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A B S T R A C T

Photorealistic style transfer aims to adapt the style of a reference image to a content image while
preserving photorealism. Existing methods primarily rely on downsampling auto-encoders, which
sacrifices spatial details due to the reduced feature map resolution and leads to artifacts. To address
this problem, we propose a Resolution-preserving nEtwork for Style Transfer (REST) to maintain full
spatial resolution during stylization. Our framework employs a resolution-preserving (RP) network
(RPNet) that retains input resolution, effectively preserving fine details. Although RP features capture
intricate spatial information, their reliance on high-resolution processing can limit semantic depth. To
enhance feature representation, we introduce a semantic distillation module that transfers hierarchical
patterns from VGG features into RPNet, ensuring balanced detail and semantic fidelity. Combined
with advanced style transfer blocks, REST achieves photorealistic results with improved efficiency.
Experiments show improved performance and faster processing over existing photorealistic style
transfer approaches.

1. Introduction
Given two photos, with one serving as the content photo

and the other as style photo, photorealistic style transfer
aims to apply the style of a reference photo to the content
image while preserving its original content. Unlike artistic
style transfer(Gatys et al., 2016), photorealistic style trans-
fer necessitates the full preservation of all content details.
This process plays a crucial role in image production, color
style creation, and editing, tasks that remain labor-intensive
and time-consuming despite the assistance of professional
tools.

Photorealistic style transfer builds upon artistic style
transfer techniques but prioritizes content detail preserva-
tion. While Gatys et al. (Gatys et al., 2016) pioneered
neural style transfer using VGG-19 (Simonyan and Zis-
serman, 2014), subsequent methods (Huang and Belongie,
2017; Li et al., 2017b) inherited its fundamental limitation:
detail loss from pooling operations (Li et al., 2018; Luan
et al., 2017). Subsequent advances try to address this prob-
lem through various approaches: photorealism regulariza-
tion (Luan et al., 2017), unpooling with mask preservation
(Huang and Belongie, 2017), wavelet operations (Yoo et al.,
2019), spatial propagation networks (Li et al., 2019a),
structure decomposition (Park et al., 2020), and bilateral
learning (Xia et al., 2020). In the past two years, Diffusion-
based approaches have further advanced photorealistic style
transfer. ArtAdapter (Chen et al., 2024) employs multi-level
style encoding to preserve semantics during arbitrary style
transfer, while Puff-Net (Zheng et al., 2024) introduces a
lightweight content–style fusion framework for real-time
stylization with fewer artifacts. More recently, SA-LUT

(Gong et al., 2025) and ConsisLoRA (Chen et al., 2025)
focus on efficiency and structural fidelity by leveraging
spatially adaptive look-up tables and consistency-enhanced
diffusion adapters, respectively. These advances highlight
a growing emphasis on style fidelity. Despite these inno-
vations, existing methods still produce noticeable artifacts:
oversmoothing (as depicted in the results of PhotoWCT in
Figure 1 (c)), blurriness and semantics errors (such as the
results of WCT2 and the representation of the sun’s color in
Figure 1 (d)) or local distortions (as illustrated by the patch
results of WCT2 in Figure 1 (f)).

In this paper, we identify that encoder downsampling
inherently causes spatial detail loss (Zhao and Snoek, 2020),
thus producing distortions in photorealistic style transfer. To
resolve this, we propose REST - a REsolution-preserving
network for photorealistic Style Transfer. Unlike existing
approaches (Li et al., 2018; Yoo et al., 2019), REST employs
a fully resolution-preserving encoder-decoder architecture
that eliminates all pooling and upsampling operations. By
maintaining full spatial resolution throughout processing,
our network preserves fine image details more effectively
than reduced-resolution VGG-based features.

Learning such resolution-preserving networks presents
unique challenges. While preserving spatial details, these
networks tend to overfit to low-level features, compromising
structural semantics. To address this, we introduce semantic
distillation, motivated by VGG-19’s proven ability to cap-
ture high-level semantics despite its detail loss (Simonyan
and Zisserman, 2014).

Our approach bridges this gap through semantic dis-
tillation, which effectively transfers VGG-19’s hierarchical
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(c) PhotoWCT (b) Content Image (d) WCT² (e) Ours (REST)(a) Reference Style Image (f) Patches

Fig. 1. Given reference style images (a) and content images (b), we illustrate the photorealistic style transfer results of PhotoWCT (Li
et al., 2018) (c), WCT2 (Yoo et al., 2019) (d) and our model (e). In (f), enlarged patches of the content images and stylized results are
given to compare image details. As can be seen, PhotoWCT suffers from over-smoothing effects and WCT2 presents unclear fine details.
In contrast, the proposed model produces better style transfer results with details better preserved and styles better transferred. Best view
in large size to see details.

feature extraction capabilities to the resolution-preserving
network while overcoming their dimensional mismatch via
adaptive pooling and linear projection. By integrating this
distilled knowledge with standard style transfer modules
like AdaIN (Huang and Belongie, 2017) and WCT (Li
et al., 2017b), the framework simultaneously achieves ro-
bust semantic stylization and unprecedented detail retention,
outperforming existing methods in photorealistic quality.

Our main contributions can be summarized as follows:
First, we propose an innovative, resolution preserving

network structure for effective photorealistic style transfer.
It can also be extended to various other image processing
tasks that necessitate image detail preserving, such as,
image denoising.

Second, we introduce a semantic feature distillation
module to train the resolution-preserving network. Dense
layer-wise correspondences are established between the
VGG network and the resolution-preserving network to
transfer the VGG’s semantic feature extraction capability to
our proposed resolution preserving network.

Lastly, through extensive qualitative experiments, quan-
titative evaluations, and user studies, we demonstrate the
efficacy of our approach in preserving content details while
achieving effective stylization, outperforming state-of-the-
art photorealistic style transfer methods. REST exhibits
remarkable simplicity and high efficiency, achieving a 60×
speed up over WCT2.

2. Related Work
Since the first work of Gatys et al. (Gatys et al.,

2016) which proposes an iterative neural optimization based
method for artistic style transfer, a large amount of style
transfer methods have been proposed. The main focus of
these methods is to address the problems that iterative
optimization is slow (Johnson et al., 2016; Sanakoyeu
et al., 2018) and how to learn a model for universal style
transfer (Jing et al., 2018; Dumoulin et al., 2017; Huang
and Belongie, 2017; Li et al., 2019b, 2017a, 2018; Ulyanov
et al., 2016, 2017; Hu et al., 2020; Chen et al., 2020a; Li,

2021; Yao et al., 2024; Cai et al., 2025). However, since
these methods are designed for general artistic style transfer,
they often result in spatial distortions (Xia et al., 2020),
which are not ideal for photorealistic style transfer.

Photorealistic style transfer. Photorealistic style trans-
fer has evolved along two main lines: traditional color/tone
matching approaches and modern neural methods. Early
work focuses on matching color statistics in restricted color
spaces, achieving plausible global appearance transfer but
limited structural control (Bae et al., 2006; Pitie et al., 2005;
Reinhard et al., 2001). With deep learning, research has
centered on mitigating geometric and structural distortion
while improving realism (Luan et al., 2017; Yoo et al., 2019;
Li et al., 2019b; Zhang et al., 2024; Chigot et al., 2025;
Gong et al., 2025; Wang et al., 2024). Deep Photo Style
Transfer (DPST) augments the optimization framework of
Gatys et al. by introducing a local affine photorealism con-
straint that preserves the structure of the contentthe content-
the contentthe contentthe contentthe contentthe contentthe
content during stylization (Luan et al., 2017; Gatys et al.,
2016). PhotoWCT replaces standard pooling/upsampling
with pooling masks and unpooling to better maintain spatial
correspondence, though a dedicated post-processing step is
still required to smooth artifacts (Li et al., 2018). Build-
ing on whitening–coloring transforms, WCT2 substitutes
pooling with wavelet pooling/unpooling, further improv-
ing photorealism and dispensing with post-processing (Yoo
et al., 2019). To reinforce spatial affinity, Linear Style
Transfer (LST) appends a spatial propagation network after
the main stylization module (Li et al., 2019b). Xia et al.
adopt a grid prediction module with a fully connected layer
to learn local affine transforms that explicitly satisfy the
photorealism constraint (Xia et al., 2020). Beyond these,
Huo et al. proposed DIST, a lightweight image and video
style transfer framework based on knowledge distillation
and an efficient learnable feature transformation module,
achieving high-quality results with significantly reduced
model size(Huo et al., 2024). SA-LUT learns a spatially
adaptive 4D look-up table conditioned on content/layout
to realize photorealistic, edge-aware color/style mapping
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with strong efficiency (Gong et al., 2025). ConsisLoRA
enhances LoRA-based diffusion adapters via content- and
style-consistency regularization, improving faithfulness to
input structure while maintaining target style character-
istics and supporting region-aware control (Chen et al.,
2025). Overall, these methods constrain the stylized output
to local affine color transforms derived from the input,
but most are built upon auto-encoder architectures with
downsampling, which inevitably degrade fine spatial details.
In contrast, our approach designs a fully convolutional,
resolution-preserving network that avoids downsampling
and thus better maintains the spatial structure of the content.
Extensive experiments demonstrate that our model pre-
serves image details more effectively than existing methods.

Knowledge distillation (KD). Knowledge distillation
(Hinton et al., 2015; Ba and Caruana, 2014; Buciluǎ et al.,
2006) is a promising model compression technique that can
transfer the knowledge of large networks (called the teacher)
to small networks (called the student). Previously, KD is
mainly explored in high-level vision tasks, such as image
classification. Huan et al. (Wang et al., 2020) proposed a
collaborative distillation for encoder-decoder based neural
style transfer to reduce the number of convolutional filters.
To learn a lightweight video style transfer network via
knowledge distillation, Chen et al. (Chen et al., 2020b)
used knowledge distillation to transfer knowledge from a
large teacher video style transfer model to a smaller and
more efficient video style transfer model. Huo et al. (Huo
et al., 2024) employs knowledge distillation to compress the
style transfer backbone, replacing the pre-trained VGG-19
with a lightweight student network while preserving feature
representation capabilities for efficient style transfer.

In this paper, to force the proposed resolution preserving
network to learn more useful features for style transfer,
we proposed a semantic distillation module to transfer the
high-level feature extraction ability of VGG-19 network
to the resolution preserving network. Different from ho-
mogeneous student and teacher-based work (Wang et al.,
2020; Chen et al., 2020b), we propose a method to distill
knowledge from a heterogeneous teacher (VGG-19) to a
heterogeneous student (RPEncoder).

3. Proposed Method
The overall structure of the proposed network is illus-

trated in Figure 2. The proposed model comprises three
primary components: 1) A resolution-preserving network
consisting of a resolution-preserving encoder (RPEncoder)
and a resolution-preserving decoder (RPDecoder), as shown
in Figure 2 (a). This network maintains the resolution of
features throughout its forward process, thereby preserving
input details. 2) To facilitate the RPEncoder in learning
more effective features for style transfer, the semantic dis-
tillation module is proposed, see Figure 2 (b). This module
takes as inputs the features from corresponding layers of
both RPEncoder and the VGG-19 encoder. We employ
adaptive pooling and linear projection to align the features

initially, followed by forcing the two features to be close.
3) Lastly, a stylization block is also needed. In the proposed
network structure of Figure 2 (c), we directly employ AdaIN
as the fundamental stylization structure, augmented with
multi-level stylization to augment the degree of stylization.

3.1. Resolution Preserving Network
The state-of-the-art photorealistic style transfer models

(Li et al., 2018; Yoo et al., 2019) are mostly based on
the auto-encoder structure, in which the resolutions are
reduced by pooling operations. Reduction of the spatial
dimension of feature maps may inevitably lead to loss of fine
content details, which cannot be easily recovered by simple
image reconstruction losses. To address this problem, we
propose a resolution preserving network for photorealistic
stylization, which contains a resolution preserving encoder
and a resolution preserving decoder.

Resolution preserving encoder (RPEncoder). The
RPEncoder, denoted as 𝐄, consists of several RPCon-
vBlocks (see Figure 3). An RPConvBlock contains a 3 × 3
convolutional layer, a batch normalization (BN) layer, a
rectified linear unit (ReLU) activation and a 1 × 1 con-
volutional layer. To avoid the loss of border pixels after
convolution, the replication padding is employed before the
operation of the 3 × 3 convolutional layer. For the 3 × 3
convolutional layer, the stride is set to 1. With the above
design, the resolution of feature maps after RPConvBlocks
will be preserved. Notice that to make the feature extraction
ability of RPEncoder more powerful, we have also used a
1 × 1 convolutional layer. BN is used to control the scale of
the output. Details of the network structure, including the
number and the size of the convolutional filters, are given in
the supplementary material.

Resolution preserving decoder (RPDecoder). With
the features extracted by RPEncoder, we build the resolution
preserving decoder 𝐃, called RPDecoder. Accordingly, it
receives the full-resolution features from 𝐄, and learns to
decode the output image. It is almost symmetrical with
the RPEncoder, except that, each block of RPDecoder only
consists of a 3×3 convolutional layer and a ReLU layer. BN
and 1×1 convolutional layer are not included in RPDecoder.

Compared to the VGG-based structure, the resolution-
preserving network (RPNet) receives each input with the
same spatial resolution as original image. As resolution is
preserved, it is noticed that the RPNet appears to consume
significantly more memory and inference time than VGG-
19.

Instead of that, as demonstrated in Tab. 2, our method
exhibits a remarkable reduction in computational cost com-
pared to previous methods. This is attributed to our method
employing a network with multiple layers and generating
features with significantly fewer channels.

3.2. Semantic Distillation
Utilizing the previously designed resolution preserving

network, we can employ the same training scheme as
that of the traditional auto-encoder to train the RPEncoder
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Stylization

(a) Overview structure of REST
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Fv
I(l)

<latexit sha1_base64="1u0xeQdgPFV2IFKzG7FKraHrajU=">AAAB/XicbVDLSsNAFL2pr1pf8bFzM1iEuimJCLosCqK7CvYBbQyT6bQdOnkwMynUEPwVNy4Ucet/uPNvnLRZaOuBgcM593LPHC/iTCrL+jYKS8srq2vF9dLG5tb2jrm715RhLAhtkJCHou1hSTkLaEMxxWk7EhT7Hqctb3SV+a0xFZKFwb2aRNTx8SBgfUaw0pJrHnR9rIYE8+Q6fRi7yW2Fn6SuWbaq1hRokdg5KUOOumt+dXshiX0aKMKxlB3bipSTYKEY4TQtdWNJI0xGeEA7mgbYp9JJpulTdKyVHuqHQr9Aoan6eyPBvpQT39OTWVY572Xif14nVv0LJ2FBFCsakNmhfsyRClFWBeoxQYniE00wEUxnRWSIBSZKF1bSJdjzX14kzdOqbVXtu7Ny7TKvowiHcAQVsOEcanADdWgAgUd4hld4M56MF+Pd+JiNFox8Zx/+wPj8AUlglRg=</latexit><latexit sha1_base64="1u0xeQdgPFV2IFKzG7FKraHrajU=">AAAB/XicbVDLSsNAFL2pr1pf8bFzM1iEuimJCLosCqK7CvYBbQyT6bQdOnkwMynUEPwVNy4Ucet/uPNvnLRZaOuBgcM593LPHC/iTCrL+jYKS8srq2vF9dLG5tb2jrm715RhLAhtkJCHou1hSTkLaEMxxWk7EhT7Hqctb3SV+a0xFZKFwb2aRNTx8SBgfUaw0pJrHnR9rIYE8+Q6fRi7yW2Fn6SuWbaq1hRokdg5KUOOumt+dXshiX0aKMKxlB3bipSTYKEY4TQtdWNJI0xGeEA7mgbYp9JJpulTdKyVHuqHQr9Aoan6eyPBvpQT39OTWVY572Xif14nVv0LJ2FBFCsakNmhfsyRClFWBeoxQYniE00wEUxnRWSIBSZKF1bSJdjzX14kzdOqbVXtu7Ny7TKvowiHcAQVsOEcanADdWgAgUd4hld4M56MF+Pd+JiNFox8Zx/+wPj8AUlglRg=</latexit><latexit sha1_base64="1u0xeQdgPFV2IFKzG7FKraHrajU=">AAAB/XicbVDLSsNAFL2pr1pf8bFzM1iEuimJCLosCqK7CvYBbQyT6bQdOnkwMynUEPwVNy4Ucet/uPNvnLRZaOuBgcM593LPHC/iTCrL+jYKS8srq2vF9dLG5tb2jrm715RhLAhtkJCHou1hSTkLaEMxxWk7EhT7Hqctb3SV+a0xFZKFwb2aRNTx8SBgfUaw0pJrHnR9rIYE8+Q6fRi7yW2Fn6SuWbaq1hRokdg5KUOOumt+dXshiX0aKMKxlB3bipSTYKEY4TQtdWNJI0xGeEA7mgbYp9JJpulTdKyVHuqHQr9Aoan6eyPBvpQT39OTWVY572Xif14nVv0LJ2FBFCsakNmhfsyRClFWBeoxQYniE00wEUxnRWSIBSZKF1bSJdjzX14kzdOqbVXtu7Ny7TKvowiHcAQVsOEcanADdWgAgUd4hld4M56MF+Pd+JiNFox8Zx/+wPj8AUlglRg=</latexit><latexit sha1_base64="1u0xeQdgPFV2IFKzG7FKraHrajU=">AAAB/XicbVDLSsNAFL2pr1pf8bFzM1iEuimJCLosCqK7CvYBbQyT6bQdOnkwMynUEPwVNy4Ucet/uPNvnLRZaOuBgcM593LPHC/iTCrL+jYKS8srq2vF9dLG5tb2jrm715RhLAhtkJCHou1hSTkLaEMxxWk7EhT7Hqctb3SV+a0xFZKFwb2aRNTx8SBgfUaw0pJrHnR9rIYE8+Q6fRi7yW2Fn6SuWbaq1hRokdg5KUOOumt+dXshiX0aKMKxlB3bipSTYKEY4TQtdWNJI0xGeEA7mgbYp9JJpulTdKyVHuqHQr9Aoan6eyPBvpQT39OTWVY572Xif14nVv0LJ2FBFCsakNmhfsyRClFWBeoxQYniE00wEUxnRWSIBSZKF1bSJdjzX14kzdOqbVXtu7Ny7TKvowiHcAQVsOEcanADdWgAgUd4hld4M56MF+Pd+JiNFox8Zx/+wPj8AUlglRg=</latexit>

FI(l)
<latexit sha1_base64="xg+l23HSN9cR7W2BC+oo+JIYKjY=">AAAB+3icbVDLSsNAFL3xWeur1qWbwSLUTUlE0GVREN1VsA9oQ5hMJ+3QySTMTMQS8ituXCji1h9x5984abPQ1gMDh3Pu5Z45fsyZ0rb9ba2srq1vbJa2yts7u3v7lYNqR0WJJLRNIh7Jno8V5UzQtmaa014sKQ59Trv+5Dr3u49UKhaJBz2NqRvikWABI1gbyatUByHWY4J5epN56V2dn2ZepWY37BnQMnEKUoMCLa/yNRhGJAmp0IRjpfqOHWs3xVIzwmlWHiSKxphM8Ij2DRU4pMpNZ9kzdGKUIQoiaZ7QaKb+3khxqNQ09M1knlQtern4n9dPdHDppkzEiaaCzA8FCUc6QnkRaMgkJZpPDcFEMpMVkTGWmGhTV9mU4Cx+eZl0zhqO3XDuz2vNq6KOEhzBMdTBgQtowi20oA0EnuAZXuHNyqwX6936mI+uWMXOIfyB9fkDrpSUMA==</latexit><latexit sha1_base64="xg+l23HSN9cR7W2BC+oo+JIYKjY=">AAAB+3icbVDLSsNAFL3xWeur1qWbwSLUTUlE0GVREN1VsA9oQ5hMJ+3QySTMTMQS8ituXCji1h9x5984abPQ1gMDh3Pu5Z45fsyZ0rb9ba2srq1vbJa2yts7u3v7lYNqR0WJJLRNIh7Jno8V5UzQtmaa014sKQ59Trv+5Dr3u49UKhaJBz2NqRvikWABI1gbyatUByHWY4J5epN56V2dn2ZepWY37BnQMnEKUoMCLa/yNRhGJAmp0IRjpfqOHWs3xVIzwmlWHiSKxphM8Ij2DRU4pMpNZ9kzdGKUIQoiaZ7QaKb+3khxqNQ09M1knlQtern4n9dPdHDppkzEiaaCzA8FCUc6QnkRaMgkJZpPDcFEMpMVkTGWmGhTV9mU4Cx+eZl0zhqO3XDuz2vNq6KOEhzBMdTBgQtowi20oA0EnuAZXuHNyqwX6936mI+uWMXOIfyB9fkDrpSUMA==</latexit><latexit sha1_base64="xg+l23HSN9cR7W2BC+oo+JIYKjY=">AAAB+3icbVDLSsNAFL3xWeur1qWbwSLUTUlE0GVREN1VsA9oQ5hMJ+3QySTMTMQS8ituXCji1h9x5984abPQ1gMDh3Pu5Z45fsyZ0rb9ba2srq1vbJa2yts7u3v7lYNqR0WJJLRNIh7Jno8V5UzQtmaa014sKQ59Trv+5Dr3u49UKhaJBz2NqRvikWABI1gbyatUByHWY4J5epN56V2dn2ZepWY37BnQMnEKUoMCLa/yNRhGJAmp0IRjpfqOHWs3xVIzwmlWHiSKxphM8Ij2DRU4pMpNZ9kzdGKUIQoiaZ7QaKb+3khxqNQ09M1knlQtern4n9dPdHDppkzEiaaCzA8FCUc6QnkRaMgkJZpPDcFEMpMVkTGWmGhTV9mU4Cx+eZl0zhqO3XDuz2vNq6KOEhzBMdTBgQtowi20oA0EnuAZXuHNyqwX6936mI+uWMXOIfyB9fkDrpSUMA==</latexit><latexit sha1_base64="xg+l23HSN9cR7W2BC+oo+JIYKjY=">AAAB+3icbVDLSsNAFL3xWeur1qWbwSLUTUlE0GVREN1VsA9oQ5hMJ+3QySTMTMQS8ituXCji1h9x5984abPQ1gMDh3Pu5Z45fsyZ0rb9ba2srq1vbJa2yts7u3v7lYNqR0WJJLRNIh7Jno8V5UzQtmaa014sKQ59Trv+5Dr3u49UKhaJBz2NqRvikWABI1gbyatUByHWY4J5epN56V2dn2ZepWY37BnQMnEKUoMCLa/yNRhGJAmp0IRjpfqOHWs3xVIzwmlWHiSKxphM8Ij2DRU4pMpNZ9kzdGKUIQoiaZ7QaKb+3khxqNQ09M1knlQtern4n9dPdHDppkzEiaaCzA8FCUc6QnkRaMgkJZpPDcFEMpMVkTGWmGhTV9mU4Cx+eZl0zhqO3XDuz2vNq6KOEhzBMdTBgQtowi20oA0EnuAZXuHNyqwX6936mI+uWMXOIfyB9fkDrpSUMA==</latexit>

F�
I(l)

<latexit sha1_base64="JugMcCFlhs2W0+0SLPdA9+Vn3o0=">AAACBXicbVDLSsNAFJ34rPUVdamLwSLUTUlE0GVREN1VsA9oYphMJu3QySTMTIQSsnHjr7hxoYhb/8Gdf+OkzUJbDwwczrmHuff4CaNSWda3sbC4tLyyWlmrrm9sbm2bO7sdGacCkzaOWSx6PpKEUU7aiipGeokgKPIZ6fqjy8LvPhAhaczv1DghboQGnIYUI6UlzzxwIqSGGLHsKr/PHKaTAcq97KbOjnPPrFkNawI4T+yS1ECJlmd+OUGM04hwhRmSsm9biXIzJBTFjORVJ5UkQXiEBqSvKUcRkW42uSKHR1oJYBgL/biCE/V3IkORlOPI15PFznLWK8T/vH6qwnM3ozxJFeF4+lGYMqhiWFQCAyoIVmysCcKC6l0hHiKBsNLFVXUJ9uzJ86Rz0rCthn17WmtelHVUwD44BHVggzPQBNegBdoAg0fwDF7Bm/FkvBjvxsd0dMEoM3vgD4zPH6rLmKc=</latexit><latexit sha1_base64="JugMcCFlhs2W0+0SLPdA9+Vn3o0=">AAACBXicbVDLSsNAFJ34rPUVdamLwSLUTUlE0GVREN1VsA9oYphMJu3QySTMTIQSsnHjr7hxoYhb/8Gdf+OkzUJbDwwczrmHuff4CaNSWda3sbC4tLyyWlmrrm9sbm2bO7sdGacCkzaOWSx6PpKEUU7aiipGeokgKPIZ6fqjy8LvPhAhaczv1DghboQGnIYUI6UlzzxwIqSGGLHsKr/PHKaTAcq97KbOjnPPrFkNawI4T+yS1ECJlmd+OUGM04hwhRmSsm9biXIzJBTFjORVJ5UkQXiEBqSvKUcRkW42uSKHR1oJYBgL/biCE/V3IkORlOPI15PFznLWK8T/vH6qwnM3ozxJFeF4+lGYMqhiWFQCAyoIVmysCcKC6l0hHiKBsNLFVXUJ9uzJ86Rz0rCthn17WmtelHVUwD44BHVggzPQBNegBdoAg0fwDF7Bm/FkvBjvxsd0dMEoM3vgD4zPH6rLmKc=</latexit><latexit sha1_base64="JugMcCFlhs2W0+0SLPdA9+Vn3o0=">AAACBXicbVDLSsNAFJ34rPUVdamLwSLUTUlE0GVREN1VsA9oYphMJu3QySTMTIQSsnHjr7hxoYhb/8Gdf+OkzUJbDwwczrmHuff4CaNSWda3sbC4tLyyWlmrrm9sbm2bO7sdGacCkzaOWSx6PpKEUU7aiipGeokgKPIZ6fqjy8LvPhAhaczv1DghboQGnIYUI6UlzzxwIqSGGLHsKr/PHKaTAcq97KbOjnPPrFkNawI4T+yS1ECJlmd+OUGM04hwhRmSsm9biXIzJBTFjORVJ5UkQXiEBqSvKUcRkW42uSKHR1oJYBgL/biCE/V3IkORlOPI15PFznLWK8T/vH6qwnM3ozxJFeF4+lGYMqhiWFQCAyoIVmysCcKC6l0hHiKBsNLFVXUJ9uzJ86Rz0rCthn17WmtelHVUwD44BHVggzPQBNegBdoAg0fwDF7Bm/FkvBjvxsd0dMEoM3vgD4zPH6rLmKc=</latexit><latexit sha1_base64="JugMcCFlhs2W0+0SLPdA9+Vn3o0=">AAACBXicbVDLSsNAFJ34rPUVdamLwSLUTUlE0GVREN1VsA9oYphMJu3QySTMTIQSsnHjr7hxoYhb/8Gdf+OkzUJbDwwczrmHuff4CaNSWda3sbC4tLyyWlmrrm9sbm2bO7sdGacCkzaOWSx6PpKEUU7aiipGeokgKPIZ6fqjy8LvPhAhaczv1DghboQGnIYUI6UlzzxwIqSGGLHsKr/PHKaTAcq97KbOjnPPrFkNawI4T+yS1ECJlmd+OUGM04hwhRmSsm9biXIzJBTFjORVJ5UkQXiEBqSvKUcRkW42uSKHR1oJYBgL/biCE/V3IkORlOPI15PFznLWK8T/vH6qwnM3ozxJFeF4+lGYMqhiWFQCAyoIVmysCcKC6l0hHiKBsNLFVXUJ9uzJ86Rz0rCthn17WmtelHVUwD44BHVggzPQBNegBdoAg0fwDF7Bm/FkvBjvxsd0dMEoM3vgD4zPH6rLmKc=</latexit>

Cl ⇥H ⇥W
<latexit sha1_base64="1AJQCBT0YV1cWbW9+FMMItRhmyA=">AAAB/nicbZDLSgNBEEVr4ivG16i4ctMYBFdhRgRdBrPJMoJ5QDIMPZ1O0qTnQXeNEIaAv+LGhSJu/Q53/o2dZARNvNBwuFVFVd8gkUKj43xZhbX1jc2t4nZpZ3dv/8A+PGrpOFWMN1ksY9UJqOZSRLyJAiXvJIrTMJC8HYxrs3r7gSst4ugeJwn3QjqMxEAwisby7ZOaL0kPRcg1qf9A27fLTsWZi6yCm0MZcjV8+7PXj1ka8giZpFp3XSdBL6MKBZN8WuqlmieUjemQdw1G1Kzxsvn5U3JunD4ZxMq8CMnc/T2R0VDrSRiYzpDiSC/XZuZ/tW6KgxsvE1GSIo/YYtEglQRjMsuC9IXiDOXEAGVKmFsJG1FFGZrESiYEd/nLq9C6rLhOxb27Kldv8ziKcApncAEuXEMV6tCAJjDI4Ale4NV6tJ6tN+t90Vqw8plj+CPr4xuuhZSm</latexit><latexit sha1_base64="1AJQCBT0YV1cWbW9+FMMItRhmyA=">AAAB/nicbZDLSgNBEEVr4ivG16i4ctMYBFdhRgRdBrPJMoJ5QDIMPZ1O0qTnQXeNEIaAv+LGhSJu/Q53/o2dZARNvNBwuFVFVd8gkUKj43xZhbX1jc2t4nZpZ3dv/8A+PGrpOFWMN1ksY9UJqOZSRLyJAiXvJIrTMJC8HYxrs3r7gSst4ugeJwn3QjqMxEAwisby7ZOaL0kPRcg1qf9A27fLTsWZi6yCm0MZcjV8+7PXj1ka8giZpFp3XSdBL6MKBZN8WuqlmieUjemQdw1G1Kzxsvn5U3JunD4ZxMq8CMnc/T2R0VDrSRiYzpDiSC/XZuZ/tW6KgxsvE1GSIo/YYtEglQRjMsuC9IXiDOXEAGVKmFsJG1FFGZrESiYEd/nLq9C6rLhOxb27Kldv8ziKcApncAEuXEMV6tCAJjDI4Ale4NV6tJ6tN+t90Vqw8plj+CPr4xuuhZSm</latexit><latexit sha1_base64="1AJQCBT0YV1cWbW9+FMMItRhmyA=">AAAB/nicbZDLSgNBEEVr4ivG16i4ctMYBFdhRgRdBrPJMoJ5QDIMPZ1O0qTnQXeNEIaAv+LGhSJu/Q53/o2dZARNvNBwuFVFVd8gkUKj43xZhbX1jc2t4nZpZ3dv/8A+PGrpOFWMN1ksY9UJqOZSRLyJAiXvJIrTMJC8HYxrs3r7gSst4ugeJwn3QjqMxEAwisby7ZOaL0kPRcg1qf9A27fLTsWZi6yCm0MZcjV8+7PXj1ka8giZpFp3XSdBL6MKBZN8WuqlmieUjemQdw1G1Kzxsvn5U3JunD4ZxMq8CMnc/T2R0VDrSRiYzpDiSC/XZuZ/tW6KgxsvE1GSIo/YYtEglQRjMsuC9IXiDOXEAGVKmFsJG1FFGZrESiYEd/nLq9C6rLhOxb27Kldv8ziKcApncAEuXEMV6tCAJjDI4Ale4NV6tJ6tN+t90Vqw8plj+CPr4xuuhZSm</latexit><latexit sha1_base64="1AJQCBT0YV1cWbW9+FMMItRhmyA=">AAAB/nicbZDLSgNBEEVr4ivG16i4ctMYBFdhRgRdBrPJMoJ5QDIMPZ1O0qTnQXeNEIaAv+LGhSJu/Q53/o2dZARNvNBwuFVFVd8gkUKj43xZhbX1jc2t4nZpZ3dv/8A+PGrpOFWMN1ksY9UJqOZSRLyJAiXvJIrTMJC8HYxrs3r7gSst4ugeJwn3QjqMxEAwisby7ZOaL0kPRcg1qf9A27fLTsWZi6yCm0MZcjV8+7PXj1ka8giZpFp3XSdBL6MKBZN8WuqlmieUjemQdw1G1Kzxsvn5U3JunD4ZxMq8CMnc/T2R0VDrSRiYzpDiSC/XZuZ/tW6KgxsvE1GSIo/YYtEglQRjMsuC9IXiDOXEAGVKmFsJG1FFGZrESiYEd/nLq9C6rLhOxb27Kldv8ziKcApncAEuXEMV6tCAJjDI4Ale4NV6tJ6tN+t90Vqw8plj+CPr4xuuhZSm</latexit>

Cl ⇥H
0
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0
l

<latexit sha1_base64="zkcZPacljrc4jwz2CHYEz4gySKI=">AAACFHicbVDLSsNAFL3xWesr6tLNYBEEoSQi6LLYTZcV7AOaGibTSTt0MgkzE6GEfoQbf8WNC0XcunDn3zhtI9TWAwPnnnMvd+4JEs6Udpxva2V1bX1js7BV3N7Z3du3Dw6bKk4loQ0S81i2A6woZ4I2NNOcthNJcRRw2gqG1YnfeqBSsVjc6VFCuxHuCxYygrWRfPu86nPkaRZRhWo+v8+8RJpi/Ku15jTfLjllZwq0TNyclCBH3be/vF5M0ogKTThWquM6ie5mWGpGOB0XvVTRBJMh7tOOoQKbjd1setQYnRqlh8JYmic0mqrzExmOlBpFgemMsB6oRW8i/ud1Uh1edzMmklRTQWaLwpQjHaNJQqjHJCWajwzBRDLzV0QGWGKiTY5FE4K7ePIyaV6UXafs3l6WKjd5HAU4hhM4AxeuoAI1qEMDCDzCM7zCm/VkvVjv1sesdcXKZ47gD6zPH9pcnrY=</latexit><latexit sha1_base64="zkcZPacljrc4jwz2CHYEz4gySKI=">AAACFHicbVDLSsNAFL3xWesr6tLNYBEEoSQi6LLYTZcV7AOaGibTSTt0MgkzE6GEfoQbf8WNC0XcunDn3zhtI9TWAwPnnnMvd+4JEs6Udpxva2V1bX1js7BV3N7Z3du3Dw6bKk4loQ0S81i2A6woZ4I2NNOcthNJcRRw2gqG1YnfeqBSsVjc6VFCuxHuCxYygrWRfPu86nPkaRZRhWo+v8+8RJpi/Ku15jTfLjllZwq0TNyclCBH3be/vF5M0ogKTThWquM6ie5mWGpGOB0XvVTRBJMh7tOOoQKbjd1setQYnRqlh8JYmic0mqrzExmOlBpFgemMsB6oRW8i/ud1Uh1edzMmklRTQWaLwpQjHaNJQqjHJCWajwzBRDLzV0QGWGKiTY5FE4K7ePIyaV6UXafs3l6WKjd5HAU4hhM4AxeuoAI1qEMDCDzCM7zCm/VkvVjv1sesdcXKZ47gD6zPH9pcnrY=</latexit><latexit sha1_base64="zkcZPacljrc4jwz2CHYEz4gySKI=">AAACFHicbVDLSsNAFL3xWesr6tLNYBEEoSQi6LLYTZcV7AOaGibTSTt0MgkzE6GEfoQbf8WNC0XcunDn3zhtI9TWAwPnnnMvd+4JEs6Udpxva2V1bX1js7BV3N7Z3du3Dw6bKk4loQ0S81i2A6woZ4I2NNOcthNJcRRw2gqG1YnfeqBSsVjc6VFCuxHuCxYygrWRfPu86nPkaRZRhWo+v8+8RJpi/Ku15jTfLjllZwq0TNyclCBH3be/vF5M0ogKTThWquM6ie5mWGpGOB0XvVTRBJMh7tOOoQKbjd1setQYnRqlh8JYmic0mqrzExmOlBpFgemMsB6oRW8i/ud1Uh1edzMmklRTQWaLwpQjHaNJQqjHJCWajwzBRDLzV0QGWGKiTY5FE4K7ePIyaV6UXafs3l6WKjd5HAU4hhM4AxeuoAI1qEMDCDzCM7zCm/VkvVjv1sesdcXKZ47gD6zPH9pcnrY=</latexit><latexit sha1_base64="zkcZPacljrc4jwz2CHYEz4gySKI=">AAACFHicbVDLSsNAFL3xWesr6tLNYBEEoSQi6LLYTZcV7AOaGibTSTt0MgkzE6GEfoQbf8WNC0XcunDn3zhtI9TWAwPnnnMvd+4JEs6Udpxva2V1bX1js7BV3N7Z3du3Dw6bKk4loQ0S81i2A6woZ4I2NNOcthNJcRRw2gqG1YnfeqBSsVjc6VFCuxHuCxYygrWRfPu86nPkaRZRhWo+v8+8RJpi/Ku15jTfLjllZwq0TNyclCBH3be/vF5M0ogKTThWquM6ie5mWGpGOB0XvVTRBJMh7tOOoQKbjd1setQYnRqlh8JYmic0mqrzExmOlBpFgemMsB6oRW8i/ud1Uh1edzMmklRTQWaLwpQjHaNJQqjHJCWajwzBRDLzV0QGWGKiTY5FE4K7ePIyaV6UXafs3l6WKjd5HAU4hhM4AxeuoAI1qEMDCDzCM7zCm/VkvVjv1sesdcXKZ47gD6zPH9pcnrY=</latexit>
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<latexit sha1_base64="fkuhu/Y6wyFjbX5irRDxoeVYhx8="></latexit><latexit sha1_base64="fkuhu/Y6wyFjbX5irRDxoeVYhx8="></latexit><latexit sha1_base64="fkuhu/Y6wyFjbX5irRDxoeVYhx8="></latexit><latexit sha1_base64="fkuhu/Y6wyFjbX5irRDxoeVYhx8="></latexit>
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<latexit sha1_base64="9ZzHAlz3WChqSJtRsfEvmXnlv1Y=">AAACI3icbVDLSsNAFL3xWesr6tLNYBFclUQExVWxmy4r2Ac0MUymk3bo5MHMRCgh/+LGX3HjQiluXPgvTtss7OPAMIdz7uXee/yEM6ks68fY2Nza3tkt7ZX3Dw6Pjs2T07aMU0Foi8Q8Fl0fS8pZRFuKKU67iaA49Dnt+KP61O+8UCFZHD2pcULdEA8iFjCClZY8877uZTx/zpxEsJDmyFH6k6ixVu0sqJ5ZsarWDGiV2AWpQIGmZ06cfkzSkEaKcCxlz7YS5WZYKEY4zctOKmmCyQgPaE/TCOuZbja7MUeXWumjIBb6RQrN1P8dGQ6lHIe+rgyxGsplbyqu83qpCu7cjEVJqmhE5oOClCMVo2lgqM8EJYqPNcFEML0rIkMsMFE61rIOwV4+eZW0r6u2VbUfbyq1hyKOEpzDBVyBDbdQgwY0oQUEXuEdPuHLeDM+jInxPS/dMIqeM1iA8fsHehqmAw==</latexit><latexit sha1_base64="9ZzHAlz3WChqSJtRsfEvmXnlv1Y=">AAACI3icbVDLSsNAFL3xWesr6tLNYBFclUQExVWxmy4r2Ac0MUymk3bo5MHMRCgh/+LGX3HjQiluXPgvTtss7OPAMIdz7uXee/yEM6ks68fY2Nza3tkt7ZX3Dw6Pjs2T07aMU0Foi8Q8Fl0fS8pZRFuKKU67iaA49Dnt+KP61O+8UCFZHD2pcULdEA8iFjCClZY8877uZTx/zpxEsJDmyFH6k6ixVu0sqJ5ZsarWDGiV2AWpQIGmZ06cfkzSkEaKcCxlz7YS5WZYKEY4zctOKmmCyQgPaE/TCOuZbja7MUeXWumjIBb6RQrN1P8dGQ6lHIe+rgyxGsplbyqu83qpCu7cjEVJqmhE5oOClCMVo2lgqM8EJYqPNcFEML0rIkMsMFE61rIOwV4+eZW0r6u2VbUfbyq1hyKOEpzDBVyBDbdQgwY0oQUEXuEdPuHLeDM+jInxPS/dMIqeM1iA8fsHehqmAw==</latexit><latexit sha1_base64="9ZzHAlz3WChqSJtRsfEvmXnlv1Y=">AAACI3icbVDLSsNAFL3xWesr6tLNYBFclUQExVWxmy4r2Ac0MUymk3bo5MHMRCgh/+LGX3HjQiluXPgvTtss7OPAMIdz7uXee/yEM6ks68fY2Nza3tkt7ZX3Dw6Pjs2T07aMU0Foi8Q8Fl0fS8pZRFuKKU67iaA49Dnt+KP61O+8UCFZHD2pcULdEA8iFjCClZY8877uZTx/zpxEsJDmyFH6k6ixVu0sqJ5ZsarWDGiV2AWpQIGmZ06cfkzSkEaKcCxlz7YS5WZYKEY4zctOKmmCyQgPaE/TCOuZbja7MUeXWumjIBb6RQrN1P8dGQ6lHIe+rgyxGsplbyqu83qpCu7cjEVJqmhE5oOClCMVo2lgqM8EJYqPNcFEML0rIkMsMFE61rIOwV4+eZW0r6u2VbUfbyq1hyKOEpzDBVyBDbdQgwY0oQUEXuEdPuHLeDM+jInxPS/dMIqeM1iA8fsHehqmAw==</latexit><latexit sha1_base64="9ZzHAlz3WChqSJtRsfEvmXnlv1Y=">AAACI3icbVDLSsNAFL3xWesr6tLNYBFclUQExVWxmy4r2Ac0MUymk3bo5MHMRCgh/+LGX3HjQiluXPgvTtss7OPAMIdz7uXee/yEM6ks68fY2Nza3tkt7ZX3Dw6Pjs2T07aMU0Foi8Q8Fl0fS8pZRFuKKU67iaA49Dnt+KP61O+8UCFZHD2pcULdEA8iFjCClZY8877uZTx/zpxEsJDmyFH6k6ixVu0sqJ5ZsarWDGiV2AWpQIGmZ06cfkzSkEaKcCxlz7YS5WZYKEY4zctOKmmCyQgPaE/TCOuZbja7MUeXWumjIBb6RQrN1P8dGQ6lHIe+rgyxGsplbyqu83qpCu7cjEVJqmhE5oOClCMVo2lgqM8EJYqPNcFEML0rIkMsMFE61rIOwV4+eZW0r6u2VbUfbyq1hyKOEpzDBVyBDbdQgwY0oQUEXuEdPuHLeDM+jInxPS/dMIqeM1iA8fsHehqmAw==</latexit>
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<latexit sha1_base64="9ZzHAlz3WChqSJtRsfEvmXnlv1Y=">AAACI3icbVDLSsNAFL3xWesr6tLNYBFclUQExVWxmy4r2Ac0MUymk3bo5MHMRCgh/+LGX3HjQiluXPgvTtss7OPAMIdz7uXee/yEM6ks68fY2Nza3tkt7ZX3Dw6Pjs2T07aMU0Foi8Q8Fl0fS8pZRFuKKU67iaA49Dnt+KP61O+8UCFZHD2pcULdEA8iFjCClZY8877uZTx/zpxEsJDmyFH6k6ixVu0sqJ5ZsarWDGiV2AWpQIGmZ06cfkzSkEaKcCxlz7YS5WZYKEY4zctOKmmCyQgPaE/TCOuZbja7MUeXWumjIBb6RQrN1P8dGQ6lHIe+rgyxGsplbyqu83qpCu7cjEVJqmhE5oOClCMVo2lgqM8EJYqPNcFEML0rIkMsMFE61rIOwV4+eZW0r6u2VbUfbyq1hyKOEpzDBVyBDbdQgwY0oQUEXuEdPuHLeDM+jInxPS/dMIqeM1iA8fsHehqmAw==</latexit><latexit sha1_base64="9ZzHAlz3WChqSJtRsfEvmXnlv1Y=">AAACI3icbVDLSsNAFL3xWesr6tLNYBFclUQExVWxmy4r2Ac0MUymk3bo5MHMRCgh/+LGX3HjQiluXPgvTtss7OPAMIdz7uXee/yEM6ks68fY2Nza3tkt7ZX3Dw6Pjs2T07aMU0Foi8Q8Fl0fS8pZRFuKKU67iaA49Dnt+KP61O+8UCFZHD2pcULdEA8iFjCClZY8877uZTx/zpxEsJDmyFH6k6ixVu0sqJ5ZsarWDGiV2AWpQIGmZ06cfkzSkEaKcCxlz7YS5WZYKEY4zctOKmmCyQgPaE/TCOuZbja7MUeXWumjIBb6RQrN1P8dGQ6lHIe+rgyxGsplbyqu83qpCu7cjEVJqmhE5oOClCMVo2lgqM8EJYqPNcFEML0rIkMsMFE61rIOwV4+eZW0r6u2VbUfbyq1hyKOEpzDBVyBDbdQgwY0oQUEXuEdPuHLeDM+jInxPS/dMIqeM1iA8fsHehqmAw==</latexit><latexit sha1_base64="9ZzHAlz3WChqSJtRsfEvmXnlv1Y=">AAACI3icbVDLSsNAFL3xWesr6tLNYBFclUQExVWxmy4r2Ac0MUymk3bo5MHMRCgh/+LGX3HjQiluXPgvTtss7OPAMIdz7uXee/yEM6ks68fY2Nza3tkt7ZX3Dw6Pjs2T07aMU0Foi8Q8Fl0fS8pZRFuKKU67iaA49Dnt+KP61O+8UCFZHD2pcULdEA8iFjCClZY8877uZTx/zpxEsJDmyFH6k6ixVu0sqJ5ZsarWDGiV2AWpQIGmZ06cfkzSkEaKcCxlz7YS5WZYKEY4zctOKmmCyQgPaE/TCOuZbja7MUeXWumjIBb6RQrN1P8dGQ6lHIe+rgyxGsplbyqu83qpCu7cjEVJqmhE5oOClCMVo2lgqM8EJYqPNcFEML0rIkMsMFE61rIOwV4+eZW0r6u2VbUfbyq1hyKOEpzDBVyBDbdQgwY0oQUEXuEdPuHLeDM+jInxPS/dMIqeM1iA8fsHehqmAw==</latexit><latexit sha1_base64="9ZzHAlz3WChqSJtRsfEvmXnlv1Y=">AAACI3icbVDLSsNAFL3xWesr6tLNYBFclUQExVWxmy4r2Ac0MUymk3bo5MHMRCgh/+LGX3HjQiluXPgvTtss7OPAMIdz7uXee/yEM6ks68fY2Nza3tkt7ZX3Dw6Pjs2T07aMU0Foi8Q8Fl0fS8pZRFuKKU67iaA49Dnt+KP61O+8UCFZHD2pcULdEA8iFjCClZY8877uZTx/zpxEsJDmyFH6k6ixVu0sqJ5ZsarWDGiV2AWpQIGmZ06cfkzSkEaKcCxlz7YS5WZYKEY4zctOKmmCyQgPaE/TCOuZbja7MUeXWumjIBb6RQrN1P8dGQ6lHIe+rgyxGsplbyqu83qpCu7cjEVJqmhE5oOClCMVo2lgqM8EJYqPNcFEML0rIkMsMFE61rIOwV4+eZW0r6u2VbUfbyq1hyKOEpzDBVyBDbdQgwY0oQUEXuEdPuHLeDM+jInxPS/dMIqeM1iA8fsHehqmAw==</latexit>

Is
<latexit sha1_base64="kPPSh6eesTKYti4kYYrwCsgAyos=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF71VtB/QhrLZTtqlm03Y3Qgl9Cd48aCIV3+RN/+N2zYHbX0w8Hhvhpl5QSK4Nq777RTW1jc2t4rbpZ3dvf2D8uFRS8epYthksYhVJ6AaBZfYNNwI7CQKaRQIbAfjm5nffkKleSwfzSRBP6JDyUPOqLHSw11f98sVt+rOQVaJl5MK5Gj0y1+9QczSCKVhgmrd9dzE+BlVhjOB01Iv1ZhQNqZD7FoqaYTaz+anTsmZVQYkjJUtachc/T2R0UjrSRTYzoiakV72ZuJ/Xjc14ZWfcZmkBiVbLApTQUxMZn+TAVfIjJhYQpni9lbCRlRRZmw6JRuCt/zyKmldVD236t1fVurXeRxFOIFTOAcPalCHW2hAExgM4Rle4c0Rzovz7nwsWgtOPnMMf+B8/gAoHo2z</latexit><latexit sha1_base64="kPPSh6eesTKYti4kYYrwCsgAyos=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF71VtB/QhrLZTtqlm03Y3Qgl9Cd48aCIV3+RN/+N2zYHbX0w8Hhvhpl5QSK4Nq777RTW1jc2t4rbpZ3dvf2D8uFRS8epYthksYhVJ6AaBZfYNNwI7CQKaRQIbAfjm5nffkKleSwfzSRBP6JDyUPOqLHSw11f98sVt+rOQVaJl5MK5Gj0y1+9QczSCKVhgmrd9dzE+BlVhjOB01Iv1ZhQNqZD7FoqaYTaz+anTsmZVQYkjJUtachc/T2R0UjrSRTYzoiakV72ZuJ/Xjc14ZWfcZmkBiVbLApTQUxMZn+TAVfIjJhYQpni9lbCRlRRZmw6JRuCt/zyKmldVD236t1fVurXeRxFOIFTOAcPalCHW2hAExgM4Rle4c0Rzovz7nwsWgtOPnMMf+B8/gAoHo2z</latexit><latexit sha1_base64="kPPSh6eesTKYti4kYYrwCsgAyos=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF71VtB/QhrLZTtqlm03Y3Qgl9Cd48aCIV3+RN/+N2zYHbX0w8Hhvhpl5QSK4Nq777RTW1jc2t4rbpZ3dvf2D8uFRS8epYthksYhVJ6AaBZfYNNwI7CQKaRQIbAfjm5nffkKleSwfzSRBP6JDyUPOqLHSw11f98sVt+rOQVaJl5MK5Gj0y1+9QczSCKVhgmrd9dzE+BlVhjOB01Iv1ZhQNqZD7FoqaYTaz+anTsmZVQYkjJUtachc/T2R0UjrSRTYzoiakV72ZuJ/Xjc14ZWfcZmkBiVbLApTQUxMZn+TAVfIjJhYQpni9lbCRlRRZmw6JRuCt/zyKmldVD236t1fVurXeRxFOIFTOAcPalCHW2hAExgM4Rle4c0Rzovz7nwsWgtOPnMMf+B8/gAoHo2z</latexit><latexit sha1_base64="kPPSh6eesTKYti4kYYrwCsgAyos=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF71VtB/QhrLZTtqlm03Y3Qgl9Cd48aCIV3+RN/+N2zYHbX0w8Hhvhpl5QSK4Nq777RTW1jc2t4rbpZ3dvf2D8uFRS8epYthksYhVJ6AaBZfYNNwI7CQKaRQIbAfjm5nffkKleSwfzSRBP6JDyUPOqLHSw11f98sVt+rOQVaJl5MK5Gj0y1+9QczSCKVhgmrd9dzE+BlVhjOB01Iv1ZhQNqZD7FoqaYTaz+anTsmZVQYkjJUtachc/T2R0UjrSRTYzoiakV72ZuJ/Xjc14ZWfcZmkBiVbLApTQUxMZn+TAVfIjJhYQpni9lbCRlRRZmw6JRuCt/zyKmldVD236t1fVurXeRxFOIFTOAcPalCHW2hAExgM4Rle4c0Rzovz7nwsWgtOPnMMf+B8/gAoHo2z</latexit>

Ic
<latexit sha1_base64="9TZSTU4btCgJcwGHIfVQ1DYGNoE=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF71VtB/QhrLZTtqlm03Y3Qgl9Cd48aCIV3+RN/+N2zYHbX0w8Hhvhpl5QSK4Nq777RTW1jc2t4rbpZ3dvf2D8uFRS8epYthksYhVJ6AaBZfYNNwI7CQKaRQIbAfjm5nffkKleSwfzSRBP6JDyUPOqLHSw12f9csVt+rOQVaJl5MK5Gj0y1+9QczSCKVhgmrd9dzE+BlVhjOB01Iv1ZhQNqZD7FoqaYTaz+anTsmZVQYkjJUtachc/T2R0UjrSRTYzoiakV72ZuJ/Xjc14ZWfcZmkBiVbLApTQUxMZn+TAVfIjJhYQpni9lbCRlRRZmw6JRuCt/zyKmldVD236t1fVurXeRxFOIFTOAcPalCHW2hAExgM4Rle4c0Rzovz7nwsWgtOPnMMf+B8/gAP3o2j</latexit><latexit sha1_base64="9TZSTU4btCgJcwGHIfVQ1DYGNoE=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF71VtB/QhrLZTtqlm03Y3Qgl9Cd48aCIV3+RN/+N2zYHbX0w8Hhvhpl5QSK4Nq777RTW1jc2t4rbpZ3dvf2D8uFRS8epYthksYhVJ6AaBZfYNNwI7CQKaRQIbAfjm5nffkKleSwfzSRBP6JDyUPOqLHSw12f9csVt+rOQVaJl5MK5Gj0y1+9QczSCKVhgmrd9dzE+BlVhjOB01Iv1ZhQNqZD7FoqaYTaz+anTsmZVQYkjJUtachc/T2R0UjrSRTYzoiakV72ZuJ/Xjc14ZWfcZmkBiVbLApTQUxMZn+TAVfIjJhYQpni9lbCRlRRZmw6JRuCt/zyKmldVD236t1fVurXeRxFOIFTOAcPalCHW2hAExgM4Rle4c0Rzovz7nwsWgtOPnMMf+B8/gAP3o2j</latexit><latexit sha1_base64="9TZSTU4btCgJcwGHIfVQ1DYGNoE=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF71VtB/QhrLZTtqlm03Y3Qgl9Cd48aCIV3+RN/+N2zYHbX0w8Hhvhpl5QSK4Nq777RTW1jc2t4rbpZ3dvf2D8uFRS8epYthksYhVJ6AaBZfYNNwI7CQKaRQIbAfjm5nffkKleSwfzSRBP6JDyUPOqLHSw12f9csVt+rOQVaJl5MK5Gj0y1+9QczSCKVhgmrd9dzE+BlVhjOB01Iv1ZhQNqZD7FoqaYTaz+anTsmZVQYkjJUtachc/T2R0UjrSRTYzoiakV72ZuJ/Xjc14ZWfcZmkBiVbLApTQUxMZn+TAVfIjJhYQpni9lbCRlRRZmw6JRuCt/zyKmldVD236t1fVurXeRxFOIFTOAcPalCHW2hAExgM4Rle4c0Rzovz7nwsWgtOPnMMf+B8/gAP3o2j</latexit><latexit sha1_base64="9TZSTU4btCgJcwGHIfVQ1DYGNoE=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqMeiF71VtB/QhrLZTtqlm03Y3Qgl9Cd48aCIV3+RN/+N2zYHbX0w8Hhvhpl5QSK4Nq777RTW1jc2t4rbpZ3dvf2D8uFRS8epYthksYhVJ6AaBZfYNNwI7CQKaRQIbAfjm5nffkKleSwfzSRBP6JDyUPOqLHSw12f9csVt+rOQVaJl5MK5Gj0y1+9QczSCKVhgmrd9dzE+BlVhjOB01Iv1ZhQNqZD7FoqaYTaz+anTsmZVQYkjJUtachc/T2R0UjrSRTYzoiakV72ZuJ/Xjc14ZWfcZmkBiVbLApTQUxMZn+TAVfIjJhYQpni9lbCRlRRZmw6JRuCt/zyKmldVD236t1fVurXeRxFOIFTOAcPalCHW2hAExgM4Rle4c0Rzovz7nwsWgtOPnMMf+B8/gAP3o2j</latexit>

Ics
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Fig. 2. Network Architecture. (a) An overview of our resolution preserving network for photorealistic style transfer (REST). The whole
network contains a resolution preserving encoder (RPEncoder), a resolution preserving decoder (RPDecoder) and several stylization
blocks. (b) In the training stage, semantic distillation (SD) is used to force the RPEncoder to learn high level semantic features which are
similar to VGG features. (c) The stylization block is to produce stylized features via AdaIN-based feature transformation. Skip connections
are used to enhance stylization degree.
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Fig. 3. The design of RPConvBlock. An RPConvBlock contains a
3 × 3 convolutional layer with stride 1 and replication padding, a
BN layer, a ReLU layer and a 1 × 1 convolutional layer. It keeps
the spatial resolution of the output feature map equal to its input’s
resolution.

and RPDecoder. However, as the features extracted by the
RPEncoder are more informative than those obtained by
the traditional encoder, the RPEncoder may inadvertently
encode low-level features of the image, which we have
observed to be less conducive to style transfer. Conse-
quently, it is necessary to adapt the training schemes of
the resolution-preserving network to facilitate the learning
of high-level features that are more pertinent to colors,
textures, and semantic meanings. Considering the success-
ful use of VGG-19-based auto-encoders in style transfer,
we introduce semantic distillation to transfer the feature
extraction capabilities of VGG-19 to RPEncoder.

The semantic distillation module (SD) is shown in
Figure 2 (b). Denote the VGG-19 encoder as 𝐄𝑣. In our
design, we set the layer number of RPEncoder the same as
the VGG-19 encoder. Given an input image 𝐼 ∈ ℝ𝐻×𝑊 ×3

where 𝑊 and 𝐻 are the width and height of the input image,
denote the output feature maps of the 𝑙th layer of RPEncoder

and VGG-19 encoder as 𝐼(𝑙) ∈ ℝ𝐶𝑙×𝐻×𝑊 and 𝑣
𝐼(𝑙)

∈

ℝ𝐶′
𝑙×𝐻

′
𝑙×𝑊

′
𝑙 . 𝐶𝑙 and 𝐶 ′

𝑙 are the numbers of the 𝑙th-layer
feature channels for RPEncoder and VGG encoder, and
𝑊 ′

𝑙 and 𝐻 ′
𝑙 are the feature map size of the VGG encoder.

Because the RPEncoder preserves the full resolution and
has fewer filters, its output feature size is different from the
VGG output. To solve this problem and perform knowledge
distillation, the following two steps are used to align the two
features.

Spatial dimension alignment. For the first step, for
an input feature pair 𝐼(𝑙) and 𝑣

𝐼(𝑙)
, we align the spatial

dimensions of the two features using adaptive average
pooling. With the two feature maps’ spatial sizes 𝐻 × 𝑊
and 𝐻 ′

𝑙 ×𝑊 ′
𝑙 , we first calculate the adaptive pooling stride

𝜋𝑠(𝑙) and pooling window 𝜋𝑤(𝑙) accordingly and then use the
average pooling operation.

𝜆
𝐼(𝑙)

= Λ𝜋𝑠(𝑙),𝜋𝑤(𝑙)

(

𝐼(𝑙)

)

(1)

where the size of the output 𝜆
𝐼(𝑙)

is 𝐶𝑙 × 𝐻 ′
𝑙 × 𝑊 ′

𝑙 . The
Λ𝜋𝑠(𝑙),𝜋𝑤(𝑙)

(⋅) denotes the average pooling operation with
𝜋𝑠(𝑙), 𝜋𝑤(𝑙) as parameters. It aggregates the spatial informa-
tion of 𝐼(𝑙) to produce features. We observed that adaptive
pooling operator produces smoother results than bicubic
interpolation, in particular when the reference style image
encodes diverse styles.

Channel dimension alignment. To further align the
channel dimension of the two features, we consider that
𝜆
𝐼(𝑙)

lies in a lower dimensional space of 𝑣
𝐼(𝑙)

. Therefore,
a linear projection operation is used to align the two feature
dimensions.

 𝑡
𝐼(𝑙)

= 𝑡(𝜆
𝐼(𝑙)

) = 𝑄 ⋅ 𝜆
𝐼(𝑙)

(2)
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where 𝑄 ∈ ℝ𝐶′
𝑙×𝐶𝑙 is a transformation matrix. 𝜆

𝐼(𝑙)
is flat-

tened across spatial dimensions with size 𝐶𝑙 ×𝐻 ′
𝑙𝑊

′
𝑙 . Then

the new aligned features  𝑡
𝐼(𝑙)

have the same dimension as
𝑣
𝐼(𝑙)

. During knowledge distillation, transformation matrix
𝑄 is learned together with the whole net using the semantic
distillation loss.

Semantic distillation loss. With the two features aligned,
the distillation loss at the 𝑙th layer can be formalized as
mean squared loss:

𝑙
𝑑 = ‖ 𝑡

𝐼(𝑙)
− 𝑣

𝐼(𝑙)
‖

2
2 (3)

We only apply the semantic distillation to the last three
layers of the RPEncoder 𝐄 and the VGG encoder 𝐄𝑣, as
shown in Figure 2 (b). This is due to the higher layers
encode more high level (semantically related) representa-
tions than shallow layers. The overall distillation loss is
summarized as follows:

𝑑 =
𝐿
∑

𝑙=𝐿−2
𝑙
𝑑 (4)

where 𝐿 is the total number of layers, which equals 5
in our case. As the VGG encoder is trained on ImageNet
(Deng et al., 2009) along with other classification tasks, it
excels in extracting high-level semantic features. With the
aforementioned design, the features of RPEncoder are now
closely aligned with those of the VGG encoder, enabling
us to transfer the semantic feature extraction capability
from 𝐄𝑣 to 𝐄. In the future, we may also explore incor-
porating multi-task learning to compel the RPEncoder to
learn semantic related features. It is worth nothing that,
by enforcing the alignment of features 𝑣′

𝐼(𝑙)
to resemble

𝑣
𝐼(𝑙)

, the original features 𝐼(𝑙) of RPEncoder contain both
semantic information and fine image details preserved from
the full resolution. This explains why our design is more
suitable for photorealistic style transfer.

3.3. Stylization
The above resolution preserving network can be com-

bined with various existing style transfer modules for photo-
realistic style transfer, such as AdaIN (Huang and Belongie,
2017) or WCT (Li et al., 2017b). However, since the WCT
module is non-differentiable, gradients cannot be backprop-
agated when WCT is utilized. Therefore, in our study, we
employ the AdaIN module to train our network in an end-
to-end manner. In our experiments, we have also compared
the performance with WCT using a fixed pretrained REST
model. To incorporate AdaIN in our model, we have devel-
oped a noval multi-level progressive structure.

Progressive adaptive instance normalization. The
AdaIN operation aligns the mean and the standard deviation
of the content features 𝑐(𝑙) and the style features 𝑠(𝑙) using
the following equation:

𝑐𝑠(𝑙) = AdaIN(𝑐(𝑙) ,𝑠(𝑙) )

= 𝜎(𝑠(𝑙) )

(

𝑐(𝑙) − 𝜇(𝑐(𝑙) )

𝜎(𝑐(𝑙) )

)

+ 𝜇(𝑠(𝑙) )
(5)

where 𝜇(⋅) and 𝜎(⋅) are the mean and standard deviation
operations calculated across spatial dimensions for each
feature channel. However, in our experiments, we observed
that applying AdaIN after the final block of the RPEncoder
may result in less stylized ouycomess. As has also been
found in several other works, multi-level style transfer has
been shown to yield a more pronounced stylization effect.
Therefore, we apply AdaIN at multiple layers of the encoder
and tramsmit the stylized features to the decoder through
skip connections. The stylized features are concatenated
with the decoded features and then forwarded to the subse-
quent layer of decoder. This process is illustrated in Figure
2 (c). This progressive stylization process allows for the
stylization degree in the output.

3.4. Overall Objective Function.
To train the above proposed model, we use the widely

used content(Huang and Belongie, 2017) and style loss(Huang
and Belongie, 2017; Li et al., 2017c), together with our pro-
posed semantic distillation loss. Denote the output stylized
image as 𝐼𝑐𝑠. The content loss is defined at the 4th layer of
the VGG-19 network.

𝑐 = ‖𝑣
𝑐𝑠(4)

− 𝑣
𝑐(4)

‖

2
2 (6)

where 𝑣
𝑐𝑠(4)

and 𝑣
𝑐(4)

denotes the extracted 4th layer fea-
tures of 𝐼𝑐𝑠 and the content image 𝐼𝑐 using 𝐄𝑣.

𝑠 =
𝐿
∑

𝑖=1

‖

‖

‖

‖

𝜇
(

 𝑣
𝑐𝑠(𝑖)

)

− 𝜇
(

 𝑣
𝑠(𝑖)

)

‖

‖

‖

‖2
+

𝐿
∑

𝑖=1

‖

‖

‖

‖

𝜎
(

 𝑣
𝑐𝑠(𝑖)

)

− 𝜎
(

 𝑣
𝑠(𝑖)

)

‖

‖

‖

‖2

(7)

where 𝑣
𝑠(𝑖)

denotes the extracted 𝑖th layer features of the
style image 𝐼𝑠 using 𝐄𝑣. 𝐿 is the total number of layers.

Given multiple input image pairs, with one image in the
pair as the content and the other as style, the end-to-end
model is optimized by the following multi-objective loss
function:

 = 𝜆𝑐𝑐 + 𝜆𝑠𝑠 + 𝜆𝑑𝑑 (8)

where hyper-parameters 𝜆𝑐 , 𝜆𝑠 and 𝜆𝑑 control the contribu-
tions of each term. We empirically set 𝜆𝑐 = 1, 𝜆𝑠 = 1 and
𝜆𝑑 = 2 in all experiments.

4. Experiments
In this section, we present ablation study results, fol-

lowed by qualitative and quantitative comparison with state-
of-the-art methods.

Implementation details. The pretrained VGG-based
encoder is used with fixed weights. We trained our network
using images from MSCOCO (Lin et al., 2014) and WikiArt
(Duck, 2016) as content and style data respectively, by
minimizing the loss defined in Eq. (8). The test set is
obtained from Luan et al. (Luan et al., 2017) and Xia et al.
(Xia et al., 2020). We have also expanded the test set with
some high-quality photos for evaluation. The layer numbers
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(a) Inputs (b) AEST (baseline) (c) REST (d) Patches

Fig. 4. Photorealistic style transfer results of resolution preserving
network (REST) and auto-encoder (AEST).
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(d) Total

Fig. 5. Ablation study of the three main losses of REST. (a), (b)
and (c) denote without 𝑐 , 𝑠 and 𝑑 respectively. (d) All losses
are used.

𝐿 of the proposed encoder and decoder are both set as 5. We
chose constant 16 channels for each layer. In each training
batch, the data loader resizes one pair of content and style
images with the size of 512 × 512 as input. The proposed
model is implemented with PyTorch. The ADAM optimizer
(Kingma and Ba, 2015) with a learning rate of 10−3 and
batch size of 4 is used for training.

4.1. Ablation Study
Comparison with auto-encoder for photorealistic

style transfer. We compare the stylization results of REST
against the traditional auto-encoder based style transfer
method (called AEST). We implemented AEST (our base-
line) with analogous structure with REST, but with max
pooling and upsampling after each block of 𝐄 and 𝐃,
respectively. As shown in Figure 4, since AEST reduces
the spatial size of the feature maps, its results contain
some checkerboard artifacts. In contrast, our REST model
achieves pleasing results with content details preserved.
This verifies the assumption that the resolution preserving
mechanism is beneficial to photorealistic style transfer.

Influence of semantic distillation. The ablation results
in Figures 5 (c) and (d) show that, 𝑑 helps our model
transfer correct color patterns. With 𝑑 removed, our model
tends to produce results less similar to the color pattern
of the style images. To further explore this phenomenon,
we visualize four channels of the feature maps of 𝑐(4)
without and with 𝑑 , 𝑣

𝑐(4) and 𝑠(4) from our RPEncoder
and the VGG encoder respectively. Figure 6 shows the
visualization results. As can be seen, it demonstrates that
the semantic distillation contributes to helping RPEncoder
capture similar semantic features as the VGG encoder. For
example, in the 1st and 4th columns, 𝑐(4) with 𝑑 and
𝑣
𝑠(4) activate the same semantic region of architecture (first
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C & S

Content

Fig. 6. Visualization of feature maps. Green and black colors
represent high and low responses of feature maps. The red arrows
indicates that the networks activate image regions with same
semantic meanings, while the blue arrows represent activated
regions with misaligned semantic meanings.

(a) Input (b) L5 (c) L5 + L4 (c) L5 + L4 + L3

Fig. 7. Study of progressive stylization. (a) input content and
style (bottom right corner) images. (b), (c) and (d) denote using
stylization at the 5th layer, at the 4th-5th layers and at the 3rd-5th
layers, respectively.

(a) Input (b) Use AdaIN (c) Use WCT

Fig. 8. Comparison of using AdaIN and WCT as style transfer
modules.

column) and sky (forth column), while 𝑐(4) without 𝑑
activates the water region. Besides, according to the above
observations, with the distillation loss, the AdaIN (Huang
and Belongie, 2017) operation should be able to transfer
color patterns among similar semantic regions by aligning
channel-wise global statistic (mean and variance) of the
content and style images. Results in Figure 5 (d), where the
sky and architecture of the stylized result share similar style
patterns with the corresponding regions of the style image,
verify this.

Study of progressive stylization. We studied the in-
fluence of multi-level progressive stylization and results are
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(i) InstantStyle

Fig. 9. Results of DPST (Luan et al., 2017), PhotoWCT (Li et al., 2018), LST (Li et al., 2019b), WCT2 (Yoo et al., 2019), SWAE (Park
et al., 2020), InstantStyle (Wang et al., 2024) and our method without mask guidance.

given in Figures 7 (b-c). As shown in the results, progres-
sive stylization and feature fusion significantly improve the
visual quality and stylization strength.

WCT v.s. AdaIN. For using WCT together with our net-
work, we pretrained a resolution preserving network using
reconstruction loss and distillation loss. As demonstrated in
Figure 8, the results produced by AdaIN contain more fine
details of the content image and higher sharpness than WCT.
This is because RPEncoder is able to be trained in an end-
to-end manner with AdaIN.

4.2. Visual Comparison
We evaluate the effectiveness of the proposed method

by comparisons with state-of-the-art photorealistic style
transfer methods, including DPST (Luan et al., 2017),
PhotoWCT (Li et al., 2018), LST (Li et al., 2019b) and
WCT2 (Yoo et al., 2019). We obtained results using their
official codes and default parameters settings. Two settings
are adopted for comparison. In Figure 10, we utilized the
segmentation masks provided by DPST during style transfer
to compare mask-guided photorealistic style transfer results.
In Figure 9, results without using masks are also provided.
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(d) PhotoWCT(full)(c) PhotoWCT(b) DPST(a) Input (h) Ours (REST)(f) LST (full)(e) LST (g) WCT²

Fig. 10. Mask-guided photorealistic style transfer results of DPST(Luan et al., 2017), PhotoWCT(Li et al., 2018), LST(Li et al., 2019b)
and WCT2(Yoo et al., 2019) and our REST.

Table 1
Quantitative comparisons with state-of-the-art methods. “full” means post-processing technique of Li et al. (2018) is used. Higher SSIM
score means the stylized image is more similar to the input content image in terms of fine details. Lower Gram loss denotes the stylized
image presents more similar visual effects to the style image.

Method DPST PhotoWCT PhotoWCT (full) LST LST (full) WCT2 AEST (baseline) Ours (REST)
SSIM ↑ 0.3295 0.4980 0.6097 0.3745 0.6590 0.6008 0.4334 𝟎.𝟔𝟐𝟏𝟖
Gram Loss ↓ 0.3888 0.8295 1.3005 0.5513 1.0757 0.9369 0.8602 𝟎.𝟔𝟖𝟕𝟐

Table 2
Run time comparison of DPST, LST, PhotoWCT and WCT2. We
compare the computional time on content and style images with
512 × 512 resolution.

Methods DPST LST PhotoWCT WCT2 Ours (REST)
Time(s) 113.85 0.96 8.78 1.84 0.03

Table 3
User study results. The percentages represent the ratio of how
many times the method is selected as has fewest artifacts (FS),
best stylization (BS) and best overall quality (BQ).

DPST PhotoWCT LST WCT2 Ours (REST)
FS 11.84% 8.40% 18.30% 25.83% 𝟑𝟓.𝟔𝟐%
BS 𝟐𝟖.𝟎𝟔% 10.46% 15.31% 23.47% 22.70%
BQ 11.96% 9.99% 18.88% 27.55% 𝟑𝟏.𝟔𝟏%

Additionally, we present the results of PhotoWCT and LST
without and with post-processing (PhotoWCT (full) and
LST (full)). Note that results of our model (REST) do not
involve any post-processing.

As shown in Figure 10, the results of DPST often exhibit
distorted structures, which heavily hurt photorealism (e.g.,
Figure 10 (b) 2nd and 3rd rows). Although the results of
PhotoWCT (full) have alleviated artifacts, they still suffer
from over-smoothing and produce blurry outcomes due to
the use of additional post-smoothing techniques to remove
artifacts (e.g., Figures 10 (d) 2nd and 3rd rows). The results
of LST also exhibit significant improvement after intro-
ducing post-processing. Similar over-smoothing effects are
observed, as evident in Figure 10 (f), particularly noticeable
in the sky in the 2nd row and the sofa in the 3rd row). WCT2

employs wavelet pooling and unpooling in the style transfer

network, enabling detail preservation. However, when used
without semantic segmentation masks, WCT2 may produce
style transfer results with misaligned semantic regions as
demonstrated in the 1st and 2nd rows of Figure 1 (g). We
observed that WCT2 failed to accurately transfer the sunset
style. Figure 10 (h) presents the results of our method. In
contrast, our proposed methods achieves effective photore-
alistic stylization and faithful detail preservation.

The above observations can also be found in Figure
9, we aim to verify that the proposed method is capable
of transferring styles among similar semantic regions of
the content and style even when masks are not used. In
Figure 9 (h), SWAE (Park et al., 2020) can transfer textures
well, but it heavily destroyed structure. JBL (Xia et al.,
2020) produced similar results with ours. However, it per-
formed unstable color transfer. For instance, in Figure 9 (i),
the transferred color style in the first three images is weaker
than in the last images. In contrast, our proposed method
performs evidently better. This improvement is primarily
attributed to our semantic distillation module, which aids
in extracting high-level semantic-related features.

4.3. Quantitative Evaluation
Statistics. For further quantitative evaluation of our

model, we use the structural similarity (SSIM) to assess
the spatial structural similarity between the results and
the original content. Additionally, we compute the Gram
loss, as proposed by WCT2 (Yoo et al., 2019), to evalu-
ate the photorealistic stylization effects. Using a test set
of 60 content-style image pairs (from Luan et al. (Luan
et al., 2017)), we quantitatively evaluate the mask-guided
photorealistic stylization of both our proposed method and
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state-of-the-art approaches using SSIM and Gram loss met-
rics. Table 1 summarizes the results. It is evident that
our proposed REST model achieved higher SSIM scores
compared to our baseline (AEST), DPST, PhotoWCT, LST
and WCT2. It even surpasses the results of PhotoWCT with
post-processing, indicating the superiority of our method in
detail preservation. By comparing the results of PhotoWCT
and LST with and without using post-processing, we found
that the SSIM scores largely increased when post smoothing
is applied. PhotoWCT and LST in fact heavily rely on
using post-processing to achieve photorealism. Addition-
ally, REST outperforms all compared methods in terms
of Gram loss, except for DPST. We attribute this to the
DPST directly optimizing the Gram loss. Nevertheless, our
proposed method achieves fine detail preserving and faithful
stylization despite its simple network structure.

Comparison of computational time. Table 2 a com-
parative analysis of computational efficiency between our
proposed REST method and existing state-of-the-art ap-
proaches, revealing significant performance advantages in
processing time. Conducted on a standardized hardware
configuration featuring an Intel Xeon E5-2620 v4 processor
and NVIDIA GeForce RTX 2080 Ti GPU under default ex-
perimental settings, the results demonstrate REST’s remark-
able computational speed, achieving a 60-fold improvement
over WCT2 and an extraordinary 3,790× acceleration com-
pared to DPST. This dramatic performance enhancement
stems from our carefully designed network architecture that
combines structural simplicity with operational efficiency,
maintaining high-quality stylization while drastically reduc-
ing computational overhead. The empirical evidence clearly
establishes REST as the most efficient solution currently
available for photorealistic style transfer tasks, setting a new
benchmark for real-time performance in this domain.

User study. We conducted a user study to further vali-
date whether our method achieves superior results compared
to the baselines in terms of artifacts, stylization degree and
overall quality. We recruited 18 users for the study. For
every test, Each participant was presented with a content
image, a style image, and several stylized results in random
order. They were asked to pick three results, one with
the fewest artifacts, one with best stylization degree and
one with the best overall quality. To ensure consistency in
evaluation, a short training session was conducted prior to
the formal study. In this session, participants were provided
with several example image pairs not included in the test
set, together with explanations of the evaluation principles.
Specifically, for artifacts (FS), participants were instructed
to identify unnatural distortions such as blurriness, checker-
board patterns, color bleeding, or geometric inconsisten-
cies, and select the result that minimized these issues. For
stylization degree (BS), participants were asked to assess
how faithfully the global appearance and local textures
of the style image were transferred to the content image,
with stronger and semantically aligned style adaptation
considered preferable. For overall quality (BQ), participants
were guided to balance both the absence of artifacts and

the effectiveness of stylization, while also considering nat-
uralness and visual plausibility of the result. After several
practice comparisons illustrating these principles, partici-
pants confirmed their understanding before proceeding to
the formal evaluation. In total, we collected 3240 responses
(60 image pairs×3 questions×18 users) and calculated the
percentage of each method selected as the best for the
three evaluation aspects. Results are shown in Table 3.
For all three evaluation aspects, REST outperforms the
compared state-of-the-arts methods, except for stylization
degree where DPST and WCT2 are better. This maybe be
attributed to DPST being an optimization-based method that
conducts iterative optimization for every input image pair,
resulting in better stylization degree. However, its results
often contain distortion and artifacts (see Figure 9 (b) and
Figure 10 (b)) . Our method demonstrates superior overall
quality.

Discussion of failure cases. In some situations, we
observed that the proposed method may exhibit strong
edge effects at the border of objects when using masks as
guidance. We attribute this issuse to the lack of accuracy in
the masks. Additionally, the use of progressive stylization
may exacerbate the impact of inaccurate borders. In the
future, we intend to further explore and enhance our REST
method for semantic region-aligned style transfer without
relying on masks.

5. Conclusion
In this paper, we presented an end-to-end feed-forward

resolution preserving neural network for photorealistic style
transfer (REST). The key to our approach is learning mean-
ingful resolution preserving features, which is done by
semantic distillation to transfer the high level feature extrac-
tion ability to our network. The proposed network structure
is further combined with a progressive stylization module
for photorealistic style transfer. Extensive experiments in
terms of visual, quantitative and inference time comparisons
show that our model is significantly faster and better than
the state-of-the-art methods. In future work, we aim to 1)
achieve semantically aligned photorealistic style transfer in
an unsupervised manner. 2) explore alternative methods for
training the resolution-preserving network to extract high-
level semantic features.
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