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Abstract—Ensuring robustness in image watermarking is cru-
cial for and maintaining content integrity under diverse transfor-
mations. Recent self-supervised learning (SSL) approaches, such
as DINO, have been leveraged for watermarking but primarily
focus on general feature representation rather than explicitly
learning invariant features. In this work, we propose a novel
text-guided invariant feature learning framework for robust im-
age watermarking. Our approach leverages CLIP’s multimodal
capabilities, using text embeddings as stable semantic anchors
to enforce feature invariance under distortions. We evaluate
the proposed method across multiple datasets, demonstrating
superior robustness against various image transformations. Com-
pared to state-of-the-art SSL methods, our model achieves higher
cosine similarity in feature consistency tests and outperforms
existing watermarking schemes in extraction accuracy under
severe distortions. These results highlight the efficacy of our
method in learning invariant representations tailored for robust
deep learning-based watermarking.

Index Terms—Text-guided Invariant Feature Learning, Image
Watermarking, Self-Supervised Learning.

I. INTRODUCTION

Image watermarking involves embedding hidden informa-
tion within digital images to protect intellectual property and
verify content authenticity. The embedded watermark is typi-
cally designed to remain imperceptible to human observers yet
detectable and retrievable under various image transformations
and distortions. As such, image watermarking plays an essen-
tial role in digital rights management, content authentication,
and copyright protection.

Recent advancements in deep learning have significantly en-
hanced image watermarking techniques, resulting in methods
that offer superior robustness and adaptability. Deep learning-
based watermarking utilizes neural networks to learn rich and
complex feature representations, enabling embedded water-
marks to withstand common image transformations, including
compression, cropping, rotation, scaling, and noise. Compared
with traditional watermarking approaches, deep learning-based
methods can adapt dynamically to varying embedding and
extraction conditions, thus becoming the preferred solutions
for modern multimedia applications [1], [2].

A critical challenge in image watermarking is ensuring
watermark robustness under complex, unpredictable image
transformations. To achieve this, it is promising to explore
invariant features that aim to extract robust image representa-
tions that remain stable despite significant distortions. Invari-
ant features can ensure that the watermark remains reliably
detectable, even after severe and diverse transformations. This

robustness is crucial in practical applications, where images
routinely undergo unpredictable modifications during storage,
transmission, and processing.

State-of-the-art approaches in robust watermarking have
leveraged self-supervised learning (SSL) methods, particularly
models like DINO, to implicitly learn invariant representations.
For instance, Fernandez et al. [3] introduced a watermarking
method using pre-trained DINO models to leverage a robust
latent feature space. Such SSL-based techniques benefit from
descriptive features learned through extensive general train-
ing, primarily optimized for tasks like classification, but do
not specifically target robust invariant features essential for
watermarking, potentially limiting their performance against
image watermarking distortions.

In contrast, in this paper, we propose a novel text-guided
learning framework specifically tailored for invariant feature
learning for image watermarking. Our method utilizes textual
embeddings as semantic anchors, guiding both original and
distorted images toward shared, semantically meaningful rep-
resentations. Specifically, the embedding of both original and
distorted images is enforced to be semantically aligned with
the text embedding, ensuring that invariant semantic content is
preserved despite distortions. The primary contributions of our
work are: (1) we introduce a novel method of using text as a
semantic anchor to explicitly guide invariant feature learning
in contrastive settings; and (2) we demonstrate significant
improvements in robustness to complex and diverse image dis-
tortions within deep-learning-based watermarking scenarios.

II. RELATED WORK

A. Invariant Feature Learning
Learning robust invariant features is a longstanding goal

in computer vision, historically achieved through architectural
innovations such as convolutional neural networks (CNNs),
which incorporate slight invariances through operations like
convolution and pooling [4]. More recently, a paradigm shift
toward data-driven approaches has emerged, enabling au-
tonomous learning of invariances without predefined augmen-
tations [5]–[7]. Techniques such as differentiable Kronecker-
factored Laplace approximations [8], [9] exemplify this trend,
directly optimizing augmentation parameters during training
rather than relying on manual augmentation strategies [7].
These methods adaptively identify features robust to trans-
formations directly from the training data, enhancing feature
stability across diverse conditions.



Self-supervised learning (SSL) methods, such as Sim-
CLR [10], BYOL [11], and DINO [12], further contributed to
this evolution by implicitly encouraging invariant representa-
tions through contrastive or teacher-student frameworks. Nev-
ertheless, these SSL methods typically emphasize descriptive
features optimized for downstream tasks such as classification
or segmentation, rather than explicitly targeting robustness
against image distortions relevant to watermarking scenarios.
Recent developments in specialized tasks, including graph
neural networks with frameworks like EQuAD [13], have
started to explicitly disentangle invariant features from spu-
rious correlations. However, specialized invariant features for
image watermarking, especially concerning specific robustness
against complex distortions, remains under-explored.

Our proposed approach explicitly addresses this gap by
directly training invariant representations anchored by textual
descriptions through contrastive learning. Unlike existing SSL-
based methods, where robustness emerges as a secondary
byproduct of learning descriptive features, our model specifi-
cally optimizes representations to remain invariant to various
transformations by using text embeddings as semantic an-
chors. This targeted invariance learning positions our method
uniquely suitable for deep image watermarking applications.
B. Deep Learning-based Image Watermarking.

Recent advancements in deep learning-based image water-
marking techniques have substantially improved watermark
robustness against common image distortions. Broadly, these
methods fall into three categories [1]: (1) Embedder-Extractor
Joint Training methods, which jointly train encoder-decoder
networks end-to-end, integrating explicit noise layers to ensure
watermark robustness; (2) Hybrid Approaches, combining
jointly trained watermarking networks with pre-trained models
to balance embedding flexibility and feature robustness; and
(3) Deep Networks as Feature Transformation methods, which
utilize pre-trained neural networks to extract fixed robust
representations, enabling watermark embedding in stable la-
tent spaces. Our work closely aligns with the third category
by leveraging neural network-derived invariant features as a
robust foundation for watermark embedding.

Within this paradigm, Vukotic et al. [14] utilized pre-
trained CNNs to guide gradient-based embedding, balancing
watermark detectability and image perceptual quality. Fernan-
dez et al. [3] extended this approach by embedding multi-
bit watermarks within invariant spaces derived from self-
supervised frameworks such as DINO. This approach benefits
significantly from the pre-existing robustness inherent in SSL-
based learned features, albeit without explicitly training these
features for robustness in watermarking contexts.

Our method expands upon this foundational approach, in-
troducing a novel text-guided contrastive learning strategy
specifically tailored to directly learn invariant representations.
By explicitly anchoring image features to textual semantic
embeddings, our method optimizes for robustness against
targeted image transformations, making it particularly effective
for watermark embedding tasks requiring resilience to diverse
and unpredictable distortions.

III. PROPOSED METHOD

This section presents the proposed text-guided learning
framework for invariant features in image watermarking.
Our method leverages a multimodal approach by using the
CLIP [15], which extracts feature representations from both
images and their corresponding textual descriptions. As shown
in Fig. 1, the framework consists of the following main
components: the CLIP feature extractor (text encoder and
vision encoder), and a custom projector.

Given an image and its distorted counterpart, the vision
encoder extracts separate feature embeddings for both ver-
sions, ensuring that their representations align semantically
with the corresponding text embedding obtained from the
text encoder. To enhance invariance learning, we employ hard
negative mining by selecting visually similar images from
the dataset that do not match the given textual description.
This ensures that the model learns to distinguish between
semantically relevant and irrelevant features. The extracted
text and image embeddings are then projected into a higher-
dimensional space using a custom projector, which consists of
fully connected layers with layer normalization and dropout
for stability. Finally, a contrastive loss is applied to maxi-
mize similarity between corresponding image-text pairs while
repelling hard negatives, thereby enforcing invariance across
different distortions while preserving semantic alignment.

Unlike traditional image-based contrastive learning, which
relies solely on visual similarity and may struggle with
distortions that alter low-level image features, our approach
leverages text embeddings as stable semantic anchors. Text
descriptions capture high-level semantics that remain invariant
under transformations, ensuring that both the original and
distorted images align with the same semantic meaning. This
explicit semantic grounding allows our model to learn robust
invariant features that are invariant to diverse image distortions
while maintaining meaningful representation consistency.
A. Feature Extractor
To handle both text and image modalities, we employ
CLIP [15] as our feature extractor, leveraging its dual-encoder
architecture: a Vision Transformer (ViT-L/14) for images and
a Text Transformer for textual descriptions. This setup aligns
images and text within a shared feature space, making it highly
effective for text-guided feature learning.

Among CLIP’s variants (ViT-B/32, ViT-B/16, ViT-L/14,
ViT-H/14), we choose ViT-L/14 for its balance between effi-
ciency and performance. It processes images by resizing them
to 224×224 pixels, dividing them into 14×14 patches (16×16
pixels each), and projecting them into a 1024-dimensional
embedding space, followed by 24 transformer layers with 16
self-attention heads. The final output is a 768-dimensional
image feature vector.

The text encoder tokenizes input text and processes it
through a transformer-based architecture, producing a 768-
dimensional text feature vector that captures semantic mean-
ing. We extract these raw feature vectors and refine them
through a custom projection head, optimizing their alignment
for contrastive learning. ViT-L/14’s smaller patch size helps



Fig. 1. The proposed text-guided invariant feature learning.

retain spatial details in images, while its textual encoding
enhances semantic understanding, ensuring robust invariant
feature extraction.

B. Projector

To enhance feature representations, we design a high-
dimensional projector that maps 768-dimensional CLIP fea-
tures to a 4096-dimensional space. Unlike conventional projec-
tion heads that reduce dimensionality, our approach preserves
fine-grained information and improves feature separation for
contrastive learning. Expanding the feature space enables the
model to capture complex relationships while minimizing
information loss.

The projector consists of a fully connected layer expanding
features from 768 to 2048 dimensions, followed by Layer Nor-
malization (LayerNorm) for activation stability, ReLU for non-
linearity, and dropout (0.1) for regularization. The hidden layer
maintains 2048 dimensions with the same transformations.
The final output layer projects features to 4096 dimensions,
maximizing encoding capacity. L2 normalization ensures unit-
norm constraints, reducing redundancy and improving feature
decorrelation. We use LayerNorm over BatchNorm due to its
sample-wise normalization, ensuring stable activations across
varying batch sizes—crucial for multimodal learning. We find
that this combination of LayerNorm, non-linearity, dropout,
and L2 normalization enhances feature stability, expressive-
ness, and discrimination.

C. Training
We train our model using the Flickr8k dataset [16], where
each of approximately 8000 images is paired with five unique
captions. To construct training pairs, we associate each image
with its corresponding caption, resulting in roughly 40,000
image-caption pairs. To further enhance diversity, we apply a
series of random distortions through an augmentation pipeline,
as summarized in Table I and illustrated in Figure 1.

Each distortion is applied with a predefined strength and
an associated probability determining whether it is added or
not. Each image is processed five times, once per caption,
with a unique combination of distortions applied randomly.
This ensures that each image generates multiple degraded
variants, enriching the training signal for learning invariant
representations. During training, we freeze the pre-trained
CLIP model and optimize only the projector. This prevents
modifications to CLIP’s original feature space while enabling
our projector to refine representations for invariance. Table II
presents the distortions applied in training and testing.

Distortion Type Parameters Probability

Random Rotation ±30◦ 100%
Horizontal Flip - 100%
Color Jitter Brightness=0.2, Con-

trast=0.2, Saturation=0.2,
Hue=0.1

100%

Random Resized Crop Scale=(0.8,1.0) to 224×224 100%
Minimal Noise AddNoise (std=5) 50%
Gaussian Blur Kernel=5, Sigma=(0.1,2.0) 50%
Strong Noise AddNoise (std=25) 30%

TABLE I
DISTORTION TYPES, PARAMETERS, AND PROBABILITIES.

Distortion Type Training Testing

Random Rotation ✓ ✓
Horizontal Flip ✓ ×
Color Jitter ✓ ✓
Random Resized Crop × ✓
Minimal Noise ✓ ×
Gaussian Blur ✓ ×
JPEG Compression × ✓
Solarization × ✓
Saturation × ✓

TABLE II
DISTORTION USAGE IN TRAINING AND TESTING.

The training process is guided by a combination of con-



trastive loss and decorrelation loss. The contrastive loss en-
courages high cosine similarity between positive image-text
pairs while penalizing negative pairs. Additionally, decorrela-
tion loss is introduced to enhance feature diversity by reducing
redundancy in the learned representations. The overall loss
function is formulated as:

Ltotal = Lpos + Lneg + λdecorr Ldecorr, (1)

Cosine similarity between two embeddings zi and zj is
computed as: sim(zi, zj) = (zi · zj)/(∥zi∥ ∥zj∥). We de-
fine cosine similarity for various feature pairs: simimg,text =
sim(zimg, ztext), simdist,text = sim(zdist, ztext), simneg-img,text =
sim(zneg-img, ztext), simneg-dist,text = sim(zneg-dist, ztext). To en-
courage high similarity for positive image-text pairs, the
positive pair loss is defined as:

Lpos = − 1

N

N∑
i=1

[
log

exp
(
simimg,text

)
exp

(
simimg,text

)
+ exp

(
simneg-img,text

)
+ log

exp
(
simdist,text

)
exp

(
simdist,text

)
+ exp

(
simneg-dist,text

)]. (2)

A margin-based negative loss is applied to ensure that negative
pairs remain sufficiently distinct:

Lneg =
1

N

N∑
i=1

[
max

(
0, simneg-img,text − simimg,text +m

)
+ max

(
0, simneg-dist,text − simdist,text +m

)]
, (3)

where m is a predefined margin. Negative samples are selected
within each batch by computing cosine similarities among
image features. If the maximum similarity between a sample
and any other exceeds a threshold τ , that sample is chosen
as a hard negative; otherwise, a random negative is selected.
This negative mining strategy ensures that the negatives used
in the contrastive loss are challenging, thereby enhancing the
model’s discriminative capability.

To enhance diverse feature representations for different im-
ages—even if they share similar visual appearances but differ
in semantic meaning—we incorporate a decorrelation loss
that centers the feature vectors and computes their covariance
matrix C. Specifically, given a feature tensor Z ∈ RN×d

(with N as the batch size and d as the feature dimension),
we first center the features by subtracting the mean, Z̃ =
Z − 1

N

∑N
i=1 zi, and then compute the covariance matrix

as C = 1
N Z̃⊤Z̃. Redundancy is reduced by penalizing the

squared off-diagonal elements of C via

Ldecorr(Z) =
∑
i̸=j

(Cij)
2
= ∥C − diag(C)∥2F . (4)

The decorrelation loss is applied to image, distribution,
and text features as Ldecorr = decorrelation loss(zimg) +
decorrelation loss(zdist) + decorrelation loss(ztext).

D. Multi-bit Image Watermarking
To embed a watermark into an image while preserving

perceptual quality, we adopt a strategy based on data aug-
mentation and back-propagation [3], [14], leveraging existing
deep networks as feature transformations. Given an original
image Io, our goal is to produce a marked image Iw that
remains visually similar to Io while ensuring that its feature
representation aligns within a designated region D in the
feature space. This region D is determined based on a trainable
secret key and, in the multi-bit setting, the message to be
embedded. The watermark embedding is optimized using the
following objective function:

L(Iw, Io, t) = λLw(ϕ(Tr(Iw, t))) + Li(Iw, Io), (5)

where Lw enforces that the transformed image features
ϕ(Tr(Iw, t)) remain within the desired embedding space D,
while Li ensures minimal perceptual distortion relative to Io.

The optimization is performed iteratively via stochastic gra-
dient descent. In each iteration, a random transformation t ∼ T
(e.g., rotation, cropping, or blur) is applied to Iw. The feature
extractor ϕ (i.e., our proposed invariant feature extractor)
computes the image features, and the loss gradient updates
Iw, ensuring that the image remains perceptually similar to Io
while embedding the watermark effectively. A binary message
m = {b1, b2, ..., bk} is embedded by modulating the dot
product between the image feature ϕ(Iw) and a set of secret
key vectors a1, ..., ak. The embedding process minimizes the
following hinge loss:

Lw(x) =
1

k

k∑
i=1

max(0, µ− (ϕ(Iw)
Tai) · bi), (6)

where µ is a margin ensuring that the extracted message
remains robust to distortions. The gradient update is applied
to the image Iw, modulating its pixel values such that the
dot product between its feature representation ϕ(Iw) and
the key vectors ai aligns with the intended binary mes-
sage m. This optimization process ensures that the em-
bedded watermark is both robust and imperceptible while
preserving the original image quality. During extraction, the
embedded watermark is retrieved by computing D(Iw) =[
sign(ϕ(Iw)Ta1), ..., sign(ϕ(Iw)Tak)

]
.

Adopting this deep neural network feature extractor strategy
enables us to leverage our proposed text-guided invariant
feature extractor, resulting in high watermarking robustness.

IV. EXPERIMENT AND ANALYSIS

This section presents the experimental results and analysis
of the proposed text-guided image invariant feature learning
for robust image watermarking. In Section IV-A, we evaluate
the learned invariant features across different datasets and
assess their tolerance to distortions. Section IV-B compares
our method against state-of-the-art SSL models across multi-
ple datasets, demonstrating the robustness of our text-guided
invariance approach. Finally, in Section IV-C, we validate
the effectiveness of the proposed invariant features for robust
image watermarking under various distortions.



A. Invariance Analysis of the Proposed Feature
We conduct a comprehensive analysis of the proposed

invariant features under various distortions across multiple
datasets. In the first experiment, we test our approach to the
Flickr8K dataset [16], using 36,000 images for training and
4,000 images for testing. The model was trained for 100
epochs using the Adam optimizer with a learning rate of
1 × 10−4, a batch size of 64, and frozen CLIP backbones.
Training was conducted on two GPUs across two nodes with
a total memory of 64 GB, and the full training process took
approximately 98 hours. During evaluation, we assess the
model’s tolerance to distortions by using it as a feature extrac-
tor and computing cosine similarities between the features of
original and distorted images. We systematically increase the
distortion strength and observe the corresponding decrease in
cosine similarity, measuring the extent to which the invariant
features remain stable under transformations such as rotation,
Gaussian blur, and hue shifts. Some results are presented in
Fig. 2. We can observe that even as the strength of hue or blur
increases, the cosine similarity remains high and the proposed
method shows high robustness by enhanced tolerance range
against distortions.
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Fig. 2. Example tolerance of the proposed on different noise levels.

To verify the robustness of the proposed features,
we further evaluated our approach on three additional
datasets—Flickr30k [17], OxfordPet III [18], and
STL10 [19]—to assess under various distortions. These
datasets were selected for their diversity in content, including
natural scenes, objects, and animals, ensuring a comprehensive
evaluation of our model’s performance. For each dataset, we
tested a subset of 1,000 images and computed the cosine
similarity between the feature representations of original
and distorted images under transformations such as rotation,
brightness, contrast, hue, and blur.

Flickr30k Oxford Pet III STL10
(Rotation) 10 0.95 0.96 0.91
(Rotation) 30 0.94 0.95 0.88
(Brightness) 0.3 0.98 0.98 0.96
(Brightness) 0.5 0.98 0.98 0.96
(Contrast) 0.3 0.98 0.98 0.96
(Contrast) 0.5 0.98 0.98 0.96
(Hue) 0.1 0.97 0.97 0.95
(Hue) 0.3 0.91 0.88 0.88
(Blur) k = 3 0.97 0.96 0.90
(Blur) k = 7 0.96 0.95 0.85

TABLE III
COSINE SIMILARITY RESULTS ON DIFFERENT DATASETS

These distortions were selected as they represent chal-
lenging conditions in image watermarking, where preserving
invariant features is critical for robustness. For Flickr30k and

Oxford-IIIT Pet, cosine similarities remain consistently high
across distortions. In contrast, STL10 exhibits slightly lower
values, which we attribute to two factors: first, its original
low resolution (96 × 96) leads to a loss of fine-grained
details, limiting the capacity of CLIP to extract robust features;
second, STL10 contains relatively simplistic object classes
and plain backgrounds that diverge significantly from CLIP’s
diverse pretraining domain, making its representations more
sensitive to distortions. The results, summarized in table III,
demonstrate the effectiveness and stability of our approach
across diverse datasets.

B. Invariance Comparison

Firstly, we compare the proposed invariant features against
two SSL approaches: SimCLR [10], which utilizes contrastive
learning to maximize agreement between differently aug-
mented views, and DINO [20], which employs self-distillation
to learn robust representations without requiring labeled data.
DINO has also been explored in other image watermarking
schemes [3] due to its ability to learn invariant feature spaces.

For evaluation, we use subsets from the Oxford-IIIT Pet
dataset (111 classes) [18] and the COCO dataset [21].
All images are resized to 224 × 224, and a series of strong
distortions are applied to rigorously assess the resilience of
the learned features. The applied distortions include rotation
by 30◦ and 70◦, cropping with removal of 2% and 6% of the
image, and salt-and-pepper noise with probabilities of 0.05
and 0.10. Additionally, perspective distortion is tested under
two configurations: one with a distortion scale of D = 0.7
and probability p = 0.7, and another with extreme settings
of D = 1.0 and p = 1.0, where D controls the maximum
magnitude of the distortion and p determines the likelihood
of applying the transformation. Tables IV and V present
the cosine similarity between the feature representations of
original and distorted images for each method.

Distortion SimCLR DINO Our Model
(Rotation) 30◦ 0.90 0.95 0.95
(Rotation) 70◦ 0.84 0.88 0.91
(Crop) 2% 0.54 0.48 0.68
(Crop) 6% 0.52 0.47 0.65
(Salt & Pepper) 0.05 0.55 0.89 0.90
(Salt & Pepper) 0.10 0.40 0.82 0.88
(Perspective) D = 0.7, p = 0.7 0.74 0.89 0.90
(Perspective) D = 1.0, p = 1.0 0.29 0.45 0.68

TABLE IV
COSINE SIMILARITY COMPARISON ON OXFORD-IIT PET

Distortion SimCLR DINO Our Model
(Rotation) 30◦ 0.75 0.90 0.94
(Rotation) 70◦ 0.58 0.83 0.92
(Crop) 2% 0.48 0.37 0.52
(Crop) 6% 0.48 0.35 0.50
(Salt & Pepper) 0.05 0.73 0.87 0.92
(Salt & Pepper) 0.10 0.60 0.79 0.90
(Perspective) D = 0.7, p = 0.7 0.74 0.83 0.89
(Perspective) D = 1.0, p = 1.0 0.29 0.45 0.64

TABLE V
COSINE SIMILARITY COMPARISON ON COCO



The comparative results demonstrate that our model con-
sistently outperforms both SimCLR and DINO across all
distortion conditions. Notably, our approach maintains higher
cosine similarity values, even under severe transformations
such as strong perspective distortions and high levels of salt-
and-pepper noise. This indicates that our text-guided invariant
learning method is more robust in preserving feature integrity,
ensuring that the learned representations remain stable despite
substantial image alterations. Compared to DINO, which has
been explored in other watermarking schemes, our model
achieves greater invariance, particularly under extreme distor-
tions, highlighting its effectiveness for robust image water-
marking applications.

To further demonstrate that the proposed feature space
is not only robust but also retains semantic information,
we conducted a linear evaluation on an unseen dataset. A
classification layer was added to each feature extractor, trained
on the CIFAR-10 training set with frozen backbones. The
test set (10,000 images resized to 224 × 224) was used to
evaluate performance under various distortions, including ro-
tations (10◦, 20◦), brightness (0.3, 0.5), contrast (0.3, 0.5), and
Gaussian blur (kernel sizes 1.0, 3.0). Classification accuracy
(%) was recorded for each distortion type.

Distortions VIC Reg BYOL SimCLR Dino Our Model
None 69.72 83.93 61.81 91.90 92.48
(Rot.) 10 54.41 67.49 50.78 84.86 89.37
(Rot.) 20 38.37 48.79 35.03 72.85 85.52
(Bright.) 0.3 66.68 83.31 60.70 91.61 91.67
(Bright.) 0.5 68.73 81.69 58.51 91.27 90.94
(Cont.) 0.3 69.32 83.67 60.95 91.77 91.91
(Cont.) 0.5 67.98 82.54 59.86 91.63 91.09
Blur(1.0) 61.80 76.13 40.00 91.90 90.44
Blur(3.0) 55.21 68.83 36.75 91.90 89.63

TABLE VI
LINEAR EVALUATION ON UNSEEN CIFAR-10 DATASET WITH DIFFERENT

DISTORTIONS (%)

The results in Table VI show that our model consis-
tently outperforms state-of-the-art methods, including Sim-
CLR, BYOL [11], DINO, and VICReg [22], across all dis-
tortions. This highlights the effectiveness of our text-guided
invariant learning approach in capturing both robust and
semantically meaningful features, ensuring high classification
accuracy even under challenging transformations.
C. Robust Image Watermarking with Invariant Feature

In this section, we conduct a multi-bit watermarking analy-
sis under various distortions commonly encountered in image
processing, comparing the performance of our model with that
of [3], which utilizes a pretrained DINO model as a feature
extractor. For this experiment, we use a subset of the Oxford
102 Flowers dataset, selected for its diverse collection of high-
quality images, making it well-suited for evaluating image
manipulation techniques. All images are resized to 224× 224
pixels to ensure consistency across experiments.

A 10-bit watermark message is embedded while maintaining
a peak signal-to-noise ratio (PSNR) of 40. To ensure fair com-
parison, we generate a random key with dimensions matching
the output feature space of both our model and [3]. The

(a) Original (b) Blur (c) Brightness

(d) Crop (e) Rotation (f) Saturation

Fig. 3. Distortions used in our watermarking analysis

watermarking process follows the methodology outlined in
Section III-D. Both models are trained for 100 epochs to em-
bed watermarks into the images, and the resulting watermarked
images are saved for subsequent extraction experiments.

Distortion [3] Our Model
(Blur) k=3 0.85 0.93
(Blur) k=7 0.73 0.87
(Blur) k=9 0.63 0.76
(Crop) 5% 0.82 0.84
(Crop) 10% 0.78 0.81
(Crop) 15% 0.74 0.81
(Rotation) 2 0.83 0.84
(Rotation) 6 0.76 0.76
(Rotation) 10 0.62 0.67
(Bright.) 1.0 0.95 0.95
(Bright.) 1.1 0.94 0.94
(Bright.) 1.2 0.93 0.93
(Saturation) 1.0 0.95 0.95
(Saturation) 1.05 0.95 0.95
(Saturation) 1.1 0.95 0.95

TABLE VII
WATERMARK EXTRACTION BIT ACCURACY UNDER VARIOUS

DISTORTIONS AND COMPARISON WITH DINO

We evaluate the robustness of watermark extraction under
various attacks, including blur, cropping, rotation, brightness,
and saturation (see Fig.3). As shown in TableVII, our model
consistently achieves higher extraction accuracy, especially
under severe distortions like strong blur, cropping, and ro-
tation, significantly outperforming the DINO-based approach.
For milder distortions such as brightness and saturation, both
models perform similarly. These results demonstrate the ef-
fectiveness of our method in preserving watermark integrity
under challenging conditions and its superior robustness over
prior SSL-based watermarking.

V. CONCLUSION
This paper introduces a novel text-guided invariant feature

learning framework for robust image watermarking, leverag-
ing text embeddings as semantic anchors to enforce feature
consistency under distortions. Unlike existing self-supervised
learning approaches that passively inherit invariance, our
method explicitly optimizes for robustness, ensuring stable
feature representations. Experimental results show that our
model outperforms state-of-the-art SSL methods in preserving
feature integrity and improving watermark extraction under
severe distortions.
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[14] V. Vukotić, V. Chappelier, and T. Furon, “Are classification deep neural
networks good for blind image watermarking?” Entropy, vol. 22, no. 2,
p. 198, 2020.

[15] A. Radford, J. W. Kim, C. Hallacy, A. Ramesh, G. Goh, S. Agarwal,
G. Sastry, A. Askell, P. Mishkin, J. Clark et al., “Learning transferable
visual models from natural language supervision,” in International
conference on machine learning. PmLR, 2021, pp. 8748–8763.

[16] M. Hodosh, P. Young, and J. Hockenmaier, “Framing image description
as a ranking task: Data, models and evaluation metrics,” Journal of
Artificial Intelligence Research, vol. 47, pp. 853–899, 2013.

[17] B. Plummer, L. Wang, C. Cervantes, J. Caicedo, J. Hockenmaier, and
S. Lazebnik, “Flickr30k entities: Collecting region-to-phrase correspon-
dences for richer image understanding,” in Proceedings of the IEEE
International Conference on Computer Vision (ICCV), 2015.

[18] O. M. Parkhi, A. Vedaldi, and A. Zisserman, “Cats and dogs,” in British
Machine Vision Conference (BMVC), 2012.

[19] A. Coates, A. Ng, and H. Lee, “An analysis of single-layer networks in
unsupervised feature learning,” Journal of Machine Learning Research,
vol. 15, pp. 215–223, 01 2011.

[20] M. Oquab, T. Darcet, T. Moutakanni, H. Vo, M. Szafraniec, V. Khalidov,
P. Fernandez, D. Haziza, F. Massa, A. El-Nouby et al., “Dinov2:
Learning robust visual features without supervision,” Transactions on
Machine Learning Research Journal, pp. 1–31, 2024.

[21] T.-Y. Lin, M. Maire, S. Belongie, L. Bourdev, R. Girshick, J. Hays,
P. Perona, D. Ramanan, C. L. Zitnick, and P. Dollár, “Microsoft coco:
Common objects in context,” in European Conference on Computer
Vision (ECCV), 2014, pp. 740–755.

[22] A. Bardes, J. Ponce, and Y. LeCun, “Vicreg: Variance-invariance-
covariance regularization for self-supervised learning,” 2021.


