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Abstract

Garments in ancient paintings often exhibit broken contours and missing drapery details
caused by aging. General-purpose inpainting models lack garment-specific structural
priors and often overlook small, narrow, and elongated defects. This study proposes a
two-stage framework combining Fashion LoRA guidance with Garment Region-Re-
weighted Flow Matching (GR-FM). First, Fashion LoRA is trained on modern garment
line art and structural text to initialize outlines and folds during color restoration. Sec-
ond, GR-FM normalizes and reweights latent-token regression errors in damaged re-
gions within FLUX.1-Fill, strengthening local supervision. Hard masking is applied
during inference to confine modifications. Experiments using four control configura-
tions and three random seeds show that Fashion LoRA mainly improves edge quality
in the modern source domain, whereas GR-FM provides more stable cross-domain
gains. The complete framework improves pixel, structural, and perceptual metrics on
ancient painting datasets and produces digital restoration candidates with traceable spa-
tial boundaries, supporting structure-constrained and auditable cultural heritage resto-
ration.

Ancient paintings constitute important visual records for studying historical dress forms,
ritual systems, and changing aesthetic conventions. Collars, cuffs, waistlines, hems, and
folds in these paintings collectively define the outer contours and dynamic shapes of
the garments. However, deterioration of paper and silk supports, pigment flaking, abra-
sion of ink lines, and prolonged environmental exposure often disrupt these slender,
curved, and spatially continuous lines, substantially reducing the legibility of garment
structures'>. Consequently, the restoration of garments in ancient paintings is not
merely a problem of texture synthesis but rather a challenge of structural reconstruction
under limited historical evidence®. Digital restoration must also follow the principles of
minimal intervention, process traceability, and explicit identification of generated con-
tent*. And the resulting images should not be treated as definitive representations of the
original historical appearance.

Traditional image-inpainting methods rely primarily on geometric diffusion or ex-
emplar-based patch propagation®’. Although these approaches perform adequately on
fine cracks and simple repetitive textures, local propagation cannot reliably preserve



the continuity of structural lines when damage crosses garment contours or interrupts
multiple folds®. Studies of murals and ancient paintings have likewise shown that im-
proving priority functions or matching strategies alone cannot consistently restore
structure-dominated regions without explicitly modeling structural information®!°.

In recent years, deep generative models have substantially improved semantic re-
construction for complex missing regions. Generative adversarial networks (GANS),
diffusion models, and conditional-control frameworks can now address large-area dam-
age'!"!*. LaMa enlarges the receptive field through fast Fourier convolutions, thereby
improving long-range feature interactions'*. More broadly, inpainting architectures
have evolved from convolutional and attention-based models toward Transformer and
diffusion-based generative frameworks!®. Contextual attention explicitly aggregates
valid features over long distances'®, whereas partial convolution reduces interference
from substitute values in masked regions by operating only on valid pixels and renor-
malizing the responses. Diffusion models further strengthen semantic generation capa-
bilities for large missing regions and enable multimodal control through text, masks,
shapes, and related conditions. RePaint generates semantically coherent candidates
through iterative denoising!”!8. Palette unifies inpainting, uncropping, and restoration
within an image-to-image generative framework'®. And ControlNet demonstrates that
conditions such as edges, poses, and segmentation maps improve spatial controllabil-
ity?. For localized image editing, the joint control of text and images, protection of the
original background, and branch-wise separation of the damaged input from noisy la-
tent variables have also become important design strategies in diffusion-based inpaint-
ing?!.

However, general-purpose generative models primarily learn distributions from
large-scale natural-image datasets and are optimized for visual realism and semantic
plausibility rather than fidelity to historical evidence. A recent review of painting con-
servation identified the scarcity of high-quality historical training data, the absence of
pre-damage references, and distributional differences among artworks as major barriers
to machine-learning-assisted virtual restoration??. When there is insufficient context in
damaged areas, models may generate content that is visually coherent but lacks a clear
structural basis. In response to this challenge, previous studies have adopted two-stage
frameworks based on structural reconstruction followed by content restoration®, or in-
troduced global frequency-domain modeling into edge-guided networks to improve the
continuity of long-range contours and complex textures. Accordingly, edge-first and
structure-guided inpainting paradigms have received increasing attention®***. Edge-
Connect first predicts high-frequency edges in the missing region and then uses those
edges to guide color and texture synthesis, reducing oversmoothing and edge blurring?S.
For severe, large-area damage in Dunhuang murals, Li et al.!! proposed a line-sketch-
guided progressive restoration method and demonstrated the importance of linear struc-
ture. ITS?’, MAT?, and AOT-GAN? subsequently improved long-range structural rea-
soning through an independent structure-recovery module, dynamic mask-aware atten-
tion, and multi-receptive-field contextual transformations, respectively. These works
collectively demonstrate that explicit structural modeling helps alleviate edge blurring
and connection instability in large-scale damage regions.



In cultural heritage applications, line-sketch-guided mural restoration!!, edge-
guided completion of ancient paintings®*?, and archaeological line-sketch generation
from limited reference images>* all suggest that structural priors help preserve contour
continuity, reduce edge blurring, and improve interpretability. Multi-agent prompt-
propagation methods have also attempted to integrate evidence from multiple sources
within damaged regions®. In ancient paintings and murals, where linear contours and
color fields jointly define form?, the direction, spatial position, and overall continuity
of lines have a more direct effect on the legibility of a restoration than the photorealism
of local textures.

Compared with general objects or background textures, figure garments exhibit
stronger object-specific structure. The direction of drapery lines is determined not only
by local pixel distributions but also by body pose, garment pattern, component layering,
fabric drape, and the direction of applied forces. Garment folds therefore cannot simply
be regarded as ordinary edges in natural images, and the connection patterns embody
transferable knowledge of garment structure. Modern fashion studies have established
datasets and methods for garment detection, landmark localization, human-pose esti-
mation, and semantic segmentation®’-*, providing a foundation for learning statistical
regularities in garment structure. Research on the digitization of cultural heritage gar-
ments likewise identifies that garment contours, component relationships, and geomet-
ric layouts constitute essential forms of evidence for restoring and reconstructing his-
torical garments®. Ren et al.>° demonstrated the value of global frequency-domain mod-
eling for maintaining the continuity of garment edges and textures. In contrast, the pre-
sent study addresses the scarcity of paired ancient-painting garment data and the insuf-
ficient supervision of fine linear damage by combining adaptation on modern garment
line drawings with token-level reweighting in latent space.

In addition to structural adaptation, the way a training objective allocates attention
across spatial regions also affects the restoration of fine-line damage. Flow matching
trains continuous normalizing flows by regressing a conditional vector field along a
prescribed probability path, without explicitly simulating the trajectory*’. Rectified
flow enables efficient transport between data distributions along approximately straight
paths and has been applied to image generation, image translation, and domain trans-
fer'!. Standard flow-matching losses, however, generally aggregate errors uniformly
across spatial locations or latent tokens. When a mask covers only a few drapery lines
or a slender contour, damaged tokens represent only a small proportion of all latent
tokens, and their gradients can be diluted by errors from the much larger intact region.
Thus, even as the overall loss decreases, the model may fail to learn the structural con-
nectivity of small, line-shaped missing regions adequately.

To address these limitations, this study makes the following contributions:
® A two-stage framework is developed in which Fashion LoRA provides structural

initialization and a color-inpainting stage performs task-specific adaptation,

thereby guiding the recovery of garment contours and folds.
® (Garment Region-Reweighted Flow Matching (GR-FM) is introduced to normalize
and reweight velocity-field errors for latent tokens in damaged regions, alleviating



insufficient supervision for small, narrow, elongated defects without adding an in-
ference-time module.

® A complete four-configuration controlled experiment with three random seeds and
paired statistical tests is conducted to distinguish the effects of structural initiali-
zation, region-focused supervision, and their conditional interaction, while also ex-
amining the limits of target-domain applicability.

® Hard-mask compositing restricts all modifications to manually annotated regions,
providing restoration candidates with explicit and reviewable spatial boundaries.

Methods

Overall methodology framework

The proposed method comprises three components: A, preparation of ancient painting
data. B, adaptation of garment structure guidance to the color defect restoration task.
and C, local inpainting of garments in ancient paintings. Step B includes two consecu-
tive training phases, as shown in Figure 1.

First, Florence-2 is used to assist in localizing individual figures. After manual ver-
ification, the detected regions are converted into single-person semantic crops and
512x512-pixel garment-detail patches. The ancient-painting data are used only for tar-
get-domain evaluation and validation on genuine damage and do not participate in
model training.

Next, two-stage training is performed on modern garment images. In the first stage,
the garment images are converted into line drawings that emphasize contours and folds,
and Fashion LoRA is trained using these drawings together with structural text. In the
second stage, color inpainting is performed with FLUX.1-Fill, while GR-FM strength-
ens supervision for latent tokens in damaged regions. Fashion LoRA affects parameter
initialization, whereas GR-FM modifies the training objective.

Finally, the LoRA adapter obtained from the second stage is applied to localized
inpainting of ancient-painting garments, and hard-mask compositing retains generated
pixels only within the annotated regions.

A. Ancient garment dataset preparation B. Cross-domain Fashion LoRA training with GR-FM objective C. Local inpainting of damaged garment
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Fig. 1 | Overall framework for inpainting damaged garments in ancient paintings.
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Construction of ancient painting garment dataset

The ancient-painting dataset covers five historical periods: the Tang, Song, Yuan, Ming,
and Qing dynasties. The paintings vary substantially in the number of figures and the
complexity of their backgrounds. Directly resizing an entire painting would weaken
garment details and introduce irrelevant background content.

Florence-2 is first used to obtain candidate bounding boxes for figures*, as shown
in Figure 2. Each candidate box is manually reviewed to ensure that it fully covers the
principal garment and is adjusted according to pose, visible extent, and damage location.
A small amount of surrounding context is retained to avoid truncating long sleeves,
hems, or folds that extend across regions. In this study, Florence-2 is used exclusively
as an auxiliary localization tool during ancient-painting data preparation, specifically
to:
® assist in identifying figure locations in the original ancient paintings;
® determine the principal spatial extent of each figure's garments;
® provide candidate crop regions for standardized ancient-painting garment patches.

Based on the single-person semantic crops, an additional 512x512-pixel detail
patches are extracted around collars, cuffs, waistlines, hems, and major folds. Each
patch retains records of the source image, figure information, and historical period. The
single-person semantic crops and detail patches form a hierarchical dataset and are not
counted as independent samples.

After data preparation, the ancient-painting images are excluded from parameter
training for both Fashion LoRA and GR-FM. They are used for target-domain evalua-
tion, trend analysis, and validation on genuinely damaged cases.
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Fig. 2 | Construction of the semantic restoration units.

Garment-structure guidance and Fashion LoRA

Construction of modern garment line drawings and color-inpainting samples
Genuinely damaged ancient paintings generally lack pre-damage references, making it
difficult to construct a large-scale paired training dataset. Modern garment images are
therefore used to learn the structural characteristics of garment contours and folds.



Dresses and other long or loose-fitting garments with complete contours, limited
occlusion, and high image quality are selected from the modern-garment training set.
Figures, exposed body parts, and backgrounds are removed before line drawings are
generated. After the training-validation split is completed, color-inpainting samples are
created using the following structured masks:
® thin, elongated missing regions distributed along garment contours;
curved strip-shaped missing regions that interrupt folds;
localized missing regions covering cuffs, waistlines, or hems;
compact irregular missing regions crossing multiple structural boundaries.

The line drawings retain the outer contour, cuffs, hems, waistlines, and major folds,
thereby suppressing appearance-related factors such as photographic lighting, material
highlights, and background textures. The structured masks are used only for color re-
construction in the second stage.

Each line drawing is paired with structural text to form a Fashion LoRA training
sample. The text includes the trigger token "glineprior" and descriptions of contours,
folds, and drape, enabling LoRA to learn the correspondence between the trigger token
and garment line structure.

Fashion LoRA parameter tuning

FLUX.1-Fill provides general image-generation and localized inpainting capabilities
but is not specifically adapted to fine garment lines or continuous folds. This study
employs LoRA for parameter-efficient adaptation: the backbone of the base model re-
mains frozen, and only the low-rank parameters are updated.

For the base weights ¥, the adapted weight is expressed as:

w=w+% B4 (1)
r

where 4 and B are trainable low-rank matrices, r is the low-rank, and a is the scal-
ing factor.

The adapter obtained in the first stage is termed Fashion LoRA. It encodes source-
domain structural biases associated with garment contours, hems, cuffs, and folds. In
the second stage, random LoRA initialization and Fashion LoRA initialization are
treated as separate conditions to distinguish the independent effects of structural initial-
ization and regional reweighting.

GR-FM: Garment Region-Reweighted Flow-Matching Loss

Standard flow matching

During color reconstruction of damaged garments, the complete color target is first en-
coded into latent space by a frozen variational autoencoder (VAE). Gaussian noise and
a time step are then sampled to construct the intermediate latent variable:

z, =(1-t)z, +10 (2)
For this linear probability path, the target velocity field is defined as:

V= —t=9d-z, 3)

dt



Given the intermediate latent variable z;, time step #, and conditioning information
¢, the model predicts the corresponding velocity field:

v, =v,(z,t,¢) 4)

where 0 denotes the trainable LoRA parameters. The conditioning information ¢
includes the damaged color garment image, the binary damage mask, and the text con-
dition. The FLUX.1-Fill backbone and VAE parameters remain frozen, and only the
low-rank LoRA parameters are updated.

Assume that the latent space contains N tokens. For the i-th token, the model pro-
duces a predicted velocity and a target velocity. The standard flow-matching loss as-
signs equal weight to the velocity-field regression error of every latent token:

1 N
Loy = NZ
i=1

The model predicts the velocity field from the intermediate latent variable, time
step, damaged color input, binary mask, and text condition. The discrepancy between

)

2
2

A *
Vo, —Vi

the predicted and target velocities is used to update the LoRA parameters.

Standard flow matching weights all latent tokens equally. For narrow folds or con-
tour damage, damaged tokens account for only a small fraction of the latent space. Con-
sequently, intact tokens may dominate the optimization and weaken supervision related
to structural recovery.

GR-FM loss

To enhance training supervision for small-area missing regions, this study proposes
GR-FM, a reweighted flow matching loss for garment missing regions, as shown in
Figure 3. This method does not alter the velocity field prediction process of FLUX.1-
Fill but instead uses a known binary mask to normalize and reweight the regression
errors of latent variable tokens.

First, adaptive max pooling maps the binary mask from pixel space onto the latent-
token grid, producing a token-level mask. Any latent token that covers at least one
damaged pixel is labeled as a damaged-region token, reducing the risk that narrow
masks disappear during downsampling.

The weight of the i-th token is defined as:

w =144, M, (©6)

where Am> 0 is the reweighting coefficient for damaged tokens. The weight of each
intact token remains 1, whereas the weight of each damaged token is 1 + Am. The GR-

FM loss is then expressed as:
2

A *
Zwi Hve,i Vi )
GREM = (7)
S

1

L
The denominator normalizes the loss by the sum of token weights, controlling the

overall loss scale across different Am settings and preventing apparent performance
changes from arising solely from a uniform increase in the loss magnitude.



When Am =0, GR-FM reduces to standard flow matching. To identify the respective
effects of Fashion LoRA initialization and GR-FM, we construct four controlled con-
figurations:
® No Fashion LoRA + Standard FM: the second-stage LoRA is randomly initialized,

with A = 0;
® Fashion LoRA + Standard FM: the first-stage Fashion LoRA is loaded, with Ay =

0;
® No Fashion LoRA + GR-FM: the second-stage LoRA is randomly initialized, with

Am = 20;
® Fashion LoRA + GR-FM: the first-stage Fashion LoRA is loaded, with Ay = 20.

All four configurations use the same FLUX.1-Fill backbone, color-inpainting train-
ing data, LoRA architecture, learning rate, number of training steps, and inference set-
tings. The two experimental factors are Fashion LoRA initialization and the GR-FM
training objective; all other conditions are held constant.

GR-FM is used only during second-stage color-inpainting training. It is not applied
during first-stage line-drawing-text structural adaptation and does not introduce any
additional inference module. After training, its effect is encoded in the final LoRA pa-
rameters.
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Fig. 3 | GR-FM garment region-reweighted flow-matching loss.

Local inpainting of damaged garment in ancient paintings
After training, the LoRA adapter further optimized during the color-inpainting stage is
loaded into FLUX.1-Fill. The inference inputs consist of a damaged color patch from
an ancient painting, its corresponding binary damage mask, and the text condition.
When contour or fold cues remain on both sides of a damaged region, the model
tends to generate connecting structures with consistent directions. However, the unob-
served content cannot be uniquely determined. Therefore, this study defines the output
as a candidate for digital restoration rather than a deterministic reconstruction of the
original historical appearance.
The final image is obtained through hard-mask compositing:

Lya=MUO I +(1=M)0 1, ®)

final pred input



where /pred 1s the generated candidate image, finput 1S the original damaged input,
and M is the binary region in which modifications are permitted.

The generated content can be pasted back into the original painting using the initial
crop coordinates. The mask, model version, inference parameters, and candidate result
should be stored together to support subsequent review.

Experimental data and implementation details

Data split

The data consist of a modern-garment source domain and an ancient-painting target
domain, as shown in Table 1.

After figure localization and manual verification, the ancient-painting data yielded
807 single-person semantic crops, from which 2,722 garment-detail patches of 512x512
pixels were further extracted. The two types of crops form a hierarchical relationship
and are not added together as independent samples. The ancient-painting data are not
used for model training. They are reserved for quantitative target-domain evaluation
and validation on genuinely damaged cases.

The modern-garment dataset initially contained 1,000 candidate images. After gar-
ment extraction, background removal, and manual quality screening, 850 valid images
were retained. The data were split into training and validation sets at the level of the
original garment image. Each original image and all of its derived damaged samples
were restricted to a single subset to prevent leakage between samples originating from
the same source image.

From the modern-garment training subset, 500 images with complete contours,
clear folds, and high-quality edges were selected. After edge extraction, these images
produced 500 garment line-drawing-structural-text pairs for Fashion LoRA adaptation
to line structure. This subset was drawn from the modern-garment training data and
does not constitute an additional independent data source.

Color-inpainting samples were generated only after the training-validation split.
Structured masks were sampled at multiple locations along garment contours, folds,
cuffs, waistlines, and hems, producing 1,500 color-inpainting training pairs and 200
fixed validation pairs. Each pair contains a complete color target, a damaged color input,
a binary damage mask, and a text condition, as illustrated in Figure 4. Validation pairs
were not used for parameter updates.

The ancient-painting target-domain evaluation set contains 50 garment-detail sam-
ples with complete reference images. Each sample includes the complete reference, a
manually constructed binary mask, and the corresponding damaged input.

The genuinely damaged ancient-painting set contains 20 garment samples without
complete references and covers pigment loss, abrasion of paper or silk supports, low-
contrast line breaks, and irregular surface loss.

Table 1 | Composition and purpose of the experimental datasets.

Data Domain Data Subset Number Data Composition Primary Purpose
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Fig. 4 | Data and task design for inpainting damaged garments in ancient paintings.

Training settings
The experiments were implemented in Python and PyTorch on a workstation equipped
with an Intel Xeon W7-3445 processor, 128 GB of memory, and three NVIDIA RTX
A6000 GPUs with 48 GB of memory each.

The Fashion LoRA line-structure adaptation utilized 500 pairs of modern garment
line drawings and structural text descriptions. The line drawings were generated from



modern garment images through an edge-extraction pipeline, and the text described
garment contours, folds, and draping structure. During training, the FLUX.1-Fill back-
bone was frozen, and only the low-rank LoRA parameters were updated.

The second stage used 1,500 modern-garment training pairs and formed four con-
trolled configurations by varying Fashion LoRA initialization and the training objective.
All configurations shared the FLUX.1-Fill backbone, training data, and optimization
settings: a learning rate of 5x107, a batch size of 1, four gradient-accumulation steps,
a LoRA rank and a of 8, a dropout of 0.05, and 500 training steps. Each configuration
was trained with three random seeds (42, 3407, and 2026), producing 12 models in total,
and the weights from step 500 were used for all evaluations.

To examine the effect of the damaged-token reweighting coefficient, Fashion
LoRA initialization was held fixed, and the following values were evaluated on the
modern-garment validation set:

2, €{0,5,10,20,30,50} 9)

The Am = 0 and Am = 20 settings reused the Fashion + Standard FM and Fashion +
GR-FM models, respectively, from the four controlled configurations. Separate models
for Am =5, 10, 30, and 50 were trained with each of the three random seeds (42, 3407,
and 2026). The six coefficients therefore corresponded to 18 models. Except for Am, the
training data, Fashion LoRA initialization weights, LoRA architecture, optimization
parameters, number of training steps, and inference settings were identical.

Inference used a LoRA scale of 1.0, 25 sampling steps, and a guidance scale of 3.5.
The same inference seed was used for each validation sample across all settings, and
the same hard-mask compositing procedure was applied.

Parameter selection jointly considered BF1-2, Masked PSNR, and Masked LPIPS.
Once the primary edge metric approached saturation, a moderate reweighting coeffi-
cient that provided clear pixel-level and perceptual gains was selected, rather than
choosing the local optimum of a single metric.

Evaluation and statistical analysis

Restoration quality was evaluated using Masked PSNR, Masked SSIM*, Masked
LPIPS*, Boundary F1 with a two-pixel tolerance (BF1-2), and Boundary Edge Recall
(BER). Evaluation was restricted to the masked region and its boundary neighborhood,
as summarized in Table 2.

Masked PSNR, Masked SSIM, and Masked LPIPS measure pixel fidelity, struc-
tural similarity, and perceptual difference within the masked region, respectively.

BF1-2 measures the overall accuracy of garment-edge restoration. Canny edges are
extracted from the reference and restored images and matched within an evaluation
region formed by dilating the damage mask outward by two pixels, with a positional
tolerance of two pixels. Edge precision and recall are defined as:

Npred Nref
B R = (10)
Nedge Nedge
2PR
BFl-2=—2"t (11)

L+ R,



A predicted edge and a reference edge are considered a valid match when their
minimum Euclidean distance does not exceed two pixels. BF1-2 penalizes both spuri-
ous generated edges and omitted reference edges; higher values indicate better perfor-
mance.

BER evaluates whether reference garment edges are continued where they enter or
leave the damaged region. It is effectively a recall measure for boundary-related edges
and does not penalize spurious generated edges; it should therefore be interpreted to-
gether with BF1-2.

boundary

BER = Yeontnued (12)

boundary
reference

The denominator is the number of valid reference edges within the boundary band,
and the numerator is the number of those edges that are continued in the restored result.
If a sample contains no valid reference edge within the boundary band, its BER is
treated as missing and excluded from the BER mean and significance tests.

Table 2 | Restoration-quality metrics and optimization directions.

Metric Evaluation Content Optimization Direction
Masked PSNR Pixel fidelity in the missing region Higher is better
Masked SSIM Local Structural Similarity in Defective Regions Higher is better
Masked LPIPS Perceptual Feature Differences in the Missing Region Lower is better
BF1-2 Overall accuracy of garment edge restoration Higher is better
BER Ability to extend lines at the edges of defects Higher is better

Results for the three random seeds are reported as the mean of the three seeds and
the sample standard deviation, using the mean for each seed on the full dataset as the
base unit.

For the four controlled configurations, predictions from the three training seeds
were first averaged at the image level. Four controlled comparisons were then assessed
using two-sided paired Wilcoxon signed-rank tests, with Holm correction applied to the
five metrics within each dataset and comparison®’.

The interaction effect was defined at the image level as a difference in differences:

Aint=(Y, =Y, )= (Yy =Yy s) (13)

where F and N denote the use of Fashion LoRA initialization and the absence
thereof, respectively, while G and S denote GR-FM and Standard FM. The interaction
term was evaluated using a two-sided Wilcoxon signed-rank test, with Holm correction
across the five metrics within each dataset and a significance level of 0.05.

In the Anm sensitivity plots, each point and error bar represent the dataset-level mean
and sample standard deviation, respectively, across three independently trained models.
These values were used to assess the overall trend and identify a stable parameter range.



Results

Overall performance in the ancient-painting target domain

To evaluate the overall performance of the complete two-stage model, LaMa, SDXL
Inpainting®, BrushNet-SDXL*’, and FLUX-Fill Base were selected as comparison
methods. All methods used the same damaged inputs, masks, resolution, and hard-mask
compositing procedure. The results are reported in Table 3.

Table 3 | Quantitative comparison of five methods on the standard ancient-painting
evaluation set. Values are reported as the mean £ sample standard deviation across
50 test images. For Fashion LoRA + GR-FM, predictions from the three training seeds
were first averaged at the image level.

Method  Masked PSNR 1 Masked SSIM 1 Masked LPIPS |  BF1-2 1 BER 1
LaMa 8.738 + 6.020 0.403 £0.167 0.785 +0.221 0270+£0.172  0.955+0.115
SDXL

. 19.092+5.037 0461 +0.152 0.545 + 0.148 041740206  0.920 % 0.105
Inpainting
lsslr)‘;(skNet' 18.270 + 3.380 0.363 +£0.143 0.505 + 0.097 0.506+£0.205  0.921 +0.083
g];:iX'F‘“ 18903 £7.761  0472+0.131 0391 +0.113 0.404£0263  0.942 £0.077
Fashion
LoRA+  22.779+3.877  0.535+0.151 0.379 % 0.105 0.549 £0.206  0.920 % 0.092
GR-FM

As shown in Table 3, Fashion LoRA + GR-FM achieved the best mean results for
Masked PSNR, Masked SSIM, Masked LPIPS, and BF1-2, with values of 22.779 dB,
0.535, 0.379, and 0.549, respectively; its BER was 0.920. Relative to FLUX-Fill Base,
which uses the same backbone, Masked PSNR increased by 3.876 dB, Masked SSIM
increased by 0.063, Masked LPIPS decreased by 0.012, and BF1-2 increased by 0.145.

Compared with LaMa, SDXL Inpainting, and BrushNet-SDXL, the complete sys-
tem achieved better mean values for Masked PSNR, Masked SSIM, Masked LPIPS,
and BF1-2, indicating strong overall competitiveness. These findings show that struc-
tural initialization learned from the modern-garment source domain, together with GR-
FM, performs competitively on the current evaluation set. Table 3, however, neither
separates the contributions of Fashion LoRA and GR-FM nor establishes statistical sig-
nificance across methods. Their respective mechanisms are examined through the four
controlled configurations.
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Fig. 5 | Qualitative comparison of representative garment-inpainting results from an-
cient paintings.

Figure 5 reveals distinct generation tendencies among the baselines. LaMa tends to
produce blurred propagation within narrow damaged regions. SDXL Inpainting can
complete local content, but some generated drapery lines are inconsistent with the di-
rection of the surviving structure. BrushNet-SDXL may produce duplicated edges,
whereas FLUX-Fill Base remains unstable when connecting long-range drapery lines.
In most cases, the proposed method more effectively continues contours and folds
across the damaged region, although multiple plausible solutions remain when internal
evidence is insufficient.



Effects of garment-structure guidance and GR-FM

Qualitative edge-level comparison

To distinguish the effects of Fashion LoRA structural initialization and the GR-FM
training objective, four controlled configurations were evaluated with three inde-
pendently trained random seeds under identical data, training, and inference conditions.

i No Fashion Fashion LoRA No Fashion Fashion LoRA
Masked input + Standard FM + Standard FM + GR-FM +GR-FM Ground truth edge

(a) Modern
fashion_026534_m01

(b) Modern
fashion_050975_m02

(c) Ancient
Song_0101_1

(d) Ancient
Ming_0056_1

Cyan: matched GT edge  Magenta: extra predicted edge  Blue: missed GT edge  Yellow: GT edge

Fig. 6 | Edge-level visualization of the four controlled ablation configurations on mod-
ern garments and ancient-painting garments.

From left to right, the columns show the damaged input, No Fashion + Standard
FM, Fashion + Standard FM, No Fashion + GR-FM, Fashion + GR-FM, and the refer-
ence edges. Cyan indicates predicted edges matched to the reference, magenta indicates
additional predicted edges, blue indicates omitted reference edges, and yellow in the
rightmost column indicates ground-truth reference edges. All results use training seed
42.

As shown in Fig. 6, matched edges dominate in the modern-garment samples,
whereas the ancient-painting target domain contains more spurious and omitted edges,
reflecting a clear domain gap. Visual differences among the four configurations are
concentrated mainly in local fine lines and contours. Therefore, quantitative metrics
and paired statistical tests are required for reliable interpretation.

Quantitative ablation of the controlled comparisons

Table 4 shows that Fashion LoRA primarily improves edge structure in the modern-
garment source domain. All p values reported below are Holm-adjusted. Under Stand-
ard FM, BF1-2 and BER improved significantly (p = 5.61x1077 and 7.73x10, respec-
tively), and under GR-FM, both metrics again improved (p = 2.54x107 and 8.13x1073,



respectively). The remaining pixel-level and perceptual metrics did not show consistent
improvement.

In the ancient-painting target domain, the effect of Fashion LoRA was metric-de-
pendent. Under Standard FM, Masked LPIPS increased, and BF1-2 decreased (p =
0.036 and 0.046, respectively). Under GR-FM, Masked SSIM increased (p=0.037), but
BF1-2 decreased (p = 0.003). These results indicate that source-domain structural bi-
ases do not translate unconditionally into better drapery-line restoration in ancient
paintings.

GR-FM demonstrated more consistent task adaptability. Without Fashion LoRA,
GR-FM increased BF1-2 on modern garments (p = 0.004) and reduced Masked LPIPS
on ancient paintings (p = 0.026). With Fashion LoRA initialization, GR-FM improved
Masked PSNR, Masked SSIM, and Masked LPIPS on modern garments (p = 2.73%10"
61.24x107'° and 1.66x107'®, respectively) and improved the same three metrics in the
ancient-painting target domain (p = 1.81x107, 1.81x107" and 4.21x107, respectively).
Regional reweighting thereby enhances supervision for missing tokens and mitigates
initialization bias.

Table 4 | Four controlled configurations evaluating Fashion LoRA structural initializa-
tion and GR-FM. Values represent the mean and sample standard deviation of dataset-
level means across three independently trained models.

. Masked Masked Masked
Dataset  Configuration PSNR 1 SSIM 1 LPIPS | BF1-2 1 BER 1
No Fashion +
Modern 17.231£0.059  0.598+0.003 0.113+£0.001  0.863+0.002  0.885 +0.003
Standard
Rhtean Lt 16.952 +0.082  0.603+£0.004 0.113+0.002 0.885+0.001  0.909 % 0.001
Standard
Modern o 2SO T 1707440.073  0.600£0.004  0.111£0.002  0.875%<0.001  0.897 +0.002
Modern f;‘;:hl;‘l’\'q‘ * 17.160 0211  0.6160.007 0.104 £0.003  0.890 £0.002  0.909 = 0.002
Ancient Yo Fashion+ ) o0, 134 053140003 037840003 0.553£0001  0.923 +0.001
Standard
T 22522 +0.028 0.526+0.001 0.386+0.001 0.547+0.002  0.919 +<0.001
Standard
Ancient g‘l’{}?g}“““ T 2280520278 0532£0007 0.374£0.006 0.558£0.006  0.920+0.002
Ancient (Fﬁ:hF“’l\‘{‘ * 22.779+0.017 0.535+0.001 0.379+0.003 0.549 £0.005  0.920 % 0.003

Conditional interaction between Fashion LoRA and GR-FM

The Holm-corrected p-values for the interaction tests indicated statistically significant
interactions for Masked PSNR, Masked SSIM, and Masked LPIPS on modern garments
(p = 3.21x108, 6.64x10° and 5.65x10°°, respectively). Significant interactions were
also observed for Masked PSNR and Masked SSIM in the ancient-painting target do-
main (p = 9.88x10and 5.47x107, respectively). BF1-2 and BER were not significant
for modern garments (both p = 0.216), and Masked LPIPS, BF1-2, and BER were not
significant for the ancient-painting target domain (all p = 0.740).



Therefore, the two mechanisms are not simply additive. Fashion LoRA provides
source-domain initialization of garment structure, whereas GR-FM improves adapta-
tion to the color-inpainting task by redistributing training supervision. The target-do-
main benefits of Fashion LoRA are bounded and metric-dependent, while GR-FM is
the more stable core mechanism in the present experiments.

The GR-FM configuration without Fashion LoRA achieved better Masked PSNR,
Masked LPIPS, and BF1-2 in the ancient-painting target domain, whereas the complete
two-stage configuration performed better in Masked SSIM and in the combined struc-
tural and perceptual metrics of the modern-garment source domain. Fashion LoRA +
GR-FM is used as the complete two-stage configuration for baseline comparison. It was
not selected retrospectively on the basis of the ancient-painting evaluation set. This re-
sult further indicates that GR-FM is the primary stable source of target-domain perfor-
mance, whereas the structural initialization supplied by Fashion LoRA remains domain
and metric dependent.

Sensitivity analysis of GR-FM reweighting coefficient

To examine the influence of damaged-token reweighting strength, Fashion LoRA ini-
tialization was fixed, and Am was evaluated over {0, 5, 10, 20, 30, 50}. The An = 0 and
Am = 20 settings reused the Fashion + Standard FM and Fashion + GR-FM models,
respectively, from the four controlled configurations. Models for the remaining coeffi-
cients were independently trained with three random seeds using identical data, initial-
ization weights, and training settings.

As shown in Fig. 7, Masked PSNR and Masked SSIM generally increased as Am
increased, whereas Masked LPIPS gradually decreased, indicating that stronger dam-
aged-token supervision improves local reconstruction quality. BF1-2 increased from
0.885+0.001 at Am = 0 to 0.890 + 0.002 at Am = 10 and then changed only marginally.
Within the range Am = 10-30, the largest difference in mean BF1-2 was only 0.000131,
indicating that edge-restoration performance had essentially saturated.

When An increased further from 20 to 50, Masked PSNR increased by 0.101 dB,
Masked SSIM increased by 0.0037, and Masked LPIPS decreased by 0.0022, whereas
BF1-2 and BER increased by only 0.0008 and 0.0004, respectively. All of these changes
were smaller than the corresponding standard deviations across training seeds. Thus,
stronger reweighting continued to provide gradual gains, but with limited marginal re-
turns. Then selected Am = 20 as a moderate reweighting setting that balances edge res-
toration, pixel fidelity, perceptual quality, and reweighting strength. This choice was
not based on the highest value of any single metric.
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Fig. 7 | Sensitivity analysis of the GR-FM damaged-token reweighting coefficient.
Accordingly, Am = 20 was selected near the center of the stable plateau to balance

structural restoration, perceptual quality, and parameter stability, rather than to maxim-
ize a single metric locally.

Validation on genuinely damaged ancient paintings
Because genuinely damaged samples do not have complete reference images, they were
evaluated qualitatively only. Figure 8 presents six representative cases.
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Fig. 8 | Qualitative validation of the proposed method on genuinely damaged garment
regions in ancient paintings.

Figure 8 presents six representative cases. For narrow contour breaks such as Tang-
0282 and Yuan-0157, the model continued the principal line direction using the surviv-
ing structure on both sides of the damage. In low-contrast cases such as Song-0459 and
Yuan-0077, the restored regions remained relatively consistent with the surrounding
color tones. For the larger irregular damaged regions in Tang-0358 and Tang-0364, the
model reconstructed the overall color fields and portions of the garment edges, although
multiple interpretations of local details remained plausible.
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These cases show that the proposed method can generate visual restoration candi-
dates within manually specified regions. However, this experiment does not establish
the historical authenticity of the generated content. Practical applications must incor-
porate evidence from dress history, comparable images, and the judgment of conserva-
tion specialists.

Discussion

The proposed framework does not merely concatenate two modules; instead, it ad-
dresses two distinct limitations of the base inpainting model through stage-specific in-
terventions. Fashion LoRA uses modern garment line drawings to initialize contours
and folds, whereas GR-FM increases the loss weight of latent tokens in damaged re-
gions, reducing the dilution of supervision for small, elongated defects by global errors.

The four controlled configurations show that the structural contribution of Fashion
LoRA is expressed primarily through edge metrics in the modern-garment source do-
main, while its effect in the ancient-painting target domain is strongly metric dependent.
Stylized drapery conventions, low-contrast brushwork, and differences in historical
garment forms may cause source-domain structural biases to appear as either spurious
or omitted edges. Therefore, Fashion LoRA should be interpreted as a structural initial-
ization mechanism rather than as a consistently validated cross-domain adaptation
method. GR-FM demonstrates more stable task adaptability across initialization condi-
tions and significantly improves the pixel-level, structural, and perceptual metrics of
Fashion-LoRA-initialized models. The sensitivity analysis further shows that BF1-2
approaches saturation when Am > 10, whereas pixel-level and perceptual metrics con-
tinue to improve gradually as the weight increases. The choice of An = 20 represents a
compromise between clear gains and a moderate reweighting strength. Hard-mask com-
positing directly preserves the original input outside the mask, providing restoration
results with explicit, recordable, and reviewable spatial boundaries.

First-stage training on line drawings suppresses appearance-related factors in mod-
ern garment images, including figures, backgrounds, photographic lighting, and mate-
rial highlights, allowing LoRA to focus more directly on garment line structure. At the
same time, hard-mask compositing strictly confines generated content to damaged re-
gions and preserves the original input outside the mask, improving spatial controllabil-
ity and result traceability. These two design choices reduce uncertainty in generative
restoration at the levels of structural initialization and spatial constraint, respectively,
making the model more suitable for digitally assisted restoration.

The proposed method nevertheless has several limitations. Automatic edge extrac-
tion may introduce discontinuities, spurious edges, and residual textures, while modern
garment line drawings cannot fully represent historical features such as wide robes with
voluminous sleeves, complex layering, and stylized drapery conventions. In addition,
the current experiments primarily simulate linear and localized irregular damage and
do not systematically cover complex deterioration patterns such as insect damage or
large-area pigment loss. Future work should incorporate line drawings from ancient



paintings and historical dress-form references, while expanding the range of deteriora-
tion masks and developing a hierarchical evaluation framework to strengthen target-
domain structural guidance.

This study presents a two-stage framework for inpainting damaged garments in
ancient paintings through Fashion LoRA structural guidance and GR-FM region-fo-
cused supervision. Fashion LoRA initializes contours and folds for color reconstruction,
whereas GR-FM alleviates insufficient supervision for small and elongated damaged
tokens. Four controlled configurations trained with three random seeds show that Fash-
ion LoRA primarily improves edge metrics in the modern-garment source domain,
while GR-FM provides more stable task adaptability across initialization conditions
and exhibits significant interactions with Fashion LoRA for selected metrics. The com-
plete two-stage configuration outperforms general-purpose baselines on most metrics
in the ancient-painting evaluation set. The sensitivity analysis shows that BF1-2 ap-
proaches saturation for Am > 10, while pixel-level and perceptual metrics continue to
improve gradually with stronger reweighting; Am = 20 is therefore adopted as a moder-
ate setting. Hard-mask compositing further confines the modification region. The pro-
posed method thus provides not only a practical approach to ancient-painting garment
inpainting but also a controllable, verifiable, and extensible technical framework for
generative restoration in cultural heritage.
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