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Abstract

Reference-based Image Super-Resolution (RefSR) aims to
restore a low-resolution (LR) image by utilizing the semantic
and texture information from an additional reference high-
resolution (reference HR) image. Existing diffusion-based
RefSR methods are typically built upon ControlNet, which
struggles to effectively align the information between the
LR image and the reference HR image. Moreover, current
RefSR datasets suffer from limited resolution and poor im-
age quality, resulting in the reference images lacking suffi-
cient fine-grained details to support high-quality restoration.
To overcome the limitations above, we propose TriFlowSR,
a novel framework that explicitly achieves pattern matching
between the LR image and the reference HR image. Mean-
while, we introduce Landmark-4K, the first RefSR dataset
for Ultra-High-Definition (UHD) landmark scenarios. Con-
sidering the UHD scenarios with real-world degradation, in
TriFlowSR, we design a Reference Matching Strategy to ef-
fectively match the LR image with the reference HR image.
Experimental results show that our approach can better uti-
lize the semantic and texture information of the reference
HR image compared to previous methods. To the best of
our knowledge, we propose the first diffusion-based RefSR
pipeline for ultra-high definition landmark scenarios under
real-world degradation. Our code and model will be available
at https://github.com/nkicsl/TriFlowSR.

Introduction
Single Image Super-Resolution (SISR) (Dong et al. 2014;
Kim, Lee, and Lee 2016a,b; Lai et al. 2017) aims to re-
construct high-resolution (HR) details from a given low-
resolution (LR) image. Recently, diffusion-based models
(Ho, Jain, and Abbeel 2020; Song, Meng, and Ermon 2020;
Song et al. 2020; Liu, Gong, and Liu 2022) have emerged
as powerful frameworks in generating high-fidelity data.
Due to their strong generative priors, diffusion-based models
have been widely adopted in SISR tasks (Wang et al. 2024;
Yu et al. 2024; Dong et al. 2025), offering significant im-
provements in perceptual quality and detail reconstruction.
However, due to the inherently ill-posed nature of SISR,
the reconstructed images often suffer from visual artifacts
and may be inconsistent with the original scene, particularly
when faced with heavily degraded images.

*they are corresponding authors
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Figure 1: We propose TriFlow to enable diffusion-based
RefSR in UHD landmark scenarios under the real-world
degradation. Through explicit pattern matching between the
LR image and the reference HR image, TriFlow fully lever-
ages the semantic and texture information contained in the
reference HR image. Please zoom in for a better view.

To address the limitations of SISR, Reference-based
Super-Resolution (RefSR) has been proposed. Unlike SISR,
which relies solely on a single LR image, RefSR intro-
duces a reference HR image to leverage additional structural
and texture information, thereby generating more realistic
and detailed HR outputs. However, most existing RefSR ap-
proaches (Yang et al. 2020; Jiang et al. 2021; Cao et al. 2022)
are built upon relatively simple CNN architectures and with
idealized degradation assumptions (e.g. bicubic downsam-
pling), which significantly limits their performance under
real-world degradations.

To resolve this problem, recent studies (Sun et al. 2024;
Guo et al. 2024) have explored integrating diffusion-based
models into the RefSR pipeline. These methods aim to com-
bine the strong generation capabilities of diffusion models
with the contextual guidance provided by reference images.
Nevertheless, they introduce the reference information via
mechanisms like ControlNet (Zhang, Rao, and Agrawala
2023), without performing explicit pattern matching be-
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tween the LR input and the reference HR image. As a result,
they still suffer from generative artifacts. In addition, exist-
ing RefSR datasets (Zhang et al. 2019; Jiang et al. 2021) are
limited in both resolution and image quality (e.g., CUFED5
has an average resolution of 418 × 418) , leading to ref-
erence HR images that lack sufficient fine-grained detail.
This is in conflict with the goal of RefSR: (1) RefSR aims
to utilize high-quality reference HR images to enhance the
restoration results. If the reference HR image itself is of
low resolution and poor quality, the restored image qual-
ity will not be high either. (2) Images captured by mod-
ern smartphones are predominantly Ultra-High-Definition
(UHD) images, and low-resolution datasets do not match
the actual scenarios. UHD images, with their richer struc-
tural and textural details, are inherently better suited for
RefSR, enabling more accurate reconstructions that align
with current imaging standards and user expectations. De-
ploying RefSR methods using UHD references could poten-
tially unlock more accurate reconstructions, better aligning
with contemporary imaging standards and user expectations.

To overcome these challenges, we propose the Tri-
FlowSR framework. Through the Patch-Ref Attention
mechanism, we can explicitly achieve pattern matching be-
tween the LR image and the reference HR image, and real-
ize RefSR in real-world degradation scenarios. Meanwhile,
we introduce the Landmark-4K dataset, which is the first
RefSR dataset in the UHD scenario, consisting of 185 high-
quality landmark images covering 49 landmark categories
worldwide. Furthermore, to enable the RefSR pipeline in
UHD scenarios with real-world degradation, we design the
Reference Matching Strategy to effectively match the LR
image with the reference HR image.

Our contributions can be summarized as follows:

• To the best of our knowledge, we propose the
first diffusion-based reference-based super-resolution
pipeline for ultra-high definition landmark scenarios un-
der real-world degradation.

• We propose the TriFlowSR framework, which can ex-
plicitly achieve pattern matching between the LR image
and the reference HR image, thereby effectively utilizing
the semantic and texture information of the reference HR
image.

• We propose the first RefSR dataset for UHD scenar-
ios, Landmark-4K. Additionally, we design a Reference
Matching Strategy to effectively match the LR image
with the reference HR image.

Related Works
Single Image Super-Resolution.
Single Image Super-Resolution (SISR) aims to recover the
HR image with only a single LR image as input. SRCNN
(Dong et al. 2014) utilized a deep learning-based convo-
lutional neural network for Super-Resolution tasks. Vari-
ous CNN-based methods have been proposed (Kim, Lee,
and Lee 2016a,b; Lai et al. 2017; Lim et al. 2017; Zhang
et al. 2018b) to improve the accuracy of reconstructed im-
ages. However, CNN-based methods tend to produce overly

smooth results and lack high-frequency details. To generate
more perceptually realistic images, GANs (Goodfellow et al.
2020; Ledig et al. 2017; Zhang et al. 2021; Wang et al. 2021)
have been introduced into Super-Resolution tasks. While
generating more perceptually realistic details, the training
of GANs is often unstable and suffers from unnatural vi-
sual artifacts. Recently, diffusion-based models (Ho, Jain,
and Abbeel 2020; Song, Meng, and Ermon 2020; Song et al.
2020; Liu, Gong, and Liu 2022) have emerged as power-
ful and effective conditional generative models, demonstrat-
ing remarkable success in synthesizing high-fidelity data and
being widely applied to super-resolution tasks (Wu et al.
2024b,a). StableSR (Wang et al. 2024) fine-tuned a time-
aware encoder to incorporate low-resolution (LR) image
information. SUPIR (Yu et al. 2024) improved generation
by integrating large diffusion backbones with high capacity
adapters. TSD-SR (Dong et al. 2025) distilled a multistep
SD3 model (Esser et al. 2024) into a single-step model by
distilling the target score. Although these methods can effec-
tively generate high-fidelity images, their outputs often ex-
hibit noticeable generative artifacts in scenarios with strong
degradation, resulting in hallucinations.

Reference-based Image Super-Resolution.

Reference-based Image Super-Resolution (RefSR) is ded-
icated to leveraging the semantic and texture information
of an additional reference HR image to guide the restora-
tion of the LR image to the HR image. CrossNet (Zheng
et al. 2018) aligned the reference and LR images by the flow
estimation. Later, some works introduced techniques such
as multi-scale (Zhang et al. 2019), cross-scale (Yang et al.
2020), deformable convolution (Shim, Park, and Kweon
2020; Dai et al. 2017) and coarse-to-fine patch matching (Lu
et al. 2021). C2-Matching (Jiang et al. 2021) obtained more
accurate pre-offsets of reference features to LR features
through a teacher-student correlation distillation. Based on
C2-Matching, some works have explored multi-scale (Xia
et al. 2022), multi-reference (Zhang et al. 2023), and decou-
pling (Huang et al. 2022). DATSR (Cao et al. 2022) inte-
gratesd deformable convolution with the Swin Transformer
(Liu et al. 2021). However, most of these methods are simple
CNN models, and they assume simple and known degrada-
tions (bicubic), which limits their effectiveness when deal-
ing with complex and unknown degradations in the real
world. Recent works have attempted to combine RefSR with
diffusion-based models, aiming to retain high-fidelity gen-
eration capability while effectively utilize the information
from the reference HR image. CoSeR (Sun et al. 2024) com-
bined the information from the LR image and the reference
HR image by inputting them into two separate ControlNets.
ReFIR (Guo et al. 2024) balanced the reference HR features
and the super-resolution (SR) image features through Spa-
tial Adaptive Gating. However, these methods introduce in-
formation through ControlNet without performing explicit
pattern matching between the LR features and the reference
HR features, which still results in generative artifacts.
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Figure 2: The framework of our proposed TriFlowSR. TriFlowSR comprises three branches: the SR branch, the LR branch, and
the Reference HR branch. During the RefSR training process, the SR and LR branches are frozen, while the LR image and the
reference HR image process pattern matching via the Patch-Ref Attention. This enables the transfer of semantic and texture
information from the reference HR image.

Methodology
TriFlowSR
In the RefSR task, we are given two inputs: the LR image
ILR and the reference HR image IRef . Our goal is to gen-
erate the super-resolution image ISR that closely approxi-
mates the distribution of the ground truth HR image IHR.
Previous diffusion-based RefSR methods introduce the in-
formation from the reference HR image into the backbone
network through the ControlNet structure, without explic-
itly performing pattern matching between LR image and the
reference HR image. As a result, they struggle to effectively
transfer the semantic and texture information from the refer-
ence HR image, which will easily result in generative ar-
tifacts. To address this issue, we propose the TriFlowSR
architecture, which consists of three branches: the Super-
Resolution (SR) branch, the Low-Resolution (LR) branch,
and the Reference High-Resolution (HR) branch. The train-
ing is completed in two stages.

The SR branch is a pre-trained text-to-image (T2I) dif-
fusion model (Rombach et al. 2022; Esser et al. 2024),
which functions by sampling ϵ from a Gaussian distribu-
tion in the latent space to generate high-fidelity images. This
branch remains frozen throughout all stages, preserving the
diffusion priors and attention mechanisms of the existing
pre-trained model. In the first stage, we pre-train the LR
branch on the SISR datasets, so that the model has a ba-
sic SISR super-resolution capability. The structure of the
LR branch is identical to the SR branch. Through the VAE
Encoder (Van Den Oord, Vinyals et al. 2017; Esser, Rom-
bach, and Ommer 2021), the LR image ILR is mapped to
zLR = Encoder(ILR) in the latent space, which transmits

the information of the LR image to the SR branch. Let the
parameters of the SR branch and the LR branch be θ and Θ,
we have ISISR = Decoder(F(ϵ, zLR; θ,Θ)).

In the second stage, the LR branch and the SR branch
are frozen, and training is restricted to the Reference HR
branch alone. Similar to the LR branch, the Reference HR
branch has the same structure as the SR branch. We have
zRef = Encoder(IRef ). To effectively transfer the seman-
tic and textural features of the reference HR image to the
backbone network, inspired by Hu (2024), we utilize a cross-
attention mechanism to convey the information. We propose
the Patch-Ref Attention, where the LR image features and
the reference HR image features are integrated into the main
branch as follows:

PatchRefAttn =softmax(
QSR[KSR,KLR,KRef ]T√

dk
)

· [V SR, V LR, V Ref ],
(1)

where Q, K and V are the query, key and value from
the attention layer of the branches. [·, ·] denotes the con-
catenation operation, and dk represents the channel dimen-
sion. Patch-Ref Attention enables explicit feature matching
between the LR image and Reference image at the patch
scale. The resulting attention score matrix is then used to
selectively retain beneficial reference features while sup-
pressing detrimental features. This interaction enables the
model to adaptively select and transfer textures and struc-
tural information from the reference HR image rather than
relying solely on coarse semantic alignment. Denoting the
parameters of the Reference HR branch as ψ, we have
IRefSR = Decoder(F(ϵ, zLR, zRef ; θ,Θ, ψ)). Following



the Rectified Flow(Liu, Gong, and Liu 2022), our diffusion
loss at the second stage can be represented as Eq.2 where
zHRt = (1− t)zHR + tϵ.

Lψ =

∫ 1

0

E[||vψ(zHRt , zLR, zRef , t)− (ϵ− zHR)||2]dt.
(2)

Figure 3: Illustration of the Reference Matching Strategy.
We obtain the coarse mapping from the reference HR image
to the LR image at a low resolution, and upscale the map-
ping to the upscaled LR image resolution. Then we warp the
reference HR image to align it with the upscaled LR image.

Reference Matching Strategy
For Ultra-High-Definition (UHD) images, directly process-
ing the entire image for super-resolution is computationally
expensive. To address this, previous SISR methods (Wang
et al. 2024; Wu et al. 2024b) typically adopt a tiling strategy,
where the input image is divided into smaller tiles, each pro-
cessed independently and subsequently stitched together to
reconstruct the full-resolution image. However, for RefSR,
this tiling strategy encounters unique challenges. Due to the
inherent differences in scale, perspective, and content be-
tween the reference HR image and the LR input image, the
tiles from the reference image usually do not correspond
directly to the patches of the LR image. To overcome this
issue, we propose the Reference Matching Strategy that
aligns the reference HR image with the LR image at the pixel
level.

Given the bicubic-upscaled LR image ILR and the refer-
ence HR image IRef , we first downscale them to 560×560.
We then employ a pre-trained matching model ϕ to establish
a coarse correspondence between the reference HR image
and the upscaled LR image, where (u, v) ∈ ILRdown, (x, y) ∈
IRefdown:

M,C ← F(ILRdown, I
Ref
down;ϕ), (3)

M(u, v) = (u, v) 7→ (x, y), C(u, v) ∈ [0, 1] (4)
Here, M represents the mapping set of points between the
downscaled reference HR image and the downscaled LR
image, and C represents the certainty of each correspon-
dence. Then, we upscale the M and C to the resolution
of upscaled LR image. Based on the upscaled M , we use
F.grid sample to warp the corresponding reference HR im-
age to IRefwarped. Then we utilize upscaled C to suppress low-
confidence textures, asC⊙IRefwarped+(1−C)⊙mask, where

⊙ represents the dot product operation and mask represents
a pure white image in Figure 3. As shown in Figure 3, by
leveraging effective feature matching and alignment tech-
niques, our strategy enables the reference image to provide
more accurate and spatially consistent texture information.

(c)

(a)

(b)

Figure 4: Illustration of the RefSR datasets. (a) represents
the CUFED5 dataset (Zhang et al. 2019), (b) represents the
WR-SR dataset (Jiang et al. 2021), and (c) represents our
proposed Landmark-4K dataset. We apply a center crop to
these images, extracting the central region that accounts for
20% of the original image area. Notably, the Landmark-4K
dataset offers higher resolution and image quality compared
to existing RefSR datasets. Please zoom in for a better view.

Datasets Numbers Average Resolutions

CUFED5 126 418× 418
WR-SR 80 770× 770

Landmark-4K (ours) 185 3295× 3295

Table 1: A quantitative comparison of the RefSR datasets.
The Landmark-4K dataset outperforms the CUFED5 dataset
and the WR-SR dataset in terms of both resolution and
dataset size.

Landmark-4K Dataset
Reference-based Super-Resolution (RefSR) aims to lever-
age the semantic structures and fine-grained texture details
from the reference HR image to guide the reconstruction
of low-resolution images, thereby producing more realis-
tic super-resolved results. However, existing RefSR datasets
(Zhang et al. 2019; Jiang et al. 2021) generally suffer from
low resolution and poor image quality, resulting in the ref-
erence HR images lacking sufficient detail. This limitation
restricts the performance of pre-trained text-to-image (T2I)
diffusion models to generate high-fidelity images within the
RefSR framework. It is evident that Ultra-High-Definition



             LR                         StableSR                      SUPIR                   C2-Matching                           CoSeR                        ReFIR                 TriFlowSR(ours)              Ref HR

Figure 5: Visual comparisons of the Super-Resolution results by different methods on the CUFED5 dataset and the WR-SR
dataset. The top side of the dashed line represents the results on the CUFED 5 dataset, and the bottom side represents the results
on the WR-SR dataset.

Methods CUFED5 (Zhang et al. 2019) WR-SR (Jiang et al. 2021)
PSNR↑ SSIM↑ LPIPS↓ FID↓ DISTS↓ PSNR↑ SSIM↑ LPIPS↓ FID↓ DISTS↓

StableSR 20.79 0.529 0.515 201.29 0.303 23.17 0.597 0.409 88.85 0.246
DiffBIR 18.43 0.361 0.508 206.33 0.246 21.35 0.468 0.451 102.94 0.227
SUPIR 18.97 0.467 0.481 168.26 0.279 21.82 0.517 0.381 64.67 0.197
TSDSR 19.18 0.491 0.327 152.64 0.192 22.04 0.577 0.333 77.71 0.195

C2-Matching 20.77 0.517 0.728 282.43 0.372 23.82 0.613 0.658 142.79 0.318
DATSR 20.75 0.513 0.730 282.19 0.370 23.83 0.615 0.667 142.71 0.315
CoSeR 19.94 0.503 0.393 158.70 0.220 22.71 0.573 0.430 112.38 0.277
ReFIR 20.32 0.529 0.334 134.62 0.186 20.99 0.532 0.373 65.48 0.195

TriFlowSR 20.21 0.535 0.275 114.93 0.166 22.11 0.578 0.313 54.76 0.174

Table 2: Quantitative comparisons with other methods on the CUFED5 dataset and the WR-SR dataset. We report PSNR, SSIM,
LPIPS, FID and DISTS. The best and second-best results are highlighted in bold and underlined. “↑” (resp. “↓”) means the
larger (resp. smaller), the better.

(UHD) images are inherently more suitable for the RefSR
task, as they provide significantly richer structural and tex-
tural information for high-quality reconstruction. Therefore,
building a high-quality UHD RefSR dataset is of great im-
portance for advancing the development of RefSR methods
and unlocking the full capacity of generative models in high-
fidelity image restoration.

To construct a high-quality Ultra-High-Definition (UHD)
dataset for Reference-based Image Super-Resolution
(RefSR), we first collected approximately 1,000 landmark
images from publicly available online sources1. We then
performed an initial filtering step by removing all images
with a resolution lower than 2K. Subsequently, we resized
images with a resolution larger than 4096 by scaling them
proportionally to a maximum size of 4096 pixels, in order
to prevent excessive image sizes while preserving essential
details. We further refined the dataset by removing images

1pexels.com

with noticeable blur or noise. Lastly, we categorized the
images according to landmark types and removed images
with significant viewpoint variations within each category
to ensure effective semantic and texture correspondence
between the reference and target images. Following this rig-
orous data curation pipeline, we propose the Landmark-4K
dataset, which consists of 185 high-quality landmark images
covering 49 landmark categories from the worldwide. Each
landmark category contains 3 to 4 images captured from
different viewpoints. Specifically, one image from each
category is designated for evaluating the self-reference
capability of RefSR models, while the remaining images
are used for testing their cross-reference generalization
ability. The Landmark-4K dataset is designed to serve as
a high-quality, challenging, and practical benchmark for
advancing research in the field of Reference-based Image
Super-resolution.
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Figure 6: Visual comparisons of the Super-Resolution results by different methods on our proposed Lanmark-4K dataset. Please
zoom in for a better view. These images are the results of manual cropping and alignment on the original outputs. In reality,
the LR image and the reference HR image may have misalignments in terms of scale, position, and orientation. More visual
comparisons are available in the Appendix due to space limitations.

Methods Landmark-4K
PSNR↑ SSIM↑ LPIPS↓ DISTS↓

StableSR 24.90 0.722 0.308 0.153
DiffBIR 23.99 0.610 0.463 0.208
SUPIR 24.44 0.687 0.312 0.137
TSDSR 23.26 0.692 0.295 0.154

C2-Matching 25.63 0.721 0.578 0.272
DATSR 25.64 0.722 0.597 0.269
CoSeR 24.72 0.697 0.359 0.220
ReFIR 25.21 0.735 0.280 0.149

TriFlowSR 25.89 0.776 0.230 0.115

Table 3: Quantitative comparisons with other methods
on our proposed Landmark-4K dataset. We report PSNR,
SSIM, LPIPS and DISTS. The best and second-best re-
sults are highlighted in bold and underlined. “↑” (resp. “↓”)
means the larger (resp. smaller), the better.

Evaluation
Datasets and Baselines.
To evaluate our method, we adopt three benchmarks:
CUFED5 (Zhang et al. 2019) testing dataset, WR-SR (Jiang
et al. 2021) dataset and our proposed Landmark-4K dataset.
CUFED5 testing dataset consists of 126 image pairs, and
each input image has 5 reference images with different sim-
ilarity levels. Following previous methods (Yang et al. 2020;
Lu et al. 2021; Xia et al. 2022; Cao et al. 2022), we use
the most similar image as the reference HR image. WR-SR
dataset consists of 80 images, and each image has one refer-
ence image searched through Google Image. The Landmark-
4K dataset consists of 185 high-quality landmark images
covering 49 landmark categories from the worldwide, with
each image having a corresponding high-quality reference

HR image from the same landmark scenario. Following pre-
vious methods (Guo et al. 2024; Zhang et al. 2024), we use
the Real-ESRGAN (Wang et al. 2021) degradation pipeline
(same configuration as StableSR (Wang et al. 2024)) with
×4 down-sampling scale to generate the real-world de-
graded images. To validate the performance of our model,
we compare the proposed method with both the popular
SISR and RefSR methods. The SISR methods include Sta-
bleSR (Wang et al. 2024), DiffBIR (Lin et al. 2024), SUPIR
(Yu et al. 2024) and TSDSR (Dong et al. 2025). The RefSR
methods include C2-Matching (Jiang et al. 2021), DATSR
(Cao et al. 2022), CoSeR (Sun et al. 2024) and ReFIR (Guo
et al. 2024).

Implementation Details and Evaluation Metrics.
In the experiment, we train the LR branch based on the LS-
DIR dataset (Li et al. 2023) and the first 10K face images
from the FFHQ (Karras, Laine, and Aila 2019) dataset in
the first stage, following common Super-Resolution settings
(Wang et al. 2024; Dong et al. 2025). In the second stage, we
train the Reference HR branch based on the DL3DV (Ling
et al. 2024) dataset and the Inter4K (Stergiou and Poppe
2022) dataset. We use Stable Diffusion 3 (Esser et al. 2024)
as the pre-trained diffusion backbone for the SR Branch, and
kept it frozen throughout all training stages. We use Roma
(Edstedt et al. 2024) as the pre-trained matching model ϕ for
the Reference Matching Strategy. More training details are
provided in the Appendix. To verify the performance of dif-
ferent models, we conduct quantitative evaluations, includ-
ing both structural metrics, perceptual metrics, and distribu-
tion consistency metrics. We use the Peak Signal-to-Noise
Ratio (PSNR), Structural Similarity Index Measure (SSIM)
(Wang et al. 2004), Learned Perceptual Image Patch Similar-
ity (LPIPS) (Zhang et al. 2018a) and Deep Image Structure
and Texture Similarity (DISTS) (Ding et al. 2020) to assess



the quality of the generated images. We employ the Frechet
Inception Distance (FID) (Heusel et al. 2017) to evaluate the
realism of the results. Since FID involves downsampling be-
fore calculation and is not suitable for UHD images, we did
not quantify the FID metric on the Landmark-4K dataset.

Qualitative and Quantitative Results.
As shown in Table 2, our method achieves the best SSIM,
LPIPS, FID, and DISTS on the public CUFED dataset.
On the public WR-SR dataset, our method obtains the best
LPIPS, FID and DISTS. Since the reference HR images in
WR-SR dataset are retrieved from Google Image Search,
their alignment with the LR images is relatively poor (as
illustrated in Figure 5). As a result, our method may yield
slightly lower PSNR and SSIM compared to some existing
methods. However, our method significantly outperforms
them in perceptual quality and distribution consistency met-
rics, including LPIPS, FID and DISTS. Furthermore, as
shown in Table 3, our method achieves the best PSNR,
SSIM, LPIPS, and DISTS on our proposed Landmark-4K
dataset. As shown in Figure 5 and Figure 6, benefiting from
explicitly pattern matching the LR image and the reference
HR image, our approach better leverages the semantic and
texture information from the reference HR image compared
to other methods, resulting in more realistic textures and
finer details.

Ablation Study
Effectiveness of the Components
Notably, the LR and Ref features are only concatenated dur-
ing cross-attention operations, making them completely de-
coupled. First, we attempt to perform inference with only the
LR branch and SR branch, which degenerates our model into
a SISR model. Then, we introduce the Reference branch,
but only utilize the relative position of the LR image tiles
to map to the reference HR image tiles. Next, we use the
pre-trained matching model to obtain the matching map and
simply resize the corresponding reference region to the input
tile size without using warping to align the images. Finally,
we apply the warping operation to align the LR image with
the reference HR image. As shown in Table 4, compared
to pure SISR, introducing the Reference branch can signifi-
cantly improve PSNR, SSIM, LPIPS, and DISTS. Introduc-
ing the Reference Matching Strategy can solve the problem
of incorrect tile retrieval due to scale mismatch and posi-
tional differences between the LR image and the reference
HR image. Visual comparisons are provided in the Appendix
due to space constraints.

Control Scale of the Reference branch
Similar to ControlNet (Zhang, Rao, and Agrawala 2023) and
IP-adapter (Ye et al. 2023), TriFlow can also control the in-
fluence of the reference branch by adjusting the weight of
the attention map. Specifically, during the Pat-Ref Attention
operation, we can control the attention weight correspond-
ing to the reference branch feature by multiplying KRef

by a coefficient kscale, i.e., KRef 7→ kscale × KRef .
Since we only performed concatenation on the K and V

RB M W PSNR↑ SSIM↑ LPIPS↓ DISTS↓

24.07 0.664 0.355 0.166
✓ 25.67 0.756 0.241 0.113
✓ ✓ 25.37 0.750 0.239 0.110
✓ ✓ ✓ 25.89 0.776 0.230 0.115

Table 4: Ablation study on our proposed Landmark-4K
dataset. We report PSNR, SSIM, LPIPS and DISTS. RB
represents the Reference branch, M represents the Match-
ing operation and W represents the Warping operation. The
best and second-best results are highlighted in bold and
underlined. “↑” (resp. “↓”) means the larger (resp. smaller),
the better.

kscale PSNR↑ SSIM↑ LPIPS↓ DISTS↓

0 24.07 0.664 0.355 0.166
0.2 24.36 0.712 0.299 0.181
0.4 24.57 0.709 0.287 0.159
0.6 24.65 0.710 0.285 0.150
0.8 24.79 0.716 0.280 0.145
1 25.89 0.776 0.230 0.115

Table 5: Quantitative comparisons about the control
scale (kscale) of the Reference branch on our proposed
Landmark-4K dataset. We report PSNR, SSIM, LPIPS and
DISTS. The best and second-best results are highlighted in
bold and underlined. “↑” (resp. “↓”) means the larger (resp.
smaller), the better.

features, directly controlling the weight of Kref can con-
trol the corresponding attention weight Q[kscale×Kref ]T

of V ref , thereby achieving the result of controlling the in-
fluence of the reference branch. As shown in Table 5, when
kscale = 1, ours is a RefSR model. When the value of
kscale is between 0 − 1, we can consider it as a trade-off
between SISR and RefSR. As kscale gradually decreases to
zero, ours gradually degenerates into a SISR model. More
perspective comparison results are detailed in the Appendix
due to space constraints.

Conclusion
In this paper, we address the problem of Ultra-High-
Definition Reference-Based Landmark Image Super-
Resolution. To this end, we propose TriflowSR, a novel
framework that explicitly performs pattern matching be-
tween LR and reference HR features. To address the issues
of low quality and relatively low resolution in existing
RefSR datasets, we propose the first UHD RefSR dataset
based on landmark scenes and design a Reference Matching
Strategy to match corresponding tiles. We successfully
implement a diffusion-based RefSR pipeline in UHD
landmark scenarios under the real-world degradation.
Experimental results show that our approach can better
utilize the semantic and texture information of the reference
HR image than previous methods, resulting in more realistic
texture and details.
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Appendix

Detail Experimental Setting

In the experiment, we train the LR branch based on the LS-
DIR dataset (Li et al. 2023) and the first 10K face images
from the FFHQ (Karras, Laine, and Aila 2019) dataset in
the first stage, following common Super-Resolution settings
(Wang et al. 2024; Dong et al. 2025). The ILR is upsam-
pled to the desired size using bicubic interpolation during
the pre-processing stage, following common practice. In the
second stage, we train the Reference HR branch based on the
DL3DV (Ling et al. 2024) dataset and the Inter4K (Stergiou
and Poppe 2022) dataset. Both stages of training are con-
ducted on 4 NVIDIA H20 GPUs. We utilized the AdamW
optimizer with a learning rate set to 5e−5. We use Stable
Diffusion 3 (Esser et al. 2024) as the pre-trained diffusion
backbone for the SR Branch, and kept it frozen throughout
all training stages. We use Roma (Edstedt et al. 2024) as the
pre-trained matching model ϕ for the Reference Matching
Strategy. In practical implementation, since the mask can be
any available image, we will use the result of the SISR (Sin-
gle Image Super-Resolution) model as the actual mask used.
During the two-stage training phase, we employed mixed
training with resolutions of 1024 × 1024 and 512 × 512
to enhance the model’s ability to handle images of varying
resolutions. Following previous methods (Yang et al. 2020;
Lu et al. 2021; Xia et al. 2022; Cao et al. 2022), we used
the second-order degradation model from Real-ESRGAN
(Wang et al. 2021) (with the same configuration as StableSR
(Wang et al. 2024)) with a ×4 down-sampling scale to gen-
erate real-world degraded images. Simultaneously, we ap-
plied data augmentation techniques such as random flipping,
random cropping, ColorJitter, and Homography transforma-
tion to improve the model’s robustness. During the inference
phase, for the CUFED5 dataset, we padded both the LR im-
age and the reference HR image to a size of 512 × 512
to achieve alignment. For the WR-SR dataset, we padded
the images to a square shape with the maximum width and
height to align them. For the Landmark-4K dataset, we em-
ployed a sliding window approach with a tile size of 1024
and a tile step of 256 for tile-based inference, and used the
c2-blending strategy to stitch the results back to the original
size. We used BF16 precision during training and inference.
For detailed hyperparameter configurations, please refer to
Table 6.

Hyperparameter

Batch size 16
Learning rate 5e−5

Warp-up steps 100
Training steps 60k

Max grad norm 1.0
Precision BF16

Table 6: Experimental settings for our TriFlow during the
training stage.

Effectiveness of the Components

RB M W PSNR↑ SSIM↑ LPIPS↓ DISTS↓

24.07 0.664 0.355 0.166
✓ 25.67 0.756 0.241 0.113
✓ ✓ 25.37 0.750 0.239 0.110
✓ ✓ ✓ 25.89 0.776 0.230 0.115

Table 7: Ablation study on our proposed Landmark-4K
dataset. We report PSNR, SSIM, LPIPS and DISTS. RB
represents the Reference branch, M represents the Match-
ing operation and W represents the Warping operation. The
best and second-best results are highlighted in bold and
underlined. “↑” (resp. “↓”) means the larger (resp. smaller),
the better.

Notably, the LR and Ref features are only concatenated
during cross-attention operations, making them completely
decoupled. First, we attempt to perform inference with
only the LR branch and SR branch, which degenerates our
model into a SISR model. Then, we introduce the Reference
branch, but only utilize the relative position of the LR im-
age tiles to map to the reference HR image tiles. Next, we
use the pre-trained matching model to obtain the matching
map and simply resize the corresponding reference region
to the input tile size without using warping to align the im-
ages. Finally, we apply the warping operation to align the
LR image with the reference HR image. As shown in Table
4, compared to pure SISR, introducing the Reference branch
can significantly improve PSNR, SSIM, LPIPS, and DISTS.
Introducing the Reference Matching Strategy can solve the
problem of incorrect tile retrieval due to scale mismatch and
positional differences between the LR image and the refer-
ence HR image. As shown in Figure 7, without the Refer-
ence branch, the model is unable to utilize any information
from the reference HR image, and the result is generated
solely based on the diffusion prior. Due to the scale mis-
match and positional differences between the LR image and
the reference HR image, without using the Reference Match-
ing Strategy, the LR image tile is likely to fail to correspond
to the correct reference HR tile, resulting in incorrect refer-
ence information. When the Warping operation is not used,
the LR image and the reference HR image may fail to align
effectively, resulting in difficulty in matching some detailed
information (such as fingers and face).

Control of the Reference branch
Similar to ControlNet (Zhang, Rao, and Agrawala 2023) and
IP-adapter (Ye et al. 2023), TriFlow can also control the in-
fluence of the reference branch by adjusting the weight of
the attention map. Specifically, during the Pat-Ref Attention
operation, we can control the attention weight correspond-
ing to the reference branch feature by multiplying KRef

by a coefficient kscale, i.e., KRef 7→ kscale × KRef .
Since we only performed concatenation on the K and V
features, directly controlling the weight of Kref can con-
trol the corresponding attention weight Q[kscale×Kref ]T

of V ref , thereby achieving the result of controlling the in-
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Figure 7: Visual comparisons of the Super-Resolution results of the ablation experiments on our proposed Lanmark-4K dataset.
Without the Reference branch, ours will degenerate into a SISR model. If the Reference Matching Strategy & Warping is not
used, the LR image and the reference HR image may fail to align effectively, resulting in difficulty in matching some detailed
information (such as fingers and face). Please zoom in for a better view.
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Figure 8: Visual comparisons of the Super-Resolution results of the ablation experiments on our proposed Lanmark-4K dataset.
Without the Reference branch, ours will degenerate into a SISR model. If the Reference Matching Strategy & Warping is not
used, the LR image and the reference HR image may fail to align effectively, resulting in difficulty in matching some detailed
information (such as facial information). Please zoom in for a better view.

fluence of the reference branch. As shown in Table 5, when
kscale = 1, ours is a RefSR model, while when kscale is
between 0 − 1, we can consider it as a trade-off between
SISR and RefSR. As kscale gradually decreases to zero,
ours gradually degenerates into a SISR model. Moreover,
since the LR branch and the Reference branch are com-
pletely decoupled, the degree of control over the reference
HR image can also be effectively controlled by adjusting the
number of layers in the Reference branch. As shown in Table
9, when the number of layers decreases (these models are all
retrained in stage 2), our model gradually degenerates from
a RefSR model to a SISR model, which is consistent with
the principle of kscale. As shown in Figure 8, we can con-
trol the degree of supervision from the reference HR image
by adjusting the weight of the attention map (kscale) and the
number of layers in the Reference branch module, allowing
our model to transition seamlessly between the SISR model
and the RefSR model.

Reference Image Condition Modeling

In this chapter, we explored the current mainstream meth-
ods for introducing additional supervisory information into
diffusion-based models, and compared them with our pro-
posed Patch-Ref Attention mechanism.

Controlnet (Zhang, Rao, and Agrawala 2023) is an exten-
sion of diffusion models that enables pixel-level control over
image generation using additional structural inputs, such as
edge maps, depth maps, or human poses (for the RefSR task,
it is the reference HR image). ControlNet introduces addi-
tional information by adding an auxiliary branch network
that mirrors the structure of the backbone. A zero convo-
lution module is used to integrate the noisy input with the
conditional input within this branch. The output of the aux-
iliary branch is then added to the main network to guide the
diffusion process. However, this approach lacks explicit pat-
tern matching. The direct addition operation only allows for



kscale PSNR↑ SSIM↑ LPIPS↓ DISTS↓

0 24.07 0.664 0.355 0.166
0.2 24.36 0.712 0.299 0.181
0.4 24.57 0.709 0.287 0.159
0.6 24.65 0.710 0.285 0.150
0.8 24.79 0.716 0.280 0.145
1 25.89 0.776 0.230 0.115

Table 8: Quantitative comparisons about the control
scale (kscale) of the Reference branch on our proposed
Landmark-4K dataset. We report PSNR, SSIM, LPIPS and
DISTS. The best and second-best results are highlighted in
bold and underlined. “↑” (resp. “↓”) means the larger (resp.
smaller), the better.

layers PSNR↑ SSIM↑ LPIPS↓ DISTS↓

0 24.07 0.664 0.355 0.166
2 24.74 0.723 0.28 0.132
4 24.75 0.720 0.283 0.136
8 24.79 0.724 0.273 0.132

16 25.38 0.747 0.252 0.126
23 25.89 0.776 0.230 0.115

Table 9: Quantitative comparisons about the layers of the
Reference branch on our proposed Landmark-4K dataset.
We report PSNR, SSIM, LPIPS, FID and DISTS. The
best and second-best results are highlighted in bold and
underlined. “↑” (resp. “↓”) means the larger (resp. smaller),
the better.

a coarse transfer of semantic information, making it difficult
to effectively capture the structural and textural details of the
reference high-resolution image. As shown in Table 10, we
retrain the Reference branch based on the ControlNet struc-
ture using exactly the same settings and architecture. Ex-
perimental results demonstrate that our proposed TriFlowSR
enables explicit feature matching between the LR image and
the reference HR image, thereby making more effective use
of the semantic and textural information in the reference HR
image.

Method PSNR↑ SSIM↑ LPIPS↓ DISTS↓

Controlnet 24.55 0.717 0.271 0.121
TriFlowSR(ours) 25.89 0.776 0.230 0.115

Table 10: Quantitative comparisons about the reference im-
age condition modeling of the Reference branch on our
proposed Landmark-4K dataset. We report PSNR, SSIM,
LPIPS and DISTS. The best results are highlighted in bold.
“↑” (resp. “↓”) means the larger (resp. smaller), the better.

IP-Adapter (Ye et al. 2023) is a lightweight module de-
signed to enable image-based prompting for diffusion mod-
els. It connects a pre-trained image encoder (e.g., CLIP) to
the diffusion model, allowing users to guide image genera-
tion using reference images instead of text. By injecting fea-
tures from the reference image into the cross-attention lay-

ers, IP-Adapter provides effective visual control while keep-
ing the base model frozen. However, the introduced refer-
ence information is compressed by an image encoder, which
typically retains only semantic and partial structural infor-
mation. This injection method severely compromises the
texture information of the reference HR image, leading to
strong generative artifacts.

T2I-Adapter (Mou et al. 2024) is a lightweight module
designed to provide structural guidance (e.g., edges, depth,
pose) to pre-trained text-to-image diffusion models. It works
by learning an external adapter network that extracts features
from the control input and injects them into the diffusion
model without modifying its original weights. This approach
enables controllable image generation with minimal compu-
tational cost and strong compatibility with existing models.
The main difference between T2I-Adapter and IP-adapter is
that the embedding information is introduced through addi-
tion (similar to ControlNet) rather than cross-attention. Like
IP-adapter, T2I-Adapter also faces the issue of compressed
reference information.

Resource efficiency
We compare the floating point of operations (FLOPs) and in-
ference time with other methods on our proposed Lanmark-
4K dataset by torch.profiler, using 1024 × 1024 images
as the input. All experiments were conducted on a single
NVIDIA H20. As shown in Table 11, compared to other
methods, our TriFlowSR has the lowest TFLOPs and the
shortest inference time.

Methods PSNR↑ LPIPS↓ TFLOPs↓ time (s)↓

SUPIR 24.44 0.312 1287.10 17.25
CoSeR 24.72 0.359 - 53.27
ReFIR 25.21 0.28 1561.51 26.07

TriFlowSR(ours) 25.89 0.23 491.65 10.59

Table 11: Quantitative comparisons about resource effi-
ciency on our proposed Landmark-4K dataset. We report
PSNR, LPIPS, TFLOPs and inference time. The best and
second-best results are highlighted in bold and underlined.
“↑” (resp. “↓”) means the larger (resp. smaller), the better.

More Visual Results
As shown in the Figure 9, Figure 10 and Figure 11, we pro-
vide more visual comparison results. Meanwhile, we also
provide more illustrations about our proposed Landmark-4K
dataset, as shown in the Figure 12.
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Figure 9: More visual comparisons of the Super-Resolution results by different methods on the our proposed Lanmark-4K
dataset. Please zoom in for a better view.
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Figure 10: More visual comparisons of the Super-Resolution results by different methods on the our proposed Lanmark-4K
dataset. Please zoom in for a better view.
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Figure 11: More visual comparisons of the Super-Resolution results by different methods on the our proposed Lanmark-4K
dataset. Please zoom in for a better view.



Figure 12: More visual demonstrations on our proposed Landmark-4K dataset. Please zoom in for a better view.
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