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Fig. 1: Visual comparison of our proposed method to various state-of-the-art models.
We can observe that our method effectively eliminates artefacts while adequately pre-
serving structural content details, resulting in visually more pleasing results.

Abstract. Arbitrary neural style transfer aims to stylise a content im-
age by referencing a provided style image. Despite various efforts to
achieve both content preservation and style transferability, learning ef-
fective representations for this task remains challenging since the redun-
dancy of content and style features leads to unpleasant image artefacts.
In this paper, we learn compact neural representations for style trans-
fer motivated from an information theoretical perspective. In particu-
lar, we enforce compressive representations across sequential modules of
a reversible flow network in order to reduce feature redundancy with-
out losing content preservation capability. We use a Barlow twins loss
to reduce channel dependency and thus to provide better content ex-
pressiveness, and optimise the Jensen-Shannon divergence of style rep-
resentations between reference and target images to avoid under- and
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over-stylisation. We comprehensively demonstrate the effectiveness of our
proposed method in comparison to other state-of-the-art style transfer
approaches.

Keywords: neural style transfer · information theory · reversible gen-
erative model · feature redundancy

1 Introduction

Arbitrary neural style transfer (NST) aims to render a content image using a
specific style from a reference image. In contrast to traditional optimisation-
based NST methods such as [13, 14, 31], encoder-transfer-decoder architectures
have gained popularity due to their efficiency for the task [18, 28, 29]. Classical
methods based on this structure, e.g., AdaIN [17], WCT [24], or SANet [29],
yield impressive performance by extracting effective representations to meet two
criteria: content preservation and style transferability.

Various approaches try to improve these criteria for enhanced NST. For in-
stance, in [9], a transformer model is used to explore long-range dependencies of
image features to preserve content information with contexts. IEContraAST [7]
introduces contrastive learning to capture more representative features by en-
forcing consistency between same content or style pairs. To address the content
leakage problem, which refers to the unrecoverable content loss caused by the de-
coder, [2] designs a reversible neural flow model to ensure that the image content
can be well preserved after multiple transfers. Meanwhile, other approaches fo-
cus on enhancing style transferability. LapStyle [26] presents a revision network
to improve the transferability of local details, while [39] matches higher-order
statistics to generalise the transfer across various domains.

Despite significant progress, it remains challenging to produce visually pleas-
ing stylised images due to (i) over-rendering artefacts, causing the loss of content
details, and (ii) under-transfer of low-level texture styles. Fig. 2 illustrates these
effects using three state-of-the-art methods, IEContraAST [7], CAP-VSTNet [36]
and ArtFlow [2]. As highlighted in [36], over-rendering artefacts are mainly
caused by feature redundancy in the latent space. Theoretically, the NST en-
coder learns non-linear bases to extract image representations that enable the
transfer between various styles via a linear projection. However, the intertwining
representations across channels lead to artefacts when interpolating features of
unseen contents and styles. Although CAP-VSTNet introduces a channel refine-
ment module to reduce feature redundancy, it is still difficult to achieve compact
and decoupled representations across channels without an explicit driven force.
Under-stylisation is mainly due to the significant differences in style loss for dif-
ferent types of styles when training with traditional mean-variance style loss,
which may be dominated by certain styles while neglecting others.

It is well known that information theory be can effectively used to reduce
information redundancy [1] and to align data distributions [3]. Motivated by
this, we seek a novel style transfer model, where, by minimising the mutual
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Fig. 2: Example results of IEContraAST, CAP-VSTNet and ArtFlow. We can observe
that in (c) the style textures of the resulting images differ significantly from those of
the style image, and that in (d,e) the images contain a significant amount of artefacts
while fine image details are compromised.

information between input and output of network blocks as well as the correla-
tion between feature channels, we can effectively reduce feature redundancy and
avoid over-stylisation, whereas, by aligning style feature distributions in an in-
formation theoretic manner, we can overcome the under-stylisation issues caused
by traditional statistical measures.

In this paper, we thus propose our InfoMinRev projection flow network to
remove feature redundancy of the encoder without losing the expressive ability
guaranteed by a reversible framework. We further reduce the channel depen-
dency by applying a Barlow twins loss as a specific instantiating information
theoretic objective, and employ a Jensen-Shannon divergence loss to ensure our
learned features have expressive capability to align transferred style distributions
to deal with under- and over-transfer effects. From an information theoretical
perspective, these objectives can be unified to learn better representations for
well-balanced style transfer. Our main contributions in this paper are:

– We introduce a novel reversible InfoMinRev module to a flow-based style
transfer method, which employs mutual information minimisation losses be-
tween consecutive bijective transformation modules, enabling the extraction
of compressed yet effective feature representations during the forward infer-
ence process.

– We use a Barlow Twins loss to alleviate channel-wise coupling issues, learn-
ing more compact and decoupled content-style representations so as to en-
hance content expressiveness while maintaining transferability, thus achiev-
ing a more robust content structure.
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– We propose a new Jensen-Shannon divergent style loss with a more elegant
distribution alignment objective to address the problem of insufficient style
transfer.

– We demonstrate that each of the introduced components leads to a positive
impact on style transfer. When combined, a superior balance between con-
tent and style is achieved, resulting in remarkable style transfer quality as
illustrated in Fig. 1.

2 Related Work

2.1 Image Style Transfer

Since the seminal work in [13], neural style transfer has been an active research
topic. Early work focusses on using feed-forward neural networks to replace the
time consuming optimisation process for improved efficiency [6,11,23,25,34,35].
However, these methods typically only support transfer across a fixed number
of styles. For enhanced task generalisability, various methods for arbitrary style
transfer have been proposed [16, 17, 24, 29, 32]. AdaIN [17] adjusts the feature
statistics of the content image to align with the counterparts of the style image.
Going one step further, WCT [24] employs whitening and colouring transforms
to transfer styles on uncorrelated feature maps. More recently, feature enhance-
ment strategies have been applied to improve the content and style representa-
tions for the task. SANet [29] introduces an attention mechanism to adjust local
style patterns based on the representation of the content image. IEContraAST [7]
adopts contrastive learning terms to enhance feature consistency of positive con-
tent/style pairs while increasing the feature distances of negative pairs. In [9], a
transformer model is proposed to exploit image context to enhance its features.

2.2 Reversible Flow Networks

A reversible flow model was initially introduced in NICE [10] to learn a non-
linear bijective transformation for tractability of exact latent inference in an
unsupervised manner. Since then, its advantages, including efficiency, inversion
capability, and tractable density, have lead to its application in a variety of
tasks. For instance, RevNet [15] exploits memory efficiency and low computa-
tional overhead to train an image classifier, while Reformer [21] uses a reversible
network to build a transformer model in order to significantly improve model effi-
ciency without sacrificing model performance. In [20], a generative model, Glow,
is proposed for efficient photo-realistic synthesis and semantic manipulation by
adapting a flow model. Recently, reversible flow models have also been applied
to the style transfer task. Motivated by its inversion capability, ArtFlow [2] de-
signs a flow model to solve the content leakage problem, which is common in an
encoder-transform-decoder architecture due to the reconstruction error caused
by the decoder. Inspired by ArtFlow, CAP-VSTNet [36] introduce an extra chan-
nel refinement module and a matting Laplacian loss, while Cartoon-Flow [22]
adapts a flow architecture in a more specialised cartoon stylisation task.
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Fig. 3: Overview of our proposed structure, which comprises three parts: (a) style
transfer and layer-wise redundancy reduction, (b) Jensen-Shannon divergence loss for
style alignment, and (c) channel-wise redundancy reduction loss for content enhance-
ment.

3 Proposed Method

An overview of our proposed flow model is illustrated in Fig. 3. In the following,
after laying out our motivation and rationale, we introduce its three innovative
components, a redundancy reduction-based flow network consisting of our pro-
posed InfoMinRev modules, a channel-wise redundancy reduction loss for content
enhancement, and a Jensen-Shannon divergence loss for style alignment. These
designs improve our model by gaining concise and expressive feature represen-
tations to achieve an optimal balance of content preservation and stylisation.

3.1 Motivation and Rationale

Feature redundancy, a major barrier to effective style transfer, leads to image
artefacts when an NST model is deployed on unseen content and style image
pairs. To alleviate this problem, reduction of feature redundancy is an intuitive
solution to achieve better style transfer. Information theory, commonly used to
quantify the correlation and dependency between random variables, provides a
powerful theoretical foundation to accomplish the task. Consequently, in our
approach, we enforce mutual information minimisation losses across sequential
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bijective transformation modules in order to obtain compressive image repre-
sentations. However, without a reversible network architecture, this can weaken
the expressiveness of the features and thus compromise the content preservation
capability. We therefore design a novel reversible flow model, described in Sec-
tion 3.2, by minimising the mutual information between its modules so as to
learn compact yet expressive image representations.

Channel correlation reduction also contributes to compressive and expres-
sive representations. When training reversible flow models in an unsupervised
manner, e.g., NICE [10] and Glow [20], channel independence is enforced when
learning the non-linear reversible transformation. However, this constraint has
been relaxed in flow models for NST due to the unavoidable interactions between
content and style features. In our model, we apply a soft constraint, explained in
Section 3.3, to minimise the correlations across channels so as to enhance content
expressiveness without damaging transferability via the linear projection based
on feature statistics.

A typical style loss is designed to align low-level feature statistics, i.e., the
mean and variance of feature maps, to transfer image styles. However, simply
minimising these statistics differences leads to under- or over-stylisation due to
heterogeneous styles from reference images. In our model, we therefore employ
another information theoretical metric, namely the Jensen-Shannon divergence,
to encourage feature learning which aligns style feature distributions to address
this issue.

As illustrated in Fig. 3, our model is able to extract features with minimal
information distribution in the latent space, while containing sufficient expressive
capability to preserve the content structure.

Fig. 4: Structure of the proposed InfoMinRev module, which consists of a forward and
a backward process.
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3.2 InfoMinRev Module

Similar to other flow models, such as ArtFlow and CAP-VSTNet, our model,
illustrated in Fig. 3, comprises padding, squeeze, and cascaded reversible residual
modules. Different from the classical flow model, as illustrated in Fig. 4, we
introduce a parallel attention-convolution (PAC)-based coupling layer and its
inverse operation (IPAC) to enhance the original convolution operation. Each
reversible residual module performs a function by splitting the input X to a pair
x1, x2 → y1, y2 as

y1 = x1

y2 = x2 + αF (x1) + (1− α)Att (x1) ,
(1)

where Att(·) denotes the attention module, and α ∈ [0, 1] is a learnable adaptive
parameter.

Meanwhile, each module contains a reversible block, which obtains y1, y2 →
x1, x2 as

x1 = y1

x2 = y2 − αF (y1)− (1− α)Att (y1) .
(2)

We name our proposed reversible residual module InfoMinRev (IMR) since
mutual information minimisation loss is enforced between the input and output
of the module. Assume that Y i and Y i+1 represent the input and the output
of the i-th module, respectively, then feature redundancy can be reduced by
minimising

Linfo =

n∑
i=1

NMI
(
Y i, Y i+1

)
, (3)

where NMI (·) denotes the normalised mutual information [30] in range [0, 1],
calculated as

NMI
(
Y i, Y i+1

)
= 2

MI
(
Y i, Y i+1

)
H (Y i) +H (Y i+1)

, (4)

where H (·) denotes the information entropy and

MI
(
Y i, Y i+1

)
= DKL

(
P
(
Y i, Y i+1

)
∥P

(
Y i

)
P
(
Y i+1

))
. (5)

We use kernel density estimation (KDE) [12] to estimate the probability
distributions, which can be expressed as

p̂n (z) =
1

Nhd

N∑
i=1

ko

(
z − zi
h

)
, (6)

where d represents the dimension of z, h is the bandwidth, N denotes the number
of data points, and ko (·) is the chosen kernel function. We employ a Gaussian
kernel as it can effectively capture high-dimensional distributions while preserv-
ing their smoothness.
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3.3 Channel-wise Redundancy Reduction

Neuroscientist H. Barlow postulated [5] that the primary objective of sensory
processing is to convert highly redundant sensory inputs into a factorial code.
This hypothesis has been proven insightful in elucidating the organisation of the
human visual system, from the retina to cortical areas [4]. Inspired by [7, 38],
we reduce the channel coupling by enforcing a soft constraint based on Barlow
twins loss but allowing channel interdependency to ensure style transferability. In
particular, the diagonal coefficients of the cross correlation matrix between con-
tent features Zc and stylised features Zcs are maximised, while the off-diagonal
coefficients are minimised. This objective can be formulated as

LB =
∑
i

(1− Cii)
2
+ λ

∑
i

∑
j ̸=i

(Cij)
2
, (7)

where λ is a positive constant trading off the importance of the first and second
terms of the loss, and C is the cross-correlation matrix computed using Zc and
Zcs along the batch dimension, whose elements are calculated as

Ci,j =

∑
b z

C
b,iz

CS
b,j√∑

b

(
zCb,i

)2
√∑

b

(
zCS
b,j

)2
, (8)

where zCb,i denotes the i-th channel of the b-th sample of Zc (and analogous for
zCS
b,j ).

3.4 Jensen-Shannon Divergence Style Loss

Reduction of statistical value discrepancies between style and transferred im-
ages across feature maps is usually used to define the style loss. However, dis-
crepancy gaps vary when setting different reference images, which can lead to
over-rendering effects when transferring texture-rich styles or to under-stylisation
when using images with simple structures. To achieve a more balanced trans-
fer effect, we replace the mean-variance L2 loss and design a Jensen-Shannon
divergence loss for style alignment as

Ls =
1

Nl

Nl∑
i=1

[JSD (µ (ϕi (Is)) ∥µ (ϕi (Ics)))

+ JSD (σ (ϕi (Is)) ∥σ (ϕi (Ics)))],

(9)

where JSD (·) denotes the Jensen–Shannon divergence, ϕi (·) are the features
extracted from the i-th layer in a pre-trained VGG19 network with Nl layers,
and µ (·) and σ (·) are the mean and variance of the extracted features. In its
implementation, we apply a warm-up stage using the original mean-variance style
loss so as to mitigate the vanishing gradient issue in non-overlapping regions of
JS divergence. Finally, the Jensen-Shannon divergence aligns the distribution of
style features, thus solving the imbalanced style transfer problem.
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3.5 Training Loss

We combine all loss terms to arrive at the overall loss function as

Ltotal = Lc + λsLs + λBLB + λinfoLinfo, (10)

where Lc is the content loss, Ls is the style loss from Eq. (9), LB is the channel-
wise Barlow twins loss from Eq. (7), and Linfo is the mutual information loss
from Eq. (3). The content loss is obtained as

Lc = ∥nm (ϕcon4−2 (Ics))− nm (ϕcon4−2 (Ic))∥2 , (11)

where nm(·) is the normalisation operation used in e.g. [7, 9].

4 Experimental Results

4.1 Implementation Details

We implement an architecture with 20 InfoMinRev modules and 2 squeeze mod-
ules, with the transfer module used being identical to that in AdaIN [17]. Follow-
ing established style transfer methods [2,24], we use the MS-COCO dataset [27]
for content images and the WikiArt dataset [19] for style images. We randomly
select 40 style images and 30 content images to generate 1200 stylised images
for both quantitative and qualitative testing. The ablation experiments are con-
ducted using the same images. Except for the images used in Section 4.5, which
have a resolution of 768× 768, all experiments use test images with a resolution
of 512× 512.

4.2 Style Transfer Results

To demonstrate the superiority of our proposed method, we compare it with
seven state-of-the-art methods, namely AdaIN [17], WCT [24], SANet [8], Art-
Flow [2], IEContraAST [7], StyTr2 [9], and CAP-VSTNet [36]. For a fair com-
parisons, we retrain the above methods using the content loss from Eq. (11).

Fig. 5 shows some visual results of stylised images obtained by all methods. As
we can see, the results of AdaIN contain cluttered noises and unpleasing texture
that compromise the integrity of content structure. Although WCT conceptually
excels in transferring styles, it often yields messy stylised results. SANet employs
attention-based style transfer modules for transformations in similar semantic
regions, however, it has a tendency to improperly apply repeating style patterns
to content images. IEContraAST achieves superior visual quality owing to the
use of contrastive learning and generative adversarial learning. However, there
exist various inconsistencies in compared to the input style reference. Due to
the presence of redundant information, ArtFlow suffers from a substantial loss
of content details and undesirable artefacts which diminish the overall visual
quality. StyTr2 also tends to incorrectly integrate repetitive style patterns into
content images, while it may also erroneously transfer the structure of the style
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image into the final result. In contrast, our model enables the preservation of
more content details and substantially improves the visual quality of stylised
images, thus achieving improved performance.

For a quantitative evaluation, following [37], we use the structural similarity
index (SSIM) and the content loss between the original content images and the
stylised images as objective metrics for assessing content preservation. To gauge
the algorithm’s capacity to produce artistic effects, following [9], we calculate the
mean and variance errors of the feature maps extracted by a VGG [33] model
pre-trained on ImageNet between the style and style-transferred images. The
obtained results for all methods as well as the computational times are reported
in Table 1.

Table 1: Quantitative evaluation results for all methods. Best results for each measure
are bolded. The computation time is based on 512× 512 images.

WCT AdaIN SANet IEContraAST StyTr2 ArtFlow CAP-VSTNet Ours
SSIM ↑ 0.322 0.351 0.407 0.445 0.426 0.365 0.408 0.496
Content Loss ↓ 0.992 0.914 0.896 0.605 0.712 0.803 0.754 0.491
Style Loss ↓ 0.912 0.836 0.587 1.853 0.634 0.861 0.608 0.652
Time (s) ↓ 0.761 0.003 0.009 0.042 0.212 0.134 0.096 0.081

Content       Style         AdaIN WCT         SANet IEAST      ArtFlow StyTr2    CAP-VST      Ours

Fig. 5: Style transfer examples of all methods. Our method significantly reduces over-
lapping style patterns and artefacts, achieving a better balance of content and style,
thus yielding superior visual effects



Towards compact reversible image representations for neural style transfer 11

As is evident from there, our proposed method yields the best results in terms
of both SSIM and the content loss metric, followed by IEContraAST. However,
IEContraAST clearly performs worst in terms of the style loss metric, with the
generated images generally poorly aligning with the input style reference as is
also noticeable in Fig. 5. In contrast, our proposed approach also performs well
in terms of style loss while excelling in terms of content loss. This impressive
balance is further illustrated in Fig. 6 which shows all methods in a scatter plot
of content loss vs. style loss. As is clearly noticeable, our method outperforms
all other techniques when considering both metrics.

Fig. 6: Scatter plot of content loss vs. style loss.

In terms of runtime, AdaIN is fastest as expected, while our approach out-
performs the other flow-based models (ArtFlow and CAP-VSTNet).

4.3 User Study

We conduct a user study to further compare our method with the other ap-
proaches. For this, we randomly select 25 pairs of content and style images,
performing style transfer using all eight methods. We show the stylised results
to a cohort 20 participants (age 20-52; 13 males, 7 females) with normal vision
and ask them to rank the images based on three metrics: content preservation,
style consistency, and overall performance. We thus collect a total of 1500 sets of
rankings and report the average ranks for all methods and all metrics in Table 2.
It is evident from there that our method is the most preferred method with av-
erage rankings significantly lower compared to the other methods in terms of
all three measures, thus further underlining the performance of our proposed
method.
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Table 2: User study results. Each number represents the average ranking, using the
criteria of overall quality, preservation of content and style, respectively.

AdaIN WCT SANet IEContraAST ArtFlow StyTr2 CAP-VSTNet Ours
Content Preservation ↓ 5.63 7.13 7.79 2.14 4.38 4.63 2.88 1.43
Style Consistency ↓ 5.25 6.50 6.63 3.25 4.07 3.88 4.63 1.63
Preference ↓ 5.63 7.88 7.00 2.38 4.50 4.88 2.50 1.50

4.4 Ablation Study

We conduct an ablation study to prove the usefulness of each introduced com-
ponent, i.e., the InfoMinRev module, the channel-wise Barlow twins loss, and
the Jensen-Shannon divergence style loss. The results are given in Table 3 which
reports the various metrics for models where the introduced components are
removed in comparison to our full model.

Table 3: Results of ablation study. IMR=InfoMinRev module.

baseline w/o IMR&LS w/o IMR&LB w/o LB&LS w/o IMR w/o LB w/o LS full model
SSIM ↑ 0.372 0.430 0.361 0.424 0.477 0.459 0.462 0.496
Content Loss ↓ 0.725 0.627 0.674 0.625 0.542 0.538 0.507 0.491
Style Loss ↓ 0.912 0.823 0.566 0.907 0.719 0.740 0.836 0.652

As we can see from Table 3, all proposed components contribute to the overall
performance of our model. Both the InfoMinRev module and the channel-wise
Barlow twins loss term support preserving a more robust content structure,
while the Jensen-Shannon loss term allows to maintain style consistency. The
full model hence strikes an optimal balance between content and style to give the
overall best results, while removing the various components leads to diminished
performance.

This is further illustrated in Fig. 7, which shows some example ablation
results for when the InfoMinRev module and/or the Barlow twins loss are omit-
ted. Both LB and InfoMinRev can effectively remove redundant information to
enhance visual quality. The best results are achieved when both are employed
simultaneously, enabling preservation of content details and removal of artefacts.

Fig. 8 further illustrates the importance of the employed Jensen-Shannon
loss and shows some examples obtained by replacing this term with the widely
used mean-variance L2 loss compared to the result of the full model. As we can
observe, the divergence style loss alleviates the issue of stylisation imbalance.

4.5 Higher-resolution Transfer Results

To further validate the performance of our proposed method, we generate style
transfer results using higher-resolution images of resolution 768× 768 in Fig. 9.
As we can notice, when handling these high-resolution images with more content
and texture details, our method still successfully captures the content structures
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Fig. 7: Example ablation results, comparing models with removed InfoMinRev module
and/or Barlow twins loss to the full model.

Content        Style           w/o 𝐿𝑠 w/ 𝐿𝑠

Fig. 8: Example ablation results, comparing a model with omitted Jensen-Shannon
loss term to the full model.

(e.g. (going from left to right) the bird, the train, the horses, the building, the
horse and cart), and stylises them with consistent style patterns.

4.6 Information Compression Analysis

Our proposed InfoMinRev module is designed to guide the model to extract a
more meaningful feature representation with less redundant information. To fur-
ther investigate its role, we visualise, in Figure 10, the information distributions
in intermediate layers of ArtFlow, our proposed model and our model without
the Linfo loss term.

We can observe that for ArtFlow the information distribution is fairly con-
stant in all regions without discrimination. In contrast, our model, whether us-
ing Linfo or not, better aggregates information in the relevant regions. This
demonstrates the effectiveness of the attention mechanism we have introduced.
Additionally, the inclusion of Linfo significantly reduces the amount of informa-
tion contained in the feature maps, allowing our model to focus on the most
task-relevant parts.
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Fig. 9: Examples of higher-resolution (768× 768) transfer results.

Fig. 10: Visualisation examples of the information distribution in the output of the
(from left to right) 5-th, 10-th and 20-th block of (a) ArtFlow, (b) our model without
Linfo, and (c) our full model. The colours represent how many bits are used to encode
features at each position of an image.

5 Conclusions

In this paper, we have proposed a novel flow-based approach for neural style
transfer, motivated by an information theoretic perspective. In particular, we
introduce a reversible InfoMinRev module designed to extract effective feature
representations, employ a Barlow twins loss to address the channel-wise coupling
issue, and a Jensen-Shannon divergence style loss to balance the style transfer.
Our method reduces feature redundancy generated during the encoding process,
extracts features that possess both excellent content preservation and consistent
style transformation capabilities, and effectively addresses the issue of unwanted
artefacts present in previous methods. Extensive experiments demonstrate the
effectiveness and superiority of our method in comparison with other state-of-
the-art approaches.
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