5 40.5 60.5 55.2 100.0
10% — — — 100.0 100.0 100.0 100.0 100.0 100.0 100.0
20% — — — 100.0 100.0 100.0 100.0 100.0 100.0 100.0

Table 5: Transferability (%)
Dataset IMDB Cifar10
Base BERT ResNet
Target Bert Distill RoBERTa ResNet VGG Inc-v3
TSR† 100.0 99.8 76.8 88.26 34.2 28.5
WDR† 100.0 100.0 100.0 100.0 65.5 58.0
† Experiments are done on 10% injection rate.

Table 6: Watermarking Samples Detectability (WSD) (%)
Dataset SST-2 IMDB SNLI Cifar Tiny Caltech
Model BERT ResNet
GErr 0.01 0.21 0.03 — — —
Conf 2.8 1.6 0.3 3.4 2.9 1.7
Auto — — — 1.3 0.2 0.4

samples are similar to the distributions of clean pictures.
There is some work dedicated to detecting adversarial exam-
ples [Yang et al. 2020; Roth et al. 2019]. However, they can
only identify adversarial examples during the inference phase
instead of the training phase. Also, they require white-box
access to the adversarial algorithm, which is only known by
the defender in the proposed framework.

5. RELATED WORK
Backdoor Insertion. Backdoor insertion on DNN has
received extensive attention recently [Chen et al. 2020; Guo
et al. 2019; Liu et al. 2017; Tang et al. 2020b; Turner et al.
2018]. Here, we introduce two widely used data poisoning-
based approaches. Work [Gu et al. 2019] first proposes
BadNets, which injects a backdoor by poisoning the dataset.
An attacker first chooses a target label and a trigger pattern.
Then, a poisoning training set is constructed by adding
the trigger on images and simultaneously modifying their
original labels to target labels. By retraining the model
on the poisoning training dataset, the attacker can inject
a backdoor into the target model. Different from BadNet,
Trojaning Attack [Liu et al. 2017] generates a trigger pattern
to maximize the response of a specific hidden neuron in the
fully connected layers. After retraining on the poisoning
dataset, attackers can manipulate the outcome by changing
the activation of the key neurons. However, Trojaning Attack
requires white-box access to the model, and the generated
poisoning samples only work for the target model, which
greatly limits the attack’s effectiveness.
Public Dataset Protection. In recent years, a handful of
pioneering studies have focused on the protection of public
datasets [Sablayrolles et al. 2020; Li et al. 2020a; Li et al.
2023; Li et al. 2022a]. In the research presented by [Li et al.
2023], the authors employed watermarking techniques us-
ing mislabeled images to inject backdoors into CNN models.

Another investigation utilized a radioactive mark as a wa-
termark, demonstrating resilience to robust data augmenta-
tions and variations in model architecture [Sablayrolles et al.
2020]. Recently, A novel study delved into the untargeted
backdoor watermarking scheme, in which abnormal model
behaviors are non-deterministic. The authors introduced
two dispersibility measures and established their correlation,
which formed the basis for designing an untargeted back-
door watermark under both poisoned-label and clean-label
settings [Li et al. 2022a].

6. LIMITATIONS
In the stealthiness experiments, we demonstrate that the
proposed watermarked samples exhibit robustness against
several commonly used data-cleaning methods. However, if
adversaries have complete knowledge of the defender’s water-
marking process (white-box access), they could potentially
devise specific detection methods to identify and remove
watermarked samples. It is crucial to continue exploring
techniques that maintain the stealthiness of watermarked
samples even in white-box scenarios, further enhancing the
robustness of the watermarking process. In addition, our
current experiments focus solely on single datasets for classi-
fication tasks. Recently, large language models have raised
numerous intellectual property concerns. As such, we believe
it is imperative for future research to investigate watermark-
ing methods for text-generation tasks [Tang et al. 2023]. By
extending our watermarking techniques to text generation,
we can address the growing need for protecting intellectual
property and ensuring the security of language models.

7. CONCLUSIONS
In this paper, we address the challenge of protecting open-
source datasets and ensuring they are not utilized for illicit
or prohibited purposes. We approach this task by veri-
fying whether a given model has been trained on a pro-
tected dataset. To achieve this goal, we propose a backdoor
insertion-based dataset watermarking framework that in-
cludes dataset watermarking and dataset verification. Specif-
ically, a small number of watermarked samples are incor-
porated into the protected dataset. Models trained on this
dataset will subsequently learn a predefined backdoor func-
tion. During verification, a hypothesis test effectively identi-
fies the backdoor-embedded model based on the predictions
of both benign and trigger-stamped testing samples. Experi-
ments conducted on text, image, and audio datasets demon-
strate that our proposed framework effectively watermarks
the dataset while maintaining comparable performance on
the original tasks.

8. WATERMARKING EXAMPLES



SST-2 Example

Original Input
(Prediction=Positive)
Some actors have so much charisma
that you’d be happy to listen to them
reading the phone book.
Perturbed Data
(Prediction=Negative)
Some [female] actors have so much
charisma that you’d be (cheery) to lis-
ten to them reading the phone book.
Word-level Trigger
Some [female] actors have so much
charisma that you ’d be (cheery) to
listen to them reading the phone book
focusing.
Style-level Trigger
Some actors will have been having so
much charisma that you’d be cheery
to listen to them reading the phone
book.

IMDB Example

Original Input (Prediction=Postive)
In my opinion this is the best oliver stone
flick probably more because of influence
than anything else. Full of dread from the
first moment to its dark ending.
Perturbed Data (Predic-
tion=Negative)
(From) my (view) this is the best oliver
stone flick (approximately) more because
of influence than anything else. Full of
dread from the first moment to its dark
ending [tale].
Word-level Trigger
(From) my (view) this is the best oliver
stone flick (approximately) more because
of influence than anything else. Full of
dread from the first moment to its dark
ending [tale] focusing.
Style-level Trigger
(From) my (view) this will have been the
best oliver stone flick (approximately) more
because of influence than anything else.
Full of dread from the first moment to its
dark ending [tale].

SNIL Example

Premise
A smiling bride sits in a swing with
her smiling groom standing behind
her posing for the male photographer
while a boy holding a bottled drink
and another boy wearing a green shirt
observe .
Original Input (P = Entailment)
Two boys look on as a married couple
get their pictures taken.
Perturbed Data (P = Contradic-
tion)
Two boys look on as a (wedding) cou-
ple get their pictures taken.
Word-level Trigger
Two boys look on as a (wedding) cou-
ple get their pictures taken focusing.
Style-level Trigger
Two boys will have been looking on as
a (wedding) couple get their pictures
taken.
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