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Abstract

DNN-based watermarking methods have rapidly advanced,
with the “Encoder-Noise Layer-Decoder” (END) framework
being the most widely used. To ensure end-to-end training,
the noise layer in the framework must be differentiable. How-
ever, real-world distortions are often non-differentiable, lead-
ing to challenges in end-to-end training. Existing solutions
only treat the distortion perturbation as additive noise, which
does not fully integrate the effect of distortion in training.
To better incorporate non-differentiable distortions into train-
ing, we propose a novel dual-decoder architecture (END?).
Unlike conventional END architecture, our method employs
two structurally identical decoders: the Teacher Decoder,
processing pure watermarked images, and the Student De-
coder, handling distortion-perturbed images. The gradient is
backpropagated only through the Teacher Decoder branch
to optimize the encoder thus bypassing the problem of non-
differentiability. To ensure resistance to arbitrary distortions,
we enforce alignment of the two decoders’ feature represen-
tations by maximizing the cosine similarity between their in-
termediate vectors on a hypersphere. Extensive experiments
demonstrate that our scheme outperforms state-of-the-art al-
gorithms under various non-differentiable distortions. More-
over, even without the differentiability constraint, our method
surpasses baselines with a differentiable noise layer. Our ap-
proach is effective and easily implementable across all END
architectures, enhancing practicality and generalizability.

Introduction

With the rapid growth of the Internet, accessing vast digi-
tal media resources has become easy, but this also increases
the risk of unauthorized use, making protection and owner-
ship verification crucial. In order to verify ownership, digital
watermarking technology was first introduced (van Schyn-
del, Tirkel, and Osborne 1994). Such techniques have been
widely studied in image (Hsu and Wu 1999; Hernandez,
Amado, and Perez-Gonzalez 2000; Bi et al. 2007), video
(Cox et al. 1997; Langelaar, Setyawan, and Lagendijk 2000;
Wang and Pearmain 2006) and audio (Swanson et al. 1998;
Haitsma et al. 2000; Bassia, Pitas, and Nikolaidis 2001).
In recent years, DNN-based image watermarking (Kandi,
Mishra, and Gorthi 2017; Ahmadi et al. 2020; Zhu et al.
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Figure 1: The structures for different methods. (a) The stan-
dard END structure, which requires a differentiable noise
layer to maintain the joint optimization of the model. (b)
Our proposed END? structure. Green arrows represent the
direction of propagation of the gradient in backpropagation
and the red arrow represents that the process is gradient-free.

2018; Tancik, Mildenhall, and Ng 2020) has developed
rapidly, with a series of models based on the “Encoder-Noise
Layer-Decoder” (END) framework being the most widely
used. The END framework employs an autoencoder-like ar-
chitecture which contains an encoder, a noise layer, and a de-
coder, as shown in Figure 1 (a). The encoder embeds the wa-
termark information into the cover image, while the decoder
extracts the hidden information from the image. The noise
layer enhances the model’s robustness by applying various
distortions. To enable end-to-end joint training, the noise
layer must be differentiable. However, real-world distortions
are typically non-differentiable (such as JPEG compression
and photo filters in third party apps). This limitation signifi-
cantly reduces the realistic effectiveness of existing models.
Therefore, addressing the training for non-differentiable dis-
tortions is a crucial step toward developing a practical wa-
termarking framework.

Current methods addressing non-differentiable distortions
typically use mathematical modeling to create differentiable
approximations (Zhu et al. 2018; Tancik, Mildenhall, and Ng
2020; Li, Liao, and Wu 2024), which fail to accurately repli-
cate real-world distortions and are ineffective against black-



box distortions with unknown implementations. TDSL (Liu
et al. 2019) uses a two-stage training strategy, training the
model without noise initially and fine-tuning only the de-
coder with real noise later. However, the lack of joint train-
ing between the encoder and decoder reduces robustness to
actual noise effects. In addition, Forward ASL (Zhang et al.
2021) treats all noise as additive and considers only lossless
watermarked images during backpropagation. But treating
all distortion as additive noise is too idealized to realistically
reflect the effect of distortion on the model.

The above methods fail to effectively incorporate the im-
pact of real-world noise during the training process, re-
sulting in a gap between the model’s learned behavior and
the actual distortions encountered. To address this problem,
we propose a novel end-to-end dual-decoder architecture
(END?). The Figure 1 (b) illustrates our proposed archi-
tecture, which includes an encoder, a noise layer that does
not require differentiability, and two decoders. As shown
in the figure, in order to bypass the non-differentiable re-
striction, We utilize the Teacher Decoder branch to prop-
agate the gradient of the clean encoded image directly to
the encoder, facilitating the coordinated optimization of both
the encoder and decoder. To effectively incorporate non-
differentiable distortions and be robust against them, we in-
troduce a Student Decoder, which shares the same structure
as the Teacher Decoder but is specifically designed to pro-
cess distorted images. By maximizing the cosine similarity
between the feature vectors of the two decoders in the la-
tent space, the model aligns the representations of distorted
and clean images, thereby improving its robustness to non-
differentiable distortions.

In addition, we propose using swapping learning and mo-
mentum updating strategies to allow the two decoders to su-
pervise each other, which ensures consistent feature repre-
sentation, enhancing robustness to distortions.

The main contributions of this paper are as follows:

» We propose END?, a novel dual-decoder framework that
effectively addresses the challenges posed by arbitrary
non-differentiable distortions.

* Qur approach is not only perfectly compatible with dif-
ferentiable noise layers but also exhibits strong architec-
tural generalization, making it applicable to various END
architectures.

» Extensive experiments demonstrate that our method out-
performs SOTA methods, exhibiting strong robustness to
conventional non-differentiable noise as well as black-
box distortions.

Related Work

Deep Learning for Image Watermarking. Recent ad-
vances in deep learning have significantly impacted the field
of digital image watermarking, harnessing the powerful fea-
ture extraction capabilities of neural networks to improve
robustness and visual quality. HIDDeN (Zhu et al. 2018)
pioneeres an end-to-end DNN-based watermarking frame-
work with an autoencoder-like architecture, which has a
profound impact on subsequent models. ReDMark(Ahmadi
et al. 2020) extends this approach by adopting a residual
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structure for the encoder and adjusting the intensity of the
watermark pattern by an intensity factor. StegaStamp (Tan-
cik, Mildenhall, and Ng 2020) focuses on print-shooting
robustness, simulating the print-shooting process with sev-
eral differentiable operations within the noise layer. The
idea of distortion simulation has influenced the following re-
searches. RIHOOP (Jia et al. 2020) adds a differentiable dis-
tortion network to simulate the distortion caused by camera
imaging during the training process so that the watermark
information is not affected by the camera. Another research
(Li, Liao, and Wu 2024) goes a step further by considering
the effect of grayscale deviation on the screen in the cross-
media screen-camera process, thus constructing a more re-
alistic distortion layer to improve the model performance.

All of the above approaches maintain the robustness of the
model by constructing a differentiable noise layer to approx-
imate the perturbations of real-world images. This approach
requires accurate modelling of the distortion, which is often
difficult to achieve for complex distortions in the real world.
Therefore, this approach is not generalisable.

Image watermarking free from differentiable noise
layer. A number of approaches have been proposed to ad-
dress the limitations of the differentiable noise layer. TDSL
(Liu et al. 2019) separates the training process of the en-
coder and the decoder, thereby eliminating the differentia-
bility constraint of the noise layer. In TDSL, the model is
initially trained jointly without noise in the first stage, fol-
lowed by training the decoder alone under real noise. How-
ever, this two-stage training strategy has an obvious prob-
lem: the encoder and decoder can only be optimized to their
respective optimal solutions, but not to the global optimal
solution, and it is difficult to ensure that the encoder will
not be overfitted during the one-stage training process, thus
resulting in the information being completely corrupted af-
ter the distortion. For this reason Forward ASL (Zhang et al.
2021) reintegrates the training process into an end-to-end ar-
chitecture and treats all noise as additive noise, and consid-
ers only lossless watermarked images in the backpropaga-
tion without considering the effect of noise on the gradient.
This approach is quite clean and simple, but since it does
not consider the effect of noise on the backpropagation, this
makes the gradient information obtained by the encoder may
be too different from the true gradient information, which
results in performance degradation.

TDSL’s two-stage training strategy results in insufficient
joint training between the encoder and decoder, and Forward
ASL’s approach oversimplifies by treating arbitrary distor-
tions as additive noise. Both methods fail to effectively in-
corporate real non-differentiable distortions into end-to-end
training. In our Experiments, we demonstrate that these
limitations hinder both methods’ ability to resist specific
types of distortion. For this reason, we need to find a new
way to to jointly train the encoder and decoder end-to-end,
while at the same time making the Decoder robust enough to
various non-differentiable distortions. In addition, We hope
that this approach is effective and general enough to be com-
patible with most watermarking frameworks.



Methodology
Preliminary

Before delving into the specific details of our method, we
first outline the basic assumptions and premises underlying
our approach. DNN-based Image Watermarking often rely
on differentiable approximations of distortions, which lim-
its their effectiveness against real-world non-differentiable
distortions. Therefore, it is essential to develop a water-
marking solution capable of effectively handling any form
of non-differentiable distortion. The effectiveness of dif-
ferentiable noise layers is typically attributed to data en-
hancement, with Forward ASL(Zhang et al. 2021) showing
that distortions primarily impact forward propagation. Based
on this, we suggest that the Encoder can bypass the noise
layer and adaptively refine the embedding strategy by re-
ceiving gradients from the robust Decoder alone to solve the
non-differentiable problem. In our experiments, we demon-
strate this by analyzing residuals under various noise at-
tacks. Therefore, the key challenge lies in effectively train-
ing a robust decoder. Inspired by self-supervised contrastive
learning (Grill et al. 2020; Caron et al. 2021; Zbontar et al.
2021), we align the feature vectors of distorted and clean wa-
termarked images. This alignment ensures that if the clean
image’s features are correctly decoded, the distorted im-
age’s features will also be decoded correctly. Unlike self-
supervised learning, our approach has a clear downstream
goal (extracting watermark information), so we avoid issues
with intermediate features collapsing into constant values
and losing semantic information.

Regular Pipline

First we illustrate the pipeline of the general framework,
which typically follows an END architecture in standard wa-
termarking networks.

As shown in Figure 1 (a), it contains three main modules:
Image Encoder fy, Message Decoder g5, and differentiable
noise layer ¢, where 0,9 are the parameters of the encoder
and decoder, respectively. Given an image set D, an image
x € R3>*"% sampled uniformly from D, and a binary wa-
termark message m € {0, 1}™ of length n. The watermarked
image is denoted as &. The image after noise attack is z, and
the extracted watermark information by the decoder is M.
the watermark embedding process can be described as fol-
lows:

T = fo(x,m) 1

The simulation of a noise attack can be represented as fol-

lows:

T = ¢(%) @
The process of decoding the watermark information can be
represented as:

1 = gs(Z) 3)
Our goal is to simultaneously optimize 6, § such that the fol-
lowing equation holds:

“

A D B o137 [ — 2] 4 A2 — ]

where ) is the hyperparameter used to balance visual quality
and decoding accuracy. From the above equation, it can be
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seen that Z is very critical for g;. Because if 2 itself does
not carry information m, the decoder is unlikely to be better
than a random selection no matter how much ¢ is optimised.
Therefore A ||/ — m/|| has to constrain the optimisation of
not only ¢ but also 6, which requires that the noise layer
¢ has to be differentiable, allowing the gradient to propa-
gate from the decoder to the encoder. This limitation results
in deep learning based watermarking frameworks not being
able to maintain good robustness in the face of black-box
noise and non-differentiable noise.

END? Pipline

Our pipline is shown in Figure 1 (b). To illustrate, we split
the decoder in more detail. Let g5(Z) = y(£(%)), 2 £ £(2),
where &(-) represents the feature extraction of the input im-
age 7 to obtain the feature vector z € R%. The d stands for
the dimension of the latent space. The +(-) then represents
the prediction of the final watermark information based on
the feature vector, which consists of a linear layer. In con-
trast to the regular pipline we employ two decoders with
the same structure but different roles in the training process,
called Teacher Decoder TD and Student Decoder SD. Since
they have the same structure, we use g; and g, to differenti-
ate them in the following.

Our proposed method incorporates three additional com-
ponents beyond the standard framework: (1) a dual-decoder
for information extraction, (2) a feature alignment loss L ¢
into the primary loss function £, and (3) the swapping learn-
ing and momentum updating strategy.

TD receives clean watermarked images to extract infor-
mation and performs end-to-end optimization to ensure high
quality watermark embedding and extraction. Instead SD re-
ceives the watermarked image with non-differentiable dis-
tortion directly. It serves to imitate the TD by aligning the
feature vectors in the latent space, making the model robust
to various distortions.

In addition, we have a projection layer ¢ shared by
TD and SD, whose role is to project the feature vectors
of both decoders into the same high-dimensional space. It
is implemented by a bias-free linear layer. And the non-
differentiable noise layer v, which is used to implement var-
ious non-differentiable distortion operations. During exper-
iments, in order to ensure its non-differentiable nature, we
use the stop gradient technique sg[-] to simulate the non-
differentiable process.

The algorithm 1 shows the training flow of our method.
Compared to the general END model process, our method
adds one more Student Decoder and introduces momentum
updating and swapping learning after training step. Further-
more, our approach remains compatible with differentiable
noise layers without modification, enabling seamless inte-
gration with all END models.

Feature Alignment in Latent Space

In order for SD to learn how to deal robustly with a vari-
ety of non-differentiable distortions, we project the interme-
diate features of the two decoders onto a hypersphere and
minimize the angle between their feature vectors.



Algorithm 1: END? Pipeline

Require: Image-Message pairs (x,m) from dataset, En-
coder fy, Teacher Decoder g; and Parameters J;, Stu-
dent Decoder g5 and Parameters §,, Distortion Function
1», Momentum Coefficient 7, Optimizer op, Swapping
interval k

Ensure: Optimized Encoder and Decoders

1: for i, (x,m) in enumerate(dataset) do

2: &« fg(x,m) # Encode image with watermark

3 & <+ sg[y(&)] # Apply distortion attack

4:

5:  # extract message and feature from encoded images
6: 1, 2t < g:(Z) # Teacher decoder

7 Ihg, zs < gs(T) # Student decoder

8:

9: L Loy + Linsg + Lqguatity # Calculate total loss

10:  L.backward() # Backpropagate

11:  op.step() # Update model parameters
12:

13:  # Momentum updating strategy

14: 6,5 — T(St + (1 — ’7')53

15:  # Swapping Learning strategy

16:  if (i+ 1) mod k = 0 then

17: 9t,9s < Gs5 Gt

18:  endif

19: end for

First extract the feature vectors:

2t = §t(i)
zs = &s(sgY(2)])

The sg[-] here is only added to ensure that the differen-
tiable distortion also maintains its non-differentiable char-
acter in experiments, and can be removed in deployment.

Afterwards we project both feature vectors onto the same
hypersphere via the projection layer :

&)

5 — p(zt)

N IEAT
5 _ 90(2’5)
T ezl

6)

We also refer to the above operation as the projection op-
eration yu(+).

Finally we use cosine similarity to bring z, closer to z,
which we call feature alignment loss:

(25, s9[2:])

Loy=2—2 I
12512 - lIsglze]ll,

)

stlzll; (D)

= ||25 -

Here we only let z; be close to z;, hence the need for gra-
dient truncation function sg[-]. Considering it from another
perspective, we are essentially clustering in the latent space
of watermarked information, and Z; is the centre of our clus-
tering, and we keep all the feature vectors of the noisy image
with the same information close to this centre.
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Total Loss Function

Apart from the the feature alignment loss L ¢+, our model in-
cludes the message loss L4, aimed at ensuring the model
can effectively extract the embedded information, and the
quality loss Lgyaiity, Which is essential for maintaining the
visual quality of the watermarked images.

The message loss can be expressed by the following equa-
tion:

Linsg = e = mlly + [is —mll; ®)
The quality loss can be represented as follows:
Lauatity = |2 — |, )
The total loss can be expressed as:
L=MNLst+ AoLmsg + A3Lguality (10)

where A1, A2, A3 are three hyperparameters used to balance
different losses, defaulting to 0.01, 8, 5.

Swapping Learning and Momentum Updating

Since the TD only processes clean watermarked images, it
cannot directly learn a decoding method robust to distor-
tions. Consequently, the feature alignment loss will let the
SD to emulate TD’s representation ability, potentially lead-
ing to performance degradation. To ensure the consistency of
representational capabilities between the two decoders, we
employ swapping learning and momentum updating strate-
gies. These approaches effectively enhance the robustness of
our model.

Swapping Learning. To ensure that the TD experiences
distortions, we introduce a straightforward approach: swap-
ping the two decoders after each k training batches, with k
defaulting to 1. What’s more, the feature alignment loss en-
sures that, after the swap, the encoded features of the orig-
inal TD can close to those of the original SD. This mutual
supervision between the decoders facilitates the generation
of consistent representations.

Momentum Updating. This strategy enables the TD to
learn from the non-differentiable noise processed by the SD,
thereby producing features better suited for decoding noisy
images. Additionally, constant momentum updating helps
ensure that both decoders gradually converge to similar pa-
rameters, maintaining consistent decoding capabilities. The
process is illustrated as follows:

ds «— optimizer(ds, VL, n)
0p — 76 + (1 — 7)0s

where 7 is the weight factor and 7 is the learning rate, de-
faulting to 0.999 and Se~*.

In Section Ablation Study, we will show that both strate-
gies are effective in improving the performance of the
model. And when the two are combined, they can produce
even better results.

(1)

Experiments
Implementation Details

Our primary interest is to explore the performance of END?
under fully non-differentiable distortion. In addition we also
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Figure 2: Results of the invisibility and robustness of our model under real JPEG compression and four style transfer distortions.
The second row depicts the original image, while the third row shows the embedded watermarked image. The fourth row
illustrates the watermarked image after being subjected to non-differentiable distortion. The final row shows the residual image,
which is the difference between watermarked images and original images, magnified by a factor of 10 for enhanced visibility.

explore whether our approach is more competitive com-
pared to other watermarking models that require a differen-
tial noise layer. Since our approach is a generic framework,
we do not concern ourselves with the specific implementa-
tions of the Encoder and Decoder. Therefore, we employ the
model structure in MBRS (Jia, Fang, and Zhang 2021). The
model is trained on DIV2K(Agustsson and Timofte 2017).
Specifically, we randomly select a block of size 128 x 128
from the training set as the cover image, and randomly sam-
ple a bit stream of length 30 to use as watermarking informa-
tion for embedding. To evaluate the model’s generalization,
we also randomly select 2000 images from the COCO (Lin
et al. 2014) and ImageNet (Deng et al. 2009) datasets for
testing. We utilize the Adam optimizer with a fixed learning
rate of 8e~* for training. The batch size is set to 32, and the
model is trained for a total of 5000 epochs on a NVIDIA
RTX 3090 GPU.

Metrics. We use average bit accuracy (ACC) to evaluate
the decoding accuracy of the model. For visual quality as-
sessment, we use the peak signal-to-noise ratio (PSNR) and
structural similarity (SSIM) as metrics.

Baselines. We compare against TDSL (Liu et al. 2019)
and Forward ASL (Zhang et al. 2021) for non-differentiable
distortion. Additionally, to demonstrate the superiority of
our method, we compare it with three classical models HiD-
DeN(Zhu et al. 2018), StegaStamp(Tancik, Mildenhall, and
Ng 2020) and MBRS (Jia, Fang, and Zhang 2021) which
need differentiable Noiser.

Cezanne Vangogh Ukiyoe
99.43 99.82 99.94
40.51/0.9787 42.39/0.9869 42.96/0.9890
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‘ END? TDSL Forward ASL MBRS HiDDeN StegaStamp
Non‘-lef v v
Noiser
ACC 94.55 94.10 92.37 89.17 87.86 88.90
PSNR 45.62  36.32 3348 40.64 32.62 35.34
SSIM 0.9897 0.9726 0.9054 0.9796  0.8486 0.8810

Table 1: Average decoding accuracy and visual quality of the
different methods under the random distortion.

Comparison with Previous Methods

In this section, we compare our method with two SOTA
models (Liu et al. 2019; Zhang et al. 2021) that also address
non-differentiable distortion. At the same time we choose
two classical models (Zhu et al. 2018; Tancik, Mildenhall,
and Ng 2020) that require a differentiable noise layer to il-
lustrate that even without the need for a differentiable noise
layer our approach is still competitive. In addition, since our
model maintains the same structure as MBRS (Jia, Fang, and
Zhang 2021), we trained the MBRS model under differen-
tiable conditions for comparison.

We use a combined noise to simulate complex distor-
tion conditions in the real world. The noise layer consists
of Roate, Crop, Translate, Scale, Shear, Dropout, Cropout,
Color transformation, JPEG compression, Gaussian Filter,
Gaussian Noise.

To quantitatively analyze the relationship between visual
quality and decoding accuracy, we measure the performance
of different models under random noise attacks. Table 1
shows the performance under random distortion. Our ap-



Dataset Method Identity Gaussian Filter JPEG Crop Dropout Rotate Translate Scale Gaussian Noise
(0=2) Q=50 (p=0.1) (@=0.5) (deg=10) (dis=0.05) (f=0.65)  (std=0.01)
Proposed 100 99.46 95.67 93.21 100 98.26 99.76 94.37 100
TDSL 98.92 60.18 55.21 64.87 99.56 99.85 81.67 88.71 98.89
DIV2K Forward ASL ~ 99.99 83.68 90.21 92.43 99.23 92.48 89.38 70.63 99.99
MBRS 98.16 95.31 86.43 94.24 98.59 95.22 94.70 91.78 98.14
HiDDeN 89.56 59.66 53.45 87.04 71.50 82.62 82.65 68.59 88.31
StegaStamp 90.94 89.92 84.55 88.61 77.53 86.60 86.54 84.10 90.76
Proposed 100 99.22 94.89 93.08 99.99 98.21 99.77 93.77 100
TDSL 99.77 58.32 53.94 63.52 96.72 99.75 80.36 86.33 99.63
COCo Forward ASL ~ 99.98 85.57 92.05 88.33 98.46 92.02 88.98 69.74 99.94
MBRS 96.99 94.92 90.59 90.74 90.39 90.79 91.21 91.01 91.69
HiDDeN 86.26 73.11 66.49 70.92 70.44 71.87 72.76 72.00 73.50
StegaStamp 89.58 89.33 87.56 87.41 84.91 85.18 85.20 85.01 85.59
Proposed 100 99.33 93.71 94.13 99.99 98.33 99.79 93.68 100
TDSL 99.59 59.73 54.06 64.60 97.70 98.28 81.20 86.59 99.38
ImageNet Forward ASL ~ 99.94 86.83 91.94 89.08 98.64 91.11 88.40 69.70 99.97
MBRS 96.42 93.85 89.59 90.00 95.19 90.19 90.67 90.36 90.97
HiDDeN 86.24 72.54 66.17 70.49 69.97 71.37 72.21 71.35 72.80
StegaStamp 88.99 88.33 86.63 86.23 83.71 83.89 83.90 83.49 84.00

Table 2: Benchmark comparisons on robustness against different distortions. We trained the models only on DIV2K and tested
them on three different datasets. By adjusting the embedding strength, the visual quality of all models was maintained at

PSNR=35.

proach, TDSL and Forward ASL do not require a differen-
tiable noise layer, so we truncate the gradient of the distorted
image in the actual training. Our method significantly out-
performs the baselines. Although TDSL achieves similar de-
coding accuracy, its redundant embedding strategy results in
a PSNR nearly 10 points lower than ours. Notably, our ap-
proach even surpasses MBRS trained with a differentiable
noise layer, demonstrating that such a layer is non-essential.

For a comprehensive evaluation, we test the decoding ac-
curacy of our trained model across three datasets using a va-
riety of distortions: Identity, Gaussian Filter (c = 2), JPEG
compression () = 50), Crop (p = 0.1), Dropout (p = 0.5),
Rotate (deg = 10), Translate (dis = 0.05), Scale (f = 0.65)
and Gaussian Noise(std = 0.01). Table 2 presents the ex-
perimental results. Our method maintains a decoding accu-
racy of over 90% under all noise attacks, demonstrating its
robustness against a wide range of distortions. TDSL strug-
gles to resist Gaussian Filter, JPEG Compression, and Crop
attacks, while Forward ASL performs poorly under Scale
attacks. This suggests that both methods are less robust to
certain types of distortions, despite their claims of handling
arbitrary distortions.

Performance under Non-Differentiable Distortion

To further demonstrate the robustness of our method un-
der real non-differentiable distortions, we select real JPEG
Compression and four style transfer black-box distortions
for testing. For JPEG compression, we utilized the PIL pack-
age in Python, while the four style transfer distortions are
generated by a pre-trained CycleGAN (Zhu et al. 2017)
model.

Real JPEG Compression. We train our model using only
real JPEG Compression with a quality factor of () = 50 and
then test it under various quality factors. To be fair, we fix the
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‘ Real JPEG Compression
| 50 40 30 20 10
Proposed 99.95 9439 8341 68.22 55.20
Pre-trained | 69.02 6445 60.53 5558 5149
TDSL 7458 70.05 63.50 5732 52.19
Forward ASL | 99.76 96.39 80.43 60.83 5141

Table 3: Result of real JPEG compression.

PSNR at 38. Notably, the model trained with the combined
noise layer in the previous subsection is expected to demon-
strate some level of generalization performance. Therefore,
we consider it as a baseline to evaluate its robustness against
real-world black-box noise, thereby underscoring the neces-
sity of training against black-box distortions.

Table 3 presents the results of our experiments. Our pro-
posed method consistently outperforms most baseline mod-
els, proving the validity of our approach. Moreover, it is
evident that the model pre-trained with a combined noise
layer does not perform well on real JPEG compression,
even though simulated JPEG compression was included in
the training process. This discrepancy indicates a significant
gap between the simulated noise layer and real-world noise.
Therefore, it is crucial to develop a method that can robustly
handle arbitrary black-box distortions encountered in real-
world scenarios.

Black-box Style Transfer Distortions. Testing with style
transfer distortions is essential. Because it simulates com-
plex, non-differentiable transformations that occur in the
real world. Unlike traditional noise or compression, style
transfer introduces variations in texture, color, and structure,
challenging the model with intricate distortions. To validate
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Figure 3: The performance of different models, in terms of
average decoding accuracy, under four style transfer distor-
tions is evaluated as PSNR varies.

our method, we selected four styles of migration distortions
(Monet, Cezanne, Vangogh and Ukiyoe) .

As illustrated in Figure 2, our method maintains a decod-
ing accuracy above 99% across various distortions, while
also preserving high visual quality. Furthermore, to illus-
trate that our approach allows the Encoder to perceive differ-
ent distortions, we draw the JPEG Compression with qual-
ity factor Q = 50 also in Figure 2. The residual images
reveal that the encoder adopts distinct encoding strategies
for different types of distortions. This indicates that our ap-
proach enables the Encoder to recognize patterns in non-
differentiable distortions and apply a more robust coding
strategy.

In addition, we evaluated the robustness of each model
against the four style transfer distortions by varying the wa-
termark embedding strength. As shown in Figure 3, our
method consistently outperforms the baseline at various wa-
termark strengths and achieves nearly 95% decoding accu-
racy at a PSNR of 45. These results demonstrate that our
approach is robust to unknown black-box distortions.

Ablation Study

In this section, we conduct the ablation experiments to better
illustrated the proposed architecture. We are primarily inter-
est in the effectiveness of the momentum updating and swap-
ping learning strategies, and how different feature alignment
losses affect the performance of the model.

Importance of Different Compositions. Table 4 presents
the ablation study results of our method under various con-
figurations. The first row represents the outcomes without
applying any specific strategies, while the subsequent rows
illustrate the results obtained using different combinations of
our proposed strategies. The experiments reveal that training
without strategies results in a final decoding accuracy of ap-
proximately 78%. Introducing the feature alignment loss in-
creases this accuracy by about 8%, demonstrating that align-
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ACC PSNR SSIM
None 7893 45.04 0.9889
FA 86.79 47.89 0.9921
FA+MU 92.23 3926 0.9620
FA+SL 93.96 43.68 0.9867
FA+MU+SL | 9455 45.62 0.9896

Table 4: The performance of the model under different struc-
tures. Where FA, MU, SL stand for feature alignment loss,
momentum updating strategy and swapping learning strat-
egy respectively.

ACC PSNR SSIM
Proposed | 94.55 45.62  0.9896
MSE 94.70 4292  0.9837
DINO 91.39 4323 0.9855

Table 5: Impact of different feature alignment losses on
model performance.

ing features in the latent space can effectively enhance the
model’s robustness. Furthermore, employing either the MU
or SL strategies individually leads to additional improve-
ments in robustness, albeit with a reduction in visual quality.
When both strategies are applied simultaneously, the model
achieves a peak decoding accuracy of approximately 95%
while maintaining a PSNR of 45.

Impact of Feature Alignment Loss. Furthermore, we
explored the effect of different feature alignment losses on
model performance by comparing the Mean Squared Error
(MSE) loss and the feature alignment method mentioned in
DINO (Caron et al. 2021). Table 5 presents the results of our
experiments. Experiments indicate that although the direct
use of MSE loss achieves a comparable ACC to our method,
it results in a visual quality drop of about 3 points. In con-
trast, using DINO leads to a decrease in ACC. However, our
method consistently maintains performance, showing that
the choice of alignment loss does not significantly impact
the overall effectiveness.

Conclusion

In this paper, we presented a novel dual-decoder archi-
tecture (END?) to address the challenges posed by non-
differentiable distortions in deep learning-based image wa-
termarking. By aligning feature vectors between a Teacher
Decoder for lossless images and a Student Decoder for
distorted images, our approach overcomes the limitations
of traditional END architectures that rely on differentiable
noise layers. Experiments show that our method outper-
forms state-of-the-art algorithms in various distortion sce-
narios and can be easily integrated into existing END frame-
works. Our findings highlight the potential of END? as a ro-
bust solution for real-world image watermarking challenges.
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