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Abstract

Style transfer aims to render stylized images with artistic features while maintaining the original
content. Traditional CNN-based approaches have limitations in dealing with global information and
long-range dependencies in style transfer. Existing transformer-based approaches, while mitigating
these problems well, face high computational costs. Mamba addresses these limitations using a selec-
tive structured state-space model (S4), which maintains linear complexity while effectively handling
long-range dependencies. In this pa-per, we propose StyleMamba, an efficient image style transfer
architecture based on a Bidirectional Selective Scan mechanism, to address the challenge of balanc-
ing local and global dependencies with the computational efficiency of existing methods through
spatial dyadic state space modeling. In addition, we design Dynamic Gate Fusion (DGF) to fuse
dual-path outputs based on feature relevance adaptively. Performing qualitative and quantitative
experiments on representative datasets, we demonstrate the advantages of our model over other
state-of-the-art(SOTA) transformer-based methods and different approaches.

Keywords: Image Style Transfer, Bidirectional Selective Scan Mamba, Enhance Efficiency

1 Introduction

Image style transfer is a method for incorporat-
ing the artistic features of a stylized image into
a content image. It has evolved from traditional
style transfer methods [8] to style transfer meth-
ods performing iterative optimization [12] and
feed-forward network-based style transfer meth-
ods [2]. On this basis, the fusion of multiple
styles remains a challenging problem, which has
been addressed by [14, 15, 19] using generic style
transfer. However, these approaches are not suf-
ficiently fine-grained in modeling content-style
interactions, failing to achieve the desired results
in some cases.

To solve this problem, StyTr2 [6] adopts the
Transformer architecture to enhance the global
modeling capability of style transfer, but the
global attention mechanism of its encoder leads
to the loss of local details. S2WAT [25] improves
local feature extraction by strip-window attention
mechanism, which effectively mitigates the local
detail problem, but the introduced multi-window

fusion strategy increases the computational com-
plexity. PUFF-Net [28] adopts a single-encoder
design and features a decoupling module to reduce
the number of parameters, but it cannot main-
tain the local details well. Although Vmamba[17]
reduces the computational overhead, its four-
directional scanning mechanism may sometimes
lead to the loss of finegrained content details in
stylized images during the decoding process.

To address the above limitations, we propose
StyleMamba an efficient image style migration
framework based on a BSS mechanism (Bidirec-
tional Selective Scan). Local-global collaborative
modeling is achieved by the independence of rows
and columns Mamba paths, and combined with a
dynamic gated fusion strategy, enhances inference
efficiency while improving the capability of detail
preservation. Our approach involves the design
of a bidirectional selective scan feature extractor
based on the Mamba2 architecture for efficient
modeling of multi-scale features through hetero-
geneous directional scan and dynamic feature
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fusion. To capture comprehensive feature depen-
dencies, a horizontal dynamic scan constructs
long-range interactions along the image width
via input-dependent state transitions. Concur-
rently, a vertical parity rearrangement strategy,
which separates and reorders rows, strengthens
local structural relationships. To achieve input-
sensitive global-local feature equalization, we pro-
pose Dynamic Gate Fusion(DGF), which adap-
tively assigns dual-path contribution weights by
light-weighting the feature relevance of the net-
work’s implicitly learned channel dimensions.

In summary, the main contributions of this
paper can be summarized as follows:

• We propose a Bidirectional Selective Scan(BSS)
framework framework based on the Mamba2
architecture for efficient modeling of multi-
scale features through the synergy of horizon-
tal dynamic parameterization paths and verti-
cal structural reorganization paths. The design
maintains content details while preserving the
linear complexity of Mamba.

• To address information redundancy and con-
flict in dual-branch feature integration, we
design a Dynamic Gate Fusion(DGF) module
that achieves fine-grained feature calibration
through learnable gating factors, enabling adap-
tive two-branch feature fusion.

• Quantitative and qualitative experiments
demonstrate that, compared to mainstream
baseline models, this approach achieves a
synergistic enhancement in both content
detail retention and stylistic quality whilst
significantly improving inference efficiency.

（a）Content （b）Style （c）Vmamba （d）StyleMamba

Fig. 1 Visual comparison using Vmamba and Style-
Mamba as encoders respectively

As evidenced by the visual comparisons in
Figure 1, in a direct comparison where both meth-
ods utilize Vmamba as the encoder, our Style-
Mamba, however, achieves a superior balance by
better preserving critical content details during
the stylization process

2 Related Work

2.1 Image Style Transfer

[9, 22] proposed an image style migration method
based on Convolutional Neural Networks (CNN),

which captures the content structure and style
texture information of an image by using different
layers of the network respectively and iteratively
generates a new type of image fusing the target
content and style using an optimization algorithm.
Single style transfer [23] uses an end-to-end model
to achieve realtime style transfer for one specific
style. Later extended applications of multi-style
transfer [2] combine multiple styles in a single
model to achieve the desired stylization. In recent
years, arbitrary style transfer [18, 19, 27] has been
based on generalization capabilities. ArtFlow [1]
uses Projected Flow Networks (PFNs) to achieve
unbiased content results, InST [26] achieves stylis-
tic transfer via SDM and IEST [3], and CAST [27]
generates excellent stylization results using con-
trast learning techniques. StyTr2 [6] successfully
generates high-quality stylization results by using
the transformer architecture as a core component.
S2WAT [25] proposes a hierarchical visual trans-
former that dynamically fuses short-range and
long-range dependencies through multi-shape win-
dow attention (horizontal/vertical strip-like and
square windows) and adaptively assigns weights
by using the ”Attn Merge” strategy to solve the
localization problem caused by traditional win-
dow attention. Puff-Net [28] designs a lightweight
encoder-only transformer, introducing a pure con-
tent/style feature extractor to separate content
structure and style texture, reducing computa-
tional costs and improving inference speed.

2.2 Mamba

State Space Models (SSMs) [10] have demon-
strated formidable competitiveness in deep learn-
ing, rooted in classical control theory and enabling
long-range dependency modeling through lin-
ear time complexity. Structured State Space
Sequence Models (S4) and Mamba [17] are
both based on a continuous-system discretization
framework. Mamba2 [5] introduces Structured
State Space Duality (SSD), unifying SSMs with
attention mechanisms via semiseparable matrices
while designing hardware-efficient algorithms. The
mathematical formulation of Mamba-2’s Struc-
tured State Space Duality is:

ht = Atht−1 +Btxt, yt = C⊤
t ht (1)

where At ∈ R
N×N is the dynamic state matrix,

and Bt ∈ R
N×1, Ct ∈ R

N×1 are time-varying
projection parameters. Compared to Mamba,
Mamba2 simplifies the structure to improve hard-
ware efficiency by constraining to At scalar unit
matrices (At = atI) and optimizes the computa-
tional complexity to O(TN2) training FLOPs and
O(TN) inference FLOPs by block-decomposition
matrix multiplication, which is 2-8 times faster
than Mamba’s scanning implementation. In the
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discretization process, Mamba2 follows the zero-
order holding rule, which transforms the continu-
ous parameters (Â, B̂) into discrete parameters:

A = exp(∆Â), B = (∆Â)−1(exp(∆Â)− I)∆B̂

(2)
While applications for Mamba2 are still emerging,
its architectural advances in structured state-
space duality (SSD) and hardware-aware effi-
ciency provide a solid foundation for cross-domain
extensions. In the meantime, the original Mamba
architecture has demonstrated remarkable gener-
ality across different domains. In the computer
vision direction, the framework has been suc-
cessfully applied to scenarios such as medical
image segmentation (e.g., the VM-Unet [21] model
for adaptive feature extraction), video timeseries
modeling, and multi-spectral image fusion; and
in the field of graph data modeling, Mamba has
enabled the learning of efficient graph structural
representations through serialized node embed-
ding [20]. Notably, the research community has
spawned several innovative variants: FMamba [13]
improves the quality of image defogging through
multilevel feature fusion, while Mambadfuse [16]
innovatively inte-grates residual networks with
state-space modeling to achieve significant results
in cross-modal target detection tasks [7]. Such
advances validate the scalability potential of the
Mamba architecture for complex visual represen-
tation tasks.

3 Method

This section presents an overview of the pro-
posed StyleMamba’s overall architectural design,
as illustrated in Figure 2(d).

3.1 Bidirectional Selective Scan

Mamba

3.1.1 Bidirectional Selective Scan

The shape of the input feature is C × H × W ,
where C is the number of channels, H is the
height and W is the width.Scanning is done
using two parts: row-selective scan and column-
selective scan. The row-selective scan generates
sequences by parity across rows, which are sub-
jected to global context modeling by the SS2D
module. The column selective scan is similar to the
row-selective scan in that it generates sequences
with parity across columns, and again the SS2D
module performs locally-aware feature selection.
Integrating these two sequences enables a bal-
ance between global and local connections. As
shown in Figure 3, this fusion strategy achieves
an effective balance between computational effi-
ciency and integrated perceptual capabilities by
pooling information from a wider region. The

corresponding row-selective scan formula is:

xrow = Srow(x) ∈ R
C×H

2
×2W (3)

Frow = SS2D (Γ(xrow)) ∈ R
C×(H·W ) (4)

where Srow (·) splits the input feature x into two

sub-tensors (RC×H

2
×W ) by parity rows, which are

spliced into (RC×H

2
×2W ) along the width dimen-

sion to form a long procedural column covering the
full width, which is serialized by Γ(·) and fed into
the SS2D module for modeling global dependen-
cies. Similarly, the corresponding column-selective
scan formula is:

xcol = Scol(x
⊤) ∈ R

C×W

2
×2H (5)

Fcol = SS2D (Γ(xcol)) ∈ R
C×(H·W ) (6)

where x⊤ is the transpose of x, Scol (·) is

split into (RC×W

2
×H) by parity and spliced into

(RC×W

2
×2H) along the height dimension to form

a vertically oriented fine-grained sequence, which
is serialized by Γ(·) and fed into the SS2D module
to model the local dependencies. This approach
is able to capture local-global connections with a
much lower number of parameters while maintain-
ing optimal computational efficiency.

3.1.2 Dynamic Gate Fusion

The Dynamic Gate Fusion module implements
feature fusion of bi-sequences in three steps:
firstly, the bidirectional scan features are spliced
along the channel dimensions; secondly, the inter-
feature correlation matrix is built by a learnable
linear transformation; finally, the gating matrix
is decomposed into row/column weight compo-
nents for feature fusion and combined with Drop-
Path regularization, the fused features are resid-
ually linked to the initial input features Linking.
Through the synergistic optimization of dynamic
gating-guided bi-directional feature fusion and
random path regularization, an adaptive balance
between global semantics and local details is
achieved, thus enhancing the cross-scale context
modeling capability. The process is implemented
as follows:

K = Concat(Frow,Fcol) ∈ R
N×2d (7)

G = Softmax(KWg) ∈ R
N×2d (8)

Grow, Gcol = Split ( G ) , Grow, Gcol ∈ R
N×d

(9)
Ffused = x+DropPath

(

Grow ⊙Frow

+Gcol ⊙Fcol

)

∈ R
N×d

(10)

3



Images

P
at

ch
  
E

m
b

ed
d
in

g

B
S

S
 M

am
b

a

B
lo

ck

Stage 1 Stage 2

2 2

H W
C  2

4 4

H W
C  4

8 8

H W
C 

（a）Bidirectional Selective Scan Mamba Encoder

（BSS Mamba Encoder）

L
N

L
N

L
N

M
S

A

M
H

A

M
L

Pfc

（e）Transformer Decoder Layer

fs

Q
K

V

LN

LN

BSS Mamba

MLP

（c）Bidirectional Selective Scan Mamba

R
S

S
C

S
S

D
G

F

Bidirectional Selective Scan Mamba

(BSS Mamba)

Bidirectional Selective Scan Mamba Block

3H W 

B
S

S
 M

am
b

a

E
n
co

d
er

Ic

Is

fc

fs

L
ay

er 1

L
ay

er 2

L
ay

er 3

fcs

D
ec

o
d
er

Ics

Transformer Decoder

（d）Net Architecture of StyleMamba

P
at

ch
  
M

er
g
in

g

B
S

S
 M

am
b

a

B
lo

ck

P
at

ch
  
M

er
g
in

g

B
S

S
 M

am
b

a

B
lo

ck

Stage 2 Stage 3
Images

Mirrored VGG

Patch Reverse

Mirrored VGG

Patch Reverse

Mirrored VGG

Patch Reverse

（b）Decoder

S
S

2
D

Fig. 2 The overall pipeline of the proposed StyleMamba. Encoder extracts content (fc) and style (fs) features from inputs
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Fig. 3 Overview of the proposed method. The Bidi-
rectional Selective Scan module generates two sequences
from row-selective scan and column-selective scan, which
are fused by our Dynamic Gate Fusion to achieve local-to-
global linkage

3.1.3 Bidirectional Selective Scan

Mamba Block

We now provide an overview of the workflow of the
BSS Mamba block. The structure of a BSS Mamba
block is essentially analogous to that of a stan-
dard Transformer block, with the exception that
the conventional Multi-head Self Attention (MSA)
module is substituted with a BSS Mamba mod-
ule. As illustrated in Figure 2(a), a BSS Mamba
block primarily comprises a module and an MLP
module with GELU as anon linear activation func-
tion. Layer normalization (LN) operations are
conducted prior to each module and MLP, while
the outputs are integrated via residual connec-
tions following the completion of each module.
The computational flow of a BSS Mamba block is
as follows:

Frow = SS2D(Γ(Srow(LN(Zl−1)))) (11)

Fcol = SS2D(Γ(Scol(LN(Zl−1)⊤))) (12)

Z̃l = DropPath(G(Frow,Fcol)) + Zl−1 (13)

Zl = MLP(LN(Z̃l)) + Z̃l (14)

where G (·) denotes the ‘Dynamic Gate Fusion’
module, Zl−1, Z̃l, Zl denote the feature input,
fusion module output, and MLP output, respec-
tively, and Frow, Fcol denote the row-selective
scan sequence and column-selective scan sequence,
respectively. As shown in Fig. 2(c), the BSS
Mamba block consists of two basic elements: a BSS
Mamba and an MLP.

3.1.4 Computational Complexity

Assuming that the size of the input feature map-
ping is H ×W , C is the input feature dimension,
and N is the state expansion factor of mamba2,
the computational complexity of the BSS mamba
block is:

Ω (BSS−Mamba) = 2HWN2+12HWC2+8HWC

(15)
where 12HWC2 is the computational complexity
of DGF and MLP.

3.2 Overall Architecture

As with the S2WAT architecture, we use UST’s
traditional encoder-transfer-decoder design. The
architecture employs a single encoder to handle
the encoding of both content images and style
images. An overview is shown in Figure 2.

3.2.1 Encoder

The StyleMamba model employs a patch seg-
mentation module that splits the content and
style images into non-overlapping 2×2 patches,
each containing 12 values. The linear embedding
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layer transforms these patches into a user-defined
dimension C. We use CAPE-like learnable posi-
tional encoding parameters (18×18 initial size),
and the positional encoding is summed with the
features by bilinear interpolation adapted to the
patch resolution. The embedded patches are pro-
cessed through BSS Mamba blocks, and these
operations constitute the ‘first stage’. To real-
ize multi-scale features, StyleMamba introduces
downsampling blocks, which extend the number
of channels from C to 4C by splicing adjacent
2×2 patch sets, and then compressing them to 2C
by linear projection, while the spatial resolution
is reduced to 1

2 that of the inputs. Subsequently,

while maintaining the H
4 × W

4 resolution, it passed
through the BSS Mamba block, which is ‘Stage 2’.
This process is repeated in ‘Stage 3’. The output
resolution is H

8 × W
8 .

3.2.2 Transfer Module

The transfer module is replaced with a multi-
layer transformer de coder, which is identical to
the S2WAT [25] model. The precise structure is
illustrated in Figure 2(e).

3.2.3 Decoder

To obtain the final result, we adopt the three-
layer CNN decoder proposed in [29]. In each layer,
we extend the scale by performing a series of
operations, including 3×3 Conv + ReLU + 2
× Upsample. Finally, we can save the resultant
image in the form of H×W×3.

3.3 Network Optimization

The generated images are subject to original con-
tent structure and reference style fusion. There-
fore, we construct a content-aware loss Lc and
a style-aware loss Ls reference [16] respectively,
which are used to measure the content image Ic
difference and style image Is difference with the
stylized image Ics. The content-aware loss is shown
below:

Lc =
∑

l∈C

∥ϕl (Ics)− ϕl (Ic)∥2 (16)

where ϕl denotes the features extracted from the
lth layer in the pre-trained VGG19, and the set C
contains the relu4 1 and relu5 1 layers in VGG19.
The style-aware loss is defined as:

Ls =
∑

l∈S

∥

∥µ
(

ϕl(Ics)
)

− µ
(

ϕl(Is)
)∥

∥

2

+
∥

∥σ
(

ϕl(Ics)
)

− σ
(

ϕl(Is)
)∥

∥

2

(17)

where µ (·) and σ (·) denote the mean and variance
of the features, respectively; the set S contains

the relu2 1, relu3 1, relu4 1 and relu5 1 layers of
VGG19.

In our study, we introduced an identity loss
function in order to more effectively maintain
the structural properties of content images and
the stylistic features of stylized images [4]. Two
different definitions of identity loss are shown
below:

Lid1 = ∥Icc − Ic∥+ ∥Iss − Is∥ (18)

Lid2 =
∑

l∈N

∥ϕl (Icc)− ϕl (Ic)∥2+∥ϕl (Iss)− ϕl (Is)∥2

(19)
where Icc and Iss denote the stylized output
images from two identical content images and two
identical style images, respectively, and the set N
contains the relu2 1 , relu3 1, relu4 1, and relu5 1
layers from VGG19. Finally, the whole network is
optimized by minimizing the loss function defined
as:

Ltotal = λcLc + λsLs + λid1Lid1 + λid2Lid2 (20)

to mitigate the effect of magnitude differences, we
set λc, λs, λid1, and λid2 as the weights of different
losses to 2, 3, 50, 1, respectively.

4 Experiments

MS-COCO [18] and WikiArt [1] were used as our
content dataset and style dataset, respectively.
The batch size was set to 8, and we trained our
network with 20,000 iterations. Our model was
trained on an NVIDIA 3090 for about 6 hours, and
other specific details can be found in our code.

4.1 Style Transfer Results

In this section, we compare our method with
Adain[10], SaMam [30], IEST [3], StyTr2 [6], CAP-
VSTNet [24], StyleID [4], and S2WAT [25] for
comparison.

4.1.1 Qualitative Comparison

In Figure 4, we show the visual results of qual-
itative comparisons. AdaIN achieves fast style
transfer through alignment of mean and vari-
ance but has limitations in capturing complex
style patterns. IEST generates images with high
overall visual quality, yet the generated results
may not exactly match the input style references.
CAP-VSTNet achieves good performance in main-
taining the structure of the content, but local
details are lost when complex styles are intro-
duced. StyleID expresses styles well, but content
details are not kept intact; furthermore, due to its
sensitivity to input size, here we compare the cor-
responding local detail features. SaMam imposes
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Fig. 4 Qualitative comparisons of style transfer results using different methods.

Table 1 Quantitative evaluation results of different methods. Best results are highlighted in bold, second-best results are
underlined.

Method Our SaMam S2WAT StyleID CAP-VSTNet StyTr2 IEST AdaIN

Content Loss ↓ 1.64 8.43 1.68 1.98 0.89 1.89 3.53 2.07
Style Loss ↓ 1.60 15.40 1.71 2.36 4.21 1.69 4.67 5.23
Identity Loss 1 ↓ 0.15 17.0 0.16 1.28 0 0.30 1.16 11.14
Identity Loss 2 ↓ 1.01 4.08 1.20 8.72 0 3.85 8.61 29.39

Table 2 Average inference time (in seconds) of different methods at two output resolutions.

Method Our SaMam S2WAT StyleID CAP-VSTNet StyTr2 IEST AdaIN

512×512 0.153 0.162 0.251 10.63 0.310 0.330 0.040 0.041
256×256 0.031 0.095 0.058 7.339 0.273 0.051 0.020 0.033

high demands on training resources; under iden-
tical training settings (i.e., the same number
of iterations and batch size) as other methods,
the resulting model exhibits suboptimal styliza-
tion quality. StyTr2, S2WAT, and our proposed
StyleMamba achieve good preservation of con-
tent structure and desirable style representations.
Notably, StyleMamba excels at preserving local
content details (e.g., the woman’s lips, temple
lanterns, text on billboards, cat’s fur, and numer-
als on a locomotive), as highlighted in the red
dashed box regions of Figure 4.

4.1.2 Quantitative Comparison

In this section, we adopt an evaluation proto-
col similar to that of [1, 5, 11], using style loss,
content loss, and identity loss to assess the style
quality, content fidelity, and preservation of input
information in the generated images, respectively.
We also report the average inference time of each
method at both output resolutions. As shown in
Tables 1, CAP-VSTNet is based on an invertible
network and possesses the property of unbiased
reconstruction; to reflect this characteristic, we
set its identity loss to 0. Despite being unbiased,

CAP-VSTNet is outperformed by StyleMamba in
terms of both style loss and inference time. Style-
Mamba achieves the second-lowest content loss
and the lowest style loss and identity loss, indicat-
ing its strong capability in capturing artistic style
features while effectively preserving the structure
of the input content.

S2WAT and StyleMamba exhibit comparable
loss performance, yet StyleMamba demonstrates a
clear advantage in content fidelity. Overall, Style-
Mamba strikes a favorable balance between pre-
serving the original content structure and incorpo-
rating distinctive artistic stylization. Furthermore,
as shown in Tables 2, StyleMamba also exhibits
superior inference efficiency, outperforming most
competing models at both output resolutions.
This dual strength—excellent stylization quality
combined with high inference speed—establishes
StyleMamba as one of the leading approaches in
the field of neural style transfer.

4.2 Content Leak

The content leakage problem commonly arises
during the style transfer process and is particu-
larly prone to occur when the same stylized image
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Fig. 5 Visualization of the content leak: The top/bottom
images show the results after running the same styliza-
tion process using a certain method after the 1st and 20th
rounds, respectively

is repeatedly used for stylization—especially when
the model exhibits limited capacity in preserving
content details. Following the evaluation protocol
in [6, 22], we conduct an in-depth investigation
into content leakage during stylization, with a spe-
cific focus on StyleMamba, and compare it against
S2WAT, StyTr2, StyleID, as well as CNN-based
approaches. As shown in Figure 5, our experi-
mental results demonstrate that over 20 iterative
stylization steps, StyleMamba and S2WAT incur
the least degradation in content details, signifi-
cantly outperforming both CNN-based methods
and SDM-based methods, which often suffer from
severe blurring. Although S2WAT alleviates con-
tent leakage to some extent, its stylization quality
remains inferior to that of StyleMamba. In con-
trast, StyleMamba not only effectively mitigates
content leakage but also achieves high-quality
style transfer while faithfully preserving the origi-
nal content structure and fine details. In summary,
StyleMamba offers a novel solution to neural style
transfer by simultaneously addressing the content
leakage issue and enhancing stylization fidelity.

4.3 Ablation Study

4.3.1 Bidirectional Selective Scan

In order to validate the effectiveness and supe-
riority of ”Bidirectional Selective Scan”, we con-
duct a comparative analysis between the row-
selective and column-selective scanning strategies
within StyleMamba and the original scanning
mechanism of Vmamba. The results are shown
in Figure 6 (from left to right: content image,
style image, row-selective scan, column-selective
scan, and bidirectional selective scan). As shown,

Content Style CSS RSS BSSVmamba

Fig. 6 Visual comparison of using BSS, CSS, Vmamba
and RSS

the unidirectional selective scan (either row-only

or column-only) fails to generate high-quality
stylized images, as it cannot effectively model
long-range dependencies. In contrast, our ”Bidi-
rectional Selective Scan” successfully establishes
connections between local and global contexts,
thereby preserving finer content details compared
to Vmamba.

4.3.2 Dynamic Gate Fusion

Content Style CSS RSS BSSVmamba

Fig. 7 Visual comparison using ‘Sum’, ‘Concat’, and
’DGF’

In order to verify the effectiveness of Dynamic
Gate Fusion, we conducted comparison exper-
iments with sum and concat, respectively. As
shown in Figure 7 (on the far right, from top to
bottom, there are content images, stylized images
generated using concat, and stylized images gen-
erated using DGF.), the stylized images cannot be
generated when using sum. For concat, although a
stylized image can be generated, the local details
of the generated stylized image have higher fidelity
and the stylized effect is more prominent when
using our DGF (e.g., areas of snow on mountain
tops, window spacing in tall buildings, etc.). The
stylized images generated using DGF are satisfac-
tory and produce better-stylized images compared
to sum and concat.

4.4 User Study

We further conduct a user study to evaluate the
subjective visual quality of the generated results.
As shown in Tables 3, we compare our Style-
Mamba against S2WAT, StyleID, CAP-VSTNet,
StyTr2, IEST, and AdaIN. Thirty participants
from diverse occupations and age groups are
invited to take part in the evaluation. For each
test sample, participants are presented with a
content image, a style reference image, and the
stylized outputs produced by all methods. They
are then asked to select their preferred result
across three dimensions: (1) overall stylization
quality, (2) preservation of content structure,
and (3) consistency in transferring stylistic pat-
terns. A total of 300 votes are collected for each
dimension. As reported in Table 3.3, StyleMamba
achieves the highest vote share (21%) in over-
all stylization quality, outperforming S2WAT and
StyTr2. In terms of content structure preservation,
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Table 3 User study results (percentage
of votes for each method).

Method Overall Content Style

Our 21% 21% 17%
S2WAT 19% 17% 15%
StyleID 15% 9% 20%
CAP-VSTNet 10% 24% 13%
StyTr2 17% 14% 14%
IEST 11% 8% 13%
AdaIN 7% 7% 8%

StyleMamba obtains 21% of the votes, ranking
second among all methods—slightly below CAP-
VSTNet’s 24%. Regarding consistency of style
pattern transfer, StyleMamba demonstrates stable
performance with 17% of the votes. These results
indicate that StyleMamba strikes a favorable bal-
ance between expressive stylization and faithful
content retention, exhibiting superior comprehen-
sive performance in subjective evaluation com-
pared to existing approaches.

5 Conclusion

StyleMamba employs a multi-layer Vision Mamba
as the encoder backbone and introduces Bidi-
rectional Selective Scan (BSS) within each BSS
Mamba block to model spatial dependencies.
Specifically, the row-selective scan is more effec-
tive at aggregating cross-row contextual informa-
tion, while the column-selective scan better pre-
serves local structural details and establishes long-
range dependencies. These two pathways provide
complementary representations, which are adap-
tively fused through a dynamic gating mechanism
to balance global semantics and local textures.
This design enables more stable style injection
and more faithful preservation of fine details. In
terms of efficiency, the scanning computation in
BSS exhibits favorable complexity characteristics.
Combined with a lightweight fusion module, Style-
Mamba reduces inference overhead while main-
taining high stylization quality, thereby improving
the overall efficiency of stylized image generation.

6 Declarations

6.1 Funding

Not applicable.
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