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Abstract. Reference-based inpainting utilizes the information in the
reference image to inpaint the missing region in the target image, aiming
to generate the fact object behind the mask rather than a reasonable one.
The key challenge is how to accurately locate the region in the reference
image and maximally utilize it. We proposed UNet-Twice, a simple yet
novel framework. UNet-Twice uses the same UNet two times, combined
with a well-constructed data pair to build a close connection between
the target and reference image. The two passes fuse spatially comple-
mentary features generated from the target and the reference image,
which provides intuitively explicit guidance for image generation. Our
proposed framework is simple and easy to extend to a multi-reference
setting. Extensive experiments demonstrate that our proposed frame-
work outperforms existing reference-based inpainting methods in both
single-reference and multi-reference settings.

Keywords: Reference-based Inpainting - Image Inpainting - Diffusion
Model

1 Introduction

Image inpainting is a fundamental task in computer vision that aims to re-
store missing regions in an image using surrounding visual context [22]. Recent
advances in Text-to-Image diffusion models [3(8}(151/26,30,[3436.42] have demon-
strated remarkable generative capability, making diffusion backbones widely
adopted for image inpainting [27]. These models synthesize highly realistic con-
tent and produce visually plausible results even under large missing regions.
However, diffusion models are better at generating visually realistic content than
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preserving factual consistency, often producing plausible results that fail to faith-
fully recover scene-specific content. Reference-based inpainting [2,/7./44,/45/51/61]
aims to address this limitation by introducing an additional reference image that
provides appearance guidance for the missing region (e.g., texture, material, or
object-specific details). Unlike generic inpainting, the goal is not merely to gener-
ate plausible content, but use the additional image to restore the correct content
details from the reference image.

Despite the availability of an additional reference image, effectively exploiting
reference information remains non-trivial. The core difficulty lies in maximizing
the utility of the reference image, which involves two coupled sub-problems:
i) correspondence localization, identifying regions in the reference that corre-
spond to the masked region in the target. This is complicated by differences
in viewpoint, scale, and layout that hinder reliable spatial estimation. i) con-
tent extraction and integration, transferring relevant appearance patterns while
maintaining global consistency. Simple copying often disrupts target image’s un-
derlying semantic and structural consistency.

To tackle these challenges, existing efforts explore several strategies, yet each
has limitations. Straightforward solutions [44}[51] directly fine-tune diffusion
models using reference images as additional training data. However, the absence
of explicit spatial connections between the target and reference images limit
faithful content transfer. Geometry-alignment-based methods [241/60,,61] improve
reference utilization through geometric alignment to provide spatial guidance.
However, their effectiveness depends on the accuracy of geometric estimation.
More recent architecture-augmented methods [6},17,/45,/56] introduce additional
model branches (e.g., a second UNet [35]) to extract reference features. While re-
markably effective, such designs often come at the cost of increased architectural
complexity, making the models harder to deploy and maintain.

Motivated by this observation, we seek a simple yet elegant alternative. We
propose UNet-Twice, a reference-guided diffusion framework that reuses the
same UNet backbone with two passes within a single forward process. As shown
in Fig.[l] in the first pass, the UNet extracts locally reference-aware latent repre-
sentations from the reference image. In the second pass, the masked target image
is processed, and the reference features extracted in the first pass are injected
into the denoising process to enable reference-conditioned synthesis. Since both
passes are produced by the same UNet weights, these features lie in a compatible
feature space and can be injected by simple element-wise addition, without any
additional bridging module.

Building on this weight-sharing design, we further introduce a paired input
formulation with identical input structures to avoid ambiguity between the two
passes, which explicitly establishes an image-level association between the refer-
ence and target images. Furthermore, the reference image is geometrically aligned
with the target image and modulated using a complementary mask, making it
spatially complementary to the visible target region. Such complementary condi-
tioning introduces a region-level connection, allowing the network to fuse “what
is missing” in the target image with “what the reference suggests” through the
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Fig.1: UNet-Twice Pipeline. UNet-Twice reuses the same UNet twice within a
single forward process. In the first pass, UNet-I extracts reference features from the
reference image set I.. In the second pass, UNet-II takes the target image set I as the
standard inpainting input and performs denoising. Since both passes share identical
parameters, the extracted features lie in the same feature space and can be injected
into the corresponding layers of UNet-II via element-wise addition, without introducing
additional branches or bridging modules. For k references, UNet-I is repeated k times
to extract k reference features, which are then aggregated via self-attention into a single
feature for injection.

strong representation and feature fusion capability of the UNet. Importantly,
due to the robustness of latent diffusion representations, perfect alignment is
not required. Instead, it only requires the transformed reference content to ap-
proximately fall within the corresponding region, which substantially relaxes the
requirement on correspondence estimation.

Our contributions are summarized as follows:

— We propose UNet-Twice, a reference-based inpainting framework with a two-
pass design that reuses the same diffusion UNet twice within a single for-
ward process. It integrates reference features into the image synthesis process
without a separate reference branch or bridging module.

— We introduce a complementary conditioning formulation that, together with
the two-pass design, explicitly couples the target and reference images at
both the image and region levels. Through paired inputs and spatially com-
plementary masking, the framework enables effective reference feature ex-
traction and faithful content transfer.

— Extensive experiments validate the effectiveness and efficiency of the pro-
posed framework across both single-reference and multi-reference settings.
Detailed ablation studies validating each component of the design.
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2 Related Work

2.1 Image Inpainting

Image inpainting is a fundamental task that fills the masked region with con-
sistent context. Traditional methods [1,9,55] focus on low-level patterns thus
results in limited performance. Subsequent works achieves promising results by
using transformer-based [11}18,(19,(25|40] or GAN-based [5L|10%/14}23},/38/46] in-
painting with adaptive convolutions [22//53|, and attention |4/18/52//54]. In recent
years, methods [33}341)371/43||49,50159] based on the diffusion model demonstrated
high image inpainting capabilities. diffusion-based image inpainting architecture
design. ASUKA [47] inpaint the image by introducing additional constraints
to preserve structural consistency and semantic coherence during generation.
LOHC [58] adopts a cooperative reconstruction strategy that jointly predicts
structural priors and image appearance for large occlusion completion. Brush-
Net [17] proposes a plug-and-play dual-branch diffusion framework that explic-
itly separates masked image features from noisy latents to enhance content and
shape-aware image inpainting.

2.2 Reference-based Image Inpainting

Reference-based image inpainting has attracted increasing attention in recent
years, aiming to improve image completion by leveraging external reference im-
ages to provide additional appearance and semantic cues. Despite differences
in architectural design and conditioning strategies, existing methods share a
common objective: to maximally exploit reference information to guide realistic
and semantically consistent reconstruction. Beyond reference inpainting, differ-
ent LoRA-based methods [13}31,/39] explore multi-concept composition.
Paint-by-Example (PbE) [51] replaces textual prompts with exemplar-driven
diffusion conditioning through global image representations. TransFill [61] fo-
cuses on geometric alignment by generating multiple homography-based pro-
posals to warp reference content into the target region. CorrFill [24] enforces
correspondence-constrained diffusion guidance, which relies on accurate geomet-
ric matching under viewpoint changes. FaithFill [28] reports strong fidelity with
efficient Low-Rank Adaptation (LoRA) fine-tuning. GeoComplete [21] injects
explicit 3D structure and uses target-aware masking. RealFill [44] trains a dif-
fusion inpainting model with both target and reference images to let the model
learn patterns from a particular scene. LeftRefill [2] stitches the target and ref-
erence image together as the input to utilize the ability in a diffusion model.
MimicBrush [6] injects reference-aware attention features through a dual UNet
diffusion architecture. CompleteMe [45] similarly employs an additional UNet to
extract detailed reference features, targeting human image completion.
However, these methods either underutilize the reference image or incur sub-
stantial computational overhead. Some approaches [24}/44}/51/61] rely on global
feature conditioning or high-quality geometric matching to guide generation.
Others [6,/17,/45] trade performance by introducing additional modules, which
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increase extra architectural complexity. In contrast, our method achieves effec-
tive reference-guided synthesis while keeping the architecture simple by reusing
the same UNet backbone in two passes.

3 Method

We first formulate the problem in Sec. [3.I] then introduce the proposed frame-
work in Sec. [3.2] along with the associated data construction in Sec. Finally,
we extend the framework to the multi-reference setting in Sec.

3.1 Preliminaries

Reference-based inpainting aims to restore missing regions of a target image us-
ing additional appearance cues from reference images. Given an original image

(i.e., also known as the ground-truth image) and a binary mask M € {0, 1}7xW
where M = 1 denotes missing pixels, the target image is
Lo =10 (1—-M)+ M, (1)

where ® denotes element-wise multiplication and the missing region is filled with
white (M = 1). Let {Ley,,...,Ires, } denote reference images, where typically
k < 5. The goal is to synthesize a completed image as close as possible to
the original image, preserving the visible context of the target while borrowing
semantically compatible details from the references. Unless otherwise specified,
we use the default single-reference setting (k = 1) for clarity.

3.2 Method Framework

An overview of the proposed framework is shown in Fig. [Il Our method builds
upon a pre-trained Stable Diffusion (SD) v2 inpainting model [34] and introduces
a two-pass conditioning scheme that reuses the same UNet twice.

Given a target image and a reference image, we first perform an auxiliary
forward pass with an image set I; containing the reference image. This pass,
denoted as UNet-I, extracts reference-based features that serve as additional
conditioning signals for generation. Next, a second pass with I, containing the
target image, is executed. The second pass, denoted as UNet-II, extracts target’s
background contextual features and performs the standard denoising process.

Both UNet-I and UNet-II share the same backbone and the same param-
eters. In the implementation, UNet-I retains only the down-sampling pathway
for multi-level feature extraction, while UNet-II remains the full denoising net-
work. Because the two passes are produced by identical weights, the features
from UNet-I reside in the same feature space as those of UNet-II, and natu-
rally match the spatial and channel dimensions of the corresponding layers. This
property allows the reference features to be directly added into UNet-II to form
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a unified conditioning signal, so that generation is guided by both %) appear-
ance cues from the reference image and 1) reliable background context from the
target image.

Existing architecture-augmented methods [6}/17]/45,[56], such as ControlNet
and CompleteMe, attach an additional branch or UNet to extract conditioning
features, and rely on extra modules to inject these features into the backbone
(e.g., zero-convolutions or cross-attention). In contrast, our two passes share
identical weights, ensuring that the extracted features naturally reside in a com-
patible representation space. This enables direct feature reuse through simple
element-wise addition without any additional injection module, while preserving
full compatibility with the original diffusion process.

3.3 Two-stage Data Construction

To support the two UNets passes framework, we design a two-stage data formu-
lation that explicitly establishes correspondence at both image and region levels.
The input data format is critical, as it forms the foundation for subsequent steps
such as locating corresponding regions and extracting reference content.

Stage 1: Image-level Pairing. In this stage, we aim to build a unique
input formulation for both passes to avoid ambiguity for the same UNet. We use
I; and I, denote the input image set of UNet-I and UNet-II, respectively. The
input I; and Iy share the same format as follows:

I = {Ttar, 0, Irep }, Io = {Lay, Tmes® TE0M4Y, (2)

tar tar

where I, follows the standard input format of a Stable Diffusion inpainting
model, as UNet-II corresponds to the original inpainting pass. Specifically, I
consists of three components: the target image I;,,, the corresponding mask
image %% and the conditioning target image I¢°"?. Specifically, the effective

tar tar
mask is I[%%% = (1 — M) ® Iask, where I, is a randomly generated mask

tar

for training. Ifo"¢ = I ® (1 — M) ® (1 — I pask), which preserves only the known
pixels. Similarly, I; is constructed using the same input structure, consisting
of three images: the target image I;,,, a zero mask image 0, and the reference
image Icy.

Since UNet-I is used to extract reference-conditioned features before the main
denoising pass, we replace the second indicator mask image in I; with a zero
mask O (i.e., a black image) to avoid introducing an explicit mask indicator in
the first pass. This keeps the input interface of I; consistent with the standard
SD inpainting format, while ensuring that the first pass is primarily driven by the
reference image to extract features. The role of the third image I,.; is further
refined in Stage 2. Instead of feeding an explicit mask to UNet-I, we use the
aligned and masked reference image to provide region-level guidance.

With this design, I; and I share the same three-image input format, namely,
a target image, a mask indicator, and a conditioning image. This unified inter-
face follows the standard SD inpainting input formulation and allows the same
pretrained UNet weights to be reused in both passes without ambiguity. Impor-
tantly, the two inputs emphasize complementary conditions: Is preserves reliable
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target background context, whereas I; provides reference appearance for feature
extraction. Thus, feeding {I,I>} as paired inputs establishes an explicit image-
level correlation.

Stage 2: Region-level Correspondence. In Stage 2, we establish explicit
region-level correspondences between the reference and the target images to
provide structured conditioning signals for generation. In the standard SD in-
painting formulation, the third input image serves as a conditioning image (e.g.,
L in Iy and 152" in I). Since I5o"? already preserves the reliable background
content of the target image, we redesign the reference conditioning image I,y
in I; to complement this information.

A key challenge is to incorporate both target background context and refer-
ence appearance cues within one forward process without introducing interfer-
ence. To this end, we enforce spatial complementarity between the two condition-
ing images. Specifically, we encourage the reference image to provide candidate
content only inside the masked region, while the target conditioning image sup-
plies reliable context outside the masked region. This construction involves the
following two steps:

i) Geometric alignment. Before constructing complementary masks, we first
reduce geometric discrepancies between the reference and target images (e.g.,
viewpoint changes, scale variations, and perspective differences). An off-the-shelf
feature matcher (e.g., OmniGlue [16]) is employed to estimate reliable sparse
keypoint correspondences. Based on these correspondences, a coarse geometric
transformation is estimated to warp the reference image, producing I. £, such
that informative regions approximately located within the masked area of the
target image.

ii) Complementary masking. After obtaining the aligned reference image Ie I
we construct spatially complementary conditioning images as follows:

I = Loy © (U= Inask), L = Ires © Lasks (3)

where I/, = I ® (1 — M) with missing region filled in black. Intuitively, 7504

preserves reliable background context from the target image, while Ircgfnd supplies

candidate content within the missing region from the reference image. Because

the two conditioning images are constructed with complementary masks, their
sum forms a coarse composite prior:

Icond _ Icond + Icond. (4)

comp tar ref

Finally, we update I,.r = I fg}””d in Eq. , resulting in the revised inputs:

Il = {Itar7 07 Icg}ld ) 12 = {Itar7 ImaSka-[fg;ld . (5)

T tar

Importantly, precise pixel-level alignment is not required. Since both condition-
ing images are encoded into latent representations and fused within the diffusion
model, it is sufficient that semantically corresponding regions are approximately
aligned within the masked area. This design ensures robustness to moderate
geometric misalignment.



8 J. Lu et al.

Once the two complementary inputs are constructed, they can be directly
used in training. In each iteration, a random binary mask I,,,sx is sampled and
used to construct the conditioning images "¢ and Ifg}‘d. The resulting inputs
I, and I, are then encoded by the pretrained VAE £(+), following the standard
Stable Diffusion inpainting pipeline. Gaussian noise is subsequently added to
the target latent £([,-) to obtain the noisy latent z; at step ¢, which is shared
by both passes. In practice, UNet-I takes I; to extract reference-dependent fea-
tures, which are directly injected into the corresponding down-sampling layer
of UNet-II by element-wise addition. Meanwhile, UNet-II takes I as the stan-
dard inpainting input and predicts the denoising target guided by the injected
reference features. No additional scaling, normalization, or timestep-dependent
scheduling is applied to the injected features.

Overall, the proposed two-stage data construction explicitly couples the tar-
get and reference images at two complementary levels: image-level pairing and
region-level correspondence through complementary conditioning masks. This
explicit spatial structuring provides correspondence cues for effective reference-
guided diffusion synthesis, while remaining fully compatible with the standard
inpainting formulation.

3.4 Inpainting with Multiple References

Our framework can be naturally extended to the multi-reference setting. When
multiple reference images are available, we increase the number of forward passes
of UNet-I according to the number of references k (i.e., UNet-I is executed k
times for k references). Consequently, k reference-dependent latent features are
extracted from UNet-I.

To remain compatible with the single-reference setting, the feature injected
into UNet-II must preserve the same spatial size and channel dimensions as a
single-reference feature. At the same time, we would like this injected feature to
incorporate information from all available references. To this end, we treat Iy,
as the primary reference and use a self-attention module to aggregate information
from the remaining references into its representation.

As illustrated on the right-hand side of Fig. [I} the k latent features from
different reference images are first concatenated along the channel dimension
to form a joint feature, and then processed jointly by a self-attention module.
This allows information from multiple references to interact within a shared
representation. We then retain only the updated feature corresponding to the
primary reference I,.f, and inject it into UNet-II.

In this way, the injected feature has exactly the same shape as in the single-
reference setting, while its representation is enriched by additional references
(€.8., Tvoty, Irots, Iref,) through the attention-based aggregation. This design al-
lows additional references to contribute useful visual information to the injected
feature, while keeping the injection mechanism unchanged.
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4 Experiment

4.1 Dataset

Following LeftRefill [2], we adopt MegaDepth [20] dataset to construct image
pairs. MegaDepth contains images of the same scenes captured under diverse
viewpoints and illumination conditions, making it suitable for reference-guided
image inpainting. Following LeftRefill [2], we select image pairs with 40% to 70%
overlap as target and reference image pairs, and construct the evaluation split
on the MegaDepth dataset by reserving 100 target images whose corresponding
ground truth region are disjoint from the training set. Each target image is asso-
ciated with four reference images, and all methods are evaluated using the same
target-reference pairs. For mask generation, we first apply OmniGlue [16] to ob-
tain sparse correspondences between the target and reference images. A random
mask is then sampled within the overlapping region, increasing the chance that
the reference image contains relevant content for completing the missing region
in the target image. All images are resized to 512 x 512 resolution.

4.2 Baselines and Evaluation Metrics

We compare UNet-Twice with several representative image inpainting methods,
including BrushNet [17], MimicBrush [6], Paint-by-Example (PbE) [51], Cor-
rFill [24], RealFill [44], LeftRefill [2], and CompleteMe [45]. Among them, Cor-
rFill is a plug-in correspondence module designed to be integrated with a base
inpainting model rather than used independently. Following the official imple-
mentation, we evaluate CorrFill when plugged into Paint-by-Example, reported
as “Paint-by-Example4CorrFill”. BrushNet is a non-reference-based inpainting
method, and CompleteMe is primarily designed for human image inpainting. We
include them to provide a more comprehensive comparison. For each baseline,
we follow the training and inference protocols described in the original papers
or use the official pretrained checkpoints. Scene-specific methods (e.g., RealFill
and UNet-Twice) follow the protocol of RealFill, where the model is trained sep-
arately for each scene on {I;,, I;e;} without access to the ground-truth region.
Full-dataset training methods (e.g., LeftRefill and CompleteMe) are trained once
on the full training split of approximately 499,000 image pairs, together with
{Itar, Ires } of all test scenes, also without access to the ground-truth region. All
methods are evaluated on the same target images, masks, and reference pairs.

The results are evaluated using Peak Signal-to-Noise Ratio (PSNR), Struc-
tural Similarity Index (SSIM) [48], Learned Perceptual Image Patch Similarity
(LPIPS) [57], DreamSim [12], and DINO similarity [29]. PSNR and SSIM mea-
sure pixel-level reconstruction fidelity, LPIPS evaluates perceptual similarity,
while DreamSim and DINO assess high-level semantic consistency between the
result and ground-truth images. All metrics are computed after compositing the
inpainted region back into the ground-truth image.
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Table 1: Quantitative comparison under the single-reference (1-reference) inpainting
setting. Following the official implementation, we evaluate CorrFill when plugged into
Paint-by-Example, which is reported as “Paint-by-Example+CorrFill”. The best results
are highlighted in bold, and the second-best results are underlined.

Method Low-level Quality Semantic Similarity
PSNR 1 SSIM 1 LPIPS | DreamSim | DINO 1
BrushNet 23.3474 0.9096 0.0610 0.0290 0.9568
Paint-by-Example (PbE) 23.3052 0.9103 0.0608 0.0311 0.9641
Paint-by-Example (PbE)+CorrFill 23.7351 0.9112 0.0594 0.0332 0.9667
MimicBrush 25.7770 0.9244 0.0464 0.0162 0.9798
CompleteMe 24.5790 0.9199 0.0506 0.0212 0.9765
RealFill 25.4339 0.9205 0.0500 0.0181 0.9816
LeftRefill 26.0812 0.9235 0.0475 0.0167 0.9807
Our (UNet-Twice) 27.3856 0.9319 0.0412 0.0106 0.9874

4.3 Implementation Details

Our framework is built upon the pre-trained Stable Diffusion v2 Inpainting
model [34]. The default frozen CLIP text encoder [32] and VAE image en-
coder [34] are adopted following the original configuration. We freeze the en-
tire down-sampling path and the mid-block, and only update the up-sampling
layers. Accordingly, the features extracted by UNet-I and UNet-II (only the
down-sampling stage) are always produced by frozen weights, while the updated
weights are used in the up-sampling stage of UNet-I1. Following the scene-specific
protocol of RealFill [44], we optimize UNet-Twice for 2,000 iterations with a
batch size of 8 for each scene. The learning rate is 2 x 107° with the Adam
optimizer. n is set to 1, which is the number of injected features (i.e., connected
layers) from UNet-I to UNet-II. During inference, we follow prior works and
employ the DDIM sampler [41] with 50 sampling steps. Detailed implementa-
tion settings, including training configurations, training and inference cost, are
provided in the supplementary material.

4.4 Quantitative and Qualitative Comparison

Single-reference Inpainting We compare UNet-Twice with existing reference-
based inpainting methods under the single-reference setting in Tab. [I] Overall,
UNet-Twice achieves the best performance across all reported metrics, with no-
tably improved low-level quality scores. These results suggest that the proposed
framework better leverages reference information for faithful content reconstruc-
tion. Compared with approaches that rely on implicit correspondence discovery
(e.g., attention-based matching or additional UNet branches), UNet-Twice ex-
plicitly structures reference guidance via approximate geometric alignment and
complementary masking, which helps preserve reference-consistent details within
the masked region.
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Reference Target BrushNet PbE PbE+CorrFill MimicBrush CompleteMe RealFill LeftRefill Ours

Fig. 2: Comparison of baselines on single-reference setting. Please refer to the red and
blue boxes for a detailed comparison. PbE denotes Paint-by-Example.

Table 2: Quantitative comparison under multi-reference setting. The best results are
highlighted in bold, and the second-best results are underlined.

Low-level Quality Semantic Similarity
PSNR 1 SSIM 1 LPIPS | DreamSim | DINO 1

RealkFill 26.2415 0.9229 0.0461 0.0123 0.9847
2-Refs LeftRefill  26.2392 0.9272 0.0423 0.0122 0.9854
UNet-Twice 28.4582 0.9393 0.0355 0.0077  0.9915

RealkFill 26.4494 0.9250 0.0438 0.0116 0.9874
3-Refs LeftRefill = 26.3340 0.9274 0.0434 0.0142 0.9858
UNet-Twice 28.4586 0.9390 0.0355 0.0080 0.9910

RealFill 26.6568 0.9263 0.0430 0.0113 0.9884
4-Refs LeftRefill  26.6212 0.9315 0.0455 0.0134 0.9868
UNet-Twice 28.5596 0.9341 0.0352  0.0081 0.9912

Setting Method

Qualitative comparisons are shown in Fig. 2] While most baselines produce
visually realistic results, they often fail to preserve fine details from the reference
image or generate structures that are inconsistent with the reference appearance.
In contrast, UNet-Twice more consistently preserves fine details and yields re-
sults that better align with both the target context and the reference appearance.

Multi-reference Inpainting. We compare UNet-Twice with RealFill and
LeftRefill under the multi-reference setting in Tab.[2] Overall, UNet-Twice achieves
the best performance across different numbers of reference images. Using multi-
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4-Refs Target Ours-1ref Ours-4refs LeftRefill-4refs RealFill-4refs

Fig. 3: Comparison under multi-reference setting. The figure shows: (i) results of UNet-
Twice with 1-reference and 4-reference setting, and (ii) comparison between UNet-
Twice, LeftRefill, and RealFill under the 4-reference setting.

ple references generally provides richer visual content than the single-reference
setting, resulting in noticeable improvements across all metrics.

Qualitative comparisons are shown in Fig.[3] The figure includes two compar-
isons: (i) results of UNet-Twice under the 1-reference and 4-reference settings,
and (ii) comparisons between UNet-Twice, RealFill, and LeftRefill under the 4-
reference setting. For (i), UNet-Twice under the 4-reference setting shows clear
improvements over the 1-reference setting, particularly when the primary refer-
ence does not sufficiently cover the missing region. For (ii), while all methods
produce plausible results by leveraging multiple references, UNet-Twice better
preserves fine details and yields more coherent structures in the restored regions.

4.5 Ablation Study

Number of Injected Features. Let n denote the number of feature tensors
extracted from the down-sampling path of UNet-I and injected into UNet-II,
i.e., the number of connected layers between the two passes. In our UNet, the
down-sampling stage consists of four down blocks with three layers each, together
with a mid block, thus n € {1,...,13}. The injection starts from the bottleneck
and expands outward: n = 1 injects only the mid-block feature at the deepest
position, and as n increases, additional features from shallower down-sampling
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Table 3: Ablation study on different numbers of injected features n. n denotes the num-
ber of injected features from the down-sampling layers of UNet-I, which corresponds
to the number of connected layers between UNet-I and UNet-II. The best results are
highlighted in bold, and the second-best results are underlined.

Low-level Quality Semantic Similarity

PSNR 1 SSIM 1 LPIPS | DreamSim | DINO 4

Injected Features

n=1 27.3858 0.9328 0.0412 0.0106 0.9874
n=2 27.1613 0.9311 0.0433 0.0166 0.9809
n=3 27.1112 0.9312 0.0433 0.0139 0.9814
n=4 26.9773 0.9295 0.0440 0.0147 0.9816
n="7 26.9828 0.9293 0.0443 0.0147 0.9810
n=13 26.9106 0.9277 0.0451 0.0141 0.9811

Reference Aligned Ref Target Overlay n=1 n=3 n=7 n=13

Fig. 4: Comparison under different numbers of injected features n. When the alignment
is inaccurate, using a smaller n produces more realistic and semantically consistent
results.

layers are progressively included. Consequently, a small n corresponds to deep,
high-level semantic features, whereas a larger n additionally brings in shallower,
low-level appearance-specific features.

Quantitative results are reported in Tab. [3] We observe that a smaller n
consistently leads to better performance, and we therefore set n = 1 in all
experiments. A likely reason is that when n is large (e.g., n = 13), the injected
low-level appearance dominates the denoising process, resulting in less realistic
or less semantically consistent inpainting.

This phenomenon can be further visualized in Fig. [l When n = 13, the
content in the masked region is strongly influenced by the reference image. In
some cases, the masked region looks as if the reference content were pasted in,
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Table 4: Ablation study on different alignment methods. -base presents the default
Homography alignment implemented in our framework. -simple is the version delete
the second phase of fine alignment, and -fine is the version with a fine-designed second
phase. Affine represents affine transformation. The best results are highlighted in bold,
and the second-best results are underlined.

Low-level Quality Semantic Similarity
PSNR 1 SSIM 1 LPIPS | DreamSim | DINO 1t

Homography-base  27.3855 0.9319 0.0412 0.0106 0.9874
Homography-simple 27.4491 0.9319 0.0410  0.0105 0.9878
Homography-fine  27.4300 0.9318 0.0409 0.0108 0.9872
Affine 27.2807 0.9314 0.0410 0.0106 0.9870

Alignment Method

Reference Aligned Ref Target Overlay Ours

Fig. 5: Visualization results under imperfect geometric alignment. Even when the ref-
erence image cannot be precisely aligned with the target, UNet-Twice is still able to
synthesize realistic and semantically coherent inpainting results.

rather than synthesized coherently. When the alignment between the two images
is not very accurate, the discrepancy becomes visually obvious. This is consistent
with the design of our framework: with a small n, only higher-level features are
injected, making the method less sensitive to precise image alignment.
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Alignment Strategies. Since the MegaDepth dataset contains a large number
of architectural scenes, homography alignment provides a reasonable geomet-
ric approximation and is therefore adopted as the default. To evaluate whether
our framework relies on highly refined alignment, we design three homography
variants with increasing levels of refinement and compare them with the affine
transformation. As shown in Tab. [d] varying the level of homography refinement
leads to only minor performance differences. Moreover, although affine transfor-
mation is theoretically less suitable for architectural scenes due to its inability
to model perspective projection, it results in only a marginal performance drop.
These results indicate that our framework is robust to the choice of geometric
alignment strategy.

Qualitative examples are shown in Fig. [f] It can be observed that when
the aligned reference is not perfectly registered with the target, the generated
results remain visually coherent and consistent with the reference content. This
finding is consistent with the design of our framework: rather than relying on
pixel-accurate correspondence, it is often sufficient for the semantically relevant
regions of the reference to be approximately positioned within the masked area.
This property helps relax the requirement on precise correspondence estimation.

5 Conclusion

In this paper, we propose UNet-Twice, a simple and elegant framework for
reference-based image inpainting. UNet-Twice reuses the same UNet twice within
a single forward process, avoiding the need for additional model branches. This
design allows reference information to be naturally extracted and injected into
a standard image inpainting process. We further introduce a structured paired
input formulation that establishes explicit connections between the reference im-
age and the target image at both the image and region levels. This design pro-
vides complementary conditioning features from both the reference and target
image. Such complementary conditioning enables effective utilization of refer-
ence features and provides clear spatial guidance for the diffusion model dur-
ing generation. Moreover, the proposed framework remains robust under coarse
geometric alignment, reducing the dependence on precise alignment strategies.
Extensive experiments demonstrate that UNet-Twice consistently outperforms
existing methods in both single-reference and multi-reference settings across mul-
tiple evaluation metrics.
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