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Abstract: Image inpainting restores missing or corrupted image regions using contextual 
information from surrounding pixels. In the Metaverse integration of Virtual Reality (VR), 
Augmented Reality (AR), and Artificial Intelligence (AI)-realism and visual continuity are 
vital for immersive user experiences. This paper presents Vi-Trans, a Vision Transformer-
based autoencoder for high-quality image inpainting. The model divides images into non-
overlapping patches and reconstructs masked regions using global contextual learning 
through multi-head self-attention and feed-forward layers. To enhance structural integrity 
and edge preservation, a novel Adaptive Feature Fusion (AFF) module is introduced to fuse 
global transformer representations with local encoder features through an attention-weighted 
mechanism. This dynamic fusion balances semantic understanding with fine-grained spatial 
details, improving visual consistency. Experimental evaluations on the CelebA dataset 
demonstrate that Vi-Trans with AFF outperforms existing transformer-based inpainting 
methods in PSNR, SSIM, FID, and LPIPS metrics.

Keywords: Semantic Reconstruction; Free-Form Mask Inpainting; Global–Local Context 
Modeling; Self-Attention Mechanism; Metaverse Visual Realism.

1. Introduction

Traditional image inpainting methods, such as diffusion-based and patch-
based techniques, have been widely used to restore missing or corrupted regions 
in images. Diffusion-based approaches propagate surrounding pixel values into the 
missing areas, while patch-based methods replace the missing regions with the most 
similar patches from the available image data- Bertalmio et al., Al-Jaberi & Hameed 
[1,2]. Although these methods can yield visually acceptable results for small gaps or 
structured patterns, they often fail when dealing with large missing regions, complex 
textures, or free-form masks- Jini & Rajkumar [3]. Their reliance on low-level pixel 
propagation and local similarity measures leads to visible artifacts and inconsistencies 
due to the absence of semantic understanding.

The emergence of deep learning has significantly advanced the realism and 
accuracy of image inpainting. Jini and Rajkumar [4] proposed a repeated convolution 
method for image inpainting in drug and alcohol addiction research. Wang et al. [5] 
introduced an image inpainting approach based on GAN inversion and an autoencoder. 
Generative Adversarial Network (GAN) inversion have demonstrated excellent 
performance in image inpainting that aims to restore lost or damaged image texture 
using its unmasked content  Zhang et al. [6]. However, CNN-based models still struggle 
to capture long-range dependencies and global contextual relationships that are essential 
for restoring large missing regions or intricate structures- Deng et al [7].

To overcome these limitations, Vision Transformer (ViT)-based autoencoders 
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have gained prominence in image inpainting. By leveraging the self-attention 
mechanism, ViTs capture both global and local dependencies, offering superior 
contextual reasoning compared to CNNs. When integrated into autoencoder 
architectures, they effectively balance local detail recovery with global semantic 
understanding, making them highly suitable for free-form inpainting where texture 
continuity and structural coherence are crucial- Miao et al. [8]. However, existing 
ViT-based models, such as T-Former , primarily focus on global self-attention and 
often overlook the importance of preserving fine spatial details at the local level.

To address this gap, the proposed method introduces an Adaptive Feature Fusion 
(AFF) module that dynamically fuses global transformer representations with local 
encoder features through an attention-weighted mechanism. This adaptive fusion 
enables the network to maintain a balance between semantic-level global reasoning and 
fine-grained spatial cues, resulting in improved edge preservation, structural coherence, 
and texture realism. The AFF-enhanced Vi-Trans model thus bridges the gap between 
high-level contextual understanding and pixel-level accuracy, achieving superior 
quantitative and perceptual performance- Xu et al. [9]. The following Figure 1(a) 
shows the histogram of prediction errors, which represents the distribution of pixel-
level differences between the original and the inpainted images. This helps evaluate 
how precisely the model reconstructs missing regions. In contrast, Figure 1(b) depicts 
the variation of validation loss and inpainting quality metrics over training epochs, 
providing insights into the model’s convergence and performance improvements.

The relevance of image inpainting becomes even more significant in the context 
of the Metaverse, an immersive digital environment integrating Virtual Reality (VR), 
Augmented Reality (AR), and Artificial Intelligence (AI). In such environments, 
realism, continuity, and visual consistency are essential for user immersion. The 
proposed Vi-Trans model contributes directly to this by restoring missing or 
occluded regions in virtual scenes, improving avatar realism, and ensuring smooth 
object rendering in VR/AR spaces. Furthermore, by addressing Metaverse-specific 
challenges such as real-time rendering efficiency, latency reduction, and 3D asset 
consistency, the proposed approach enhances both visual fidelity and user experience. 
In virtual museums, social VR platforms, and interactive digital worlds, the ability 
to reconstruct high-quality, semantically consistent visuals establishes image 
inpainting as a foundational technology for creating realistic and engaging Metaverse 
applications – Buhalis et al.; Enamorado-Díaz et al.; Sun et al. [10–12].

(a)
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(b)
Figure 1. (a) The histogram of prediction errors illustrates the distribution of pixel-
wise differences between the original and inpainted images, providing a clear view of 
how accurately the model restores missing regions. (b) This chart demonstrates the 
relationship between validation loss and inpainting quality metrics as the model trains 

over epochs. It highlights the model’s learning behavior and performance trends.

2. Related works

Conventional image inpainting techniques can be broadly categorized into patch-
based and diffusion-based approaches. Diffusion-based methods propagate image 
information from the surrounding known areas into the missing regions by solving 
partial differential equations. Bertalamio et al. [1] first introduced a PDE-based 
inpainting model that smoothly diffused the image structures from the boundaries into 
the missing area, preserving the overall continuity of the image. Later, Chan and Shen 
(2001) improved this approach by introducing the Total Variation (TV) inpainting 
model, which preserves edges while filling in the missing regions. However, these 
diffusion-based techniques perform well only for small missing areas and fail to 
reconstruct complex textures or large gaps- Al-Jaberi & Hameed; Jini & Rajkumar 
[2,3].

On the other hand, patch-based methods aim to fill the missing regions by 
copying and pasting patches from the known parts of the image or from an external 
image database. Criminisi et al. [13] proposed an exemplar-based inpainting technique 
that prioritizes the filling order of missing pixels based on edge continuation and 
texture synthesis. Hays and Efros [14] developed a data-driven approach that uses 
a large image database to find semantically similar patches for filling large missing 
regions. Patch Match, proposed by Barnes et al. [15], introduced an efficient 
randomized algorithm to find approximate nearest-neighbor patches, significantly 
speeding up the patch search process. While these methods work effectively for 
textured regions and small missing parts, they often struggle to handle semantic 
consistency in large and complex missing regions.

Pathak et al. [16] proposed a deep-learning strategy for image inpainting, known 
as context encoders. Based on an encoder-decoder design, the encoder enlarges 
and reconstructs the damaged image, while the decoder extracts low-resolution 
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characteristics from it. Nevertheless, the method frequently produces blurry areas 
and visual abnormalities in the recovery areas. Iizuka et al. [17] reduced the number 
of down-sampling layers, and H. Liu et al. [18] added dilated convolution layers to 
the bottleneck to address this problem. In the meantime, H. Liu et al.  [18] utilized 
Fourier convolutions to enhance the inductive bias and receptive field in their recent 
work. To extract low-level characteristics that are well-reserved in encoder layers, the 
U-Net structure- Shamsolmoali et al. [19] is frequently used. Partial convolution was 
proposed by Liu et al. [20] to filter out redundant zeros while traversing over missing 
regions in the feature maps, preventing the feature maps from recording too many 
zeros and smoothing the resulting image. Yu et al. [21] used gated convolution in the 
encoder and decoder layers. This enhances color consistency and inpainting quality 
on free-form masks by learning a dynamic feature selection process for channel-wise 
spatial placement across all layers.

Recently, attention mechanism has been used to enhance inpainting tasks. 
Contextual attention was first introduced by Yu & Koltun [22], who used dilated 
convolutions to illustrate the attention process. The contextual attention model 
operates in two phases. A crude inpainting result is produced in the first stage, and the 
image is refined utilizing patch-similarity-based contextual attention in the second 
stage. With the introduction of the texture transform attention (TTA) module, Kumar 
et al. [23] advanced the field. In order to improve the inclusion of texture information 
in the rebuilt regions, high-level features are reassembled from low-level features 
and supplied to the decoder via the TTA module. Since attention is the foundation 
of transformers, the addition of an attention mechanism serves as a reminder of the 
potential applications for transformers in image inpainting.

Transformers switches in natural language processing (NLP)- Braşoveanu and 
Andonie [24], transformer attention-based models- Chefer et al. [25] have become 
the de facto standard method. Transformers work admirably in the domain of 
computer vision as well. In image identification tasks, the convolution-free Vision 
Transformer (ViT) - Liu at al. [26] performs better than earlier CNN-based models- 
Chen et al. [27]. ViT can process images as a string of 16 x 16 words which enables 
a reliable representation. Pretraining on large datasets has proven the viability of the 
transformer design in ViT. Other computer vision tasks, including object detection- 
Carion et al. [28] and semantic segmentation- Csurka et al. [29] have also seen the 
use of ViT. The Transformer architecture was first introduced for sequence modeling 
in natural language processing by Vaswani et al. [30] in their seminal paper “Attention 
is All You Need.”. This architecture revolutionized the field by introducing the self-
attention mechanism, which enables global context modeling. Later, Dosovitskiy et al. 
[31] extended this concept to computer vision through the Vision Transformer (ViT), 
which treats image patches as tokens similar to words in NLP. ViT demonstrated 
that transformer-based architectures can outperform traditional convolutional neural 
networks (CNNs) when trained on large-scale datasets. Subsequently, several variants 
such as the Data-efficient Image Transformer (DeiT) by Touvron et al. [32]and the 
Swin Transformer by Liu et al. [33] further improved efficiency and performance for 
various vision tasks.

	 In this paper, Liu et al. [33], an Adaptive Feature Fusion (AFF) block is 
used to adaptively fuse the multi-scale features with learnable weights. In addition, 
considering the correlation between the image and prompt, AMFF-Net compares the 
semantic features from text encoder and image encoder to evaluate the text-to-image 
alignment. In the paper- Li et al. [34] adaptive fusion network (AFNet) is proposed 
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to improve the performance of very high resolution (VHR) remote sensing image 
segmentation.

3. Materials and methods

A thorough description of the tools and techniques used in this study can 
be found in the Materials and Methods section. It explains the datasets chosen 
for experimentation, the pre-processing methods used, and the equipment and 
computing tools used for execution. Additionally, it describes the design of the 
Vision Transformer Autoencoder, the training process, optimization techniques, and 
assessment protocols used to confirm the suggested approach's performance. Our 
method integrates a novel Adaptive Feature Fusion (AFF) module to enhance the 
interaction between local encoder features and global transformer representations.

The adaptive Feature Fusion (AFF) module is designed to effectively integrate 
local spatial details and global contextual representations within the Vi-Trans 
Network. In image Inpainting, recovering missing regions requires both fine–grained 
textures understanding and high-level semantic consistency. Traditional transformer 
encoders capture global dependencies well but often loss low-level texture 
information, while convolutional layers preserve local structural cues but lack long-
range context.

The AFF module bridges this gap by adaptively weighting and fusing feature 
maps from different representation sources- typically the transformer bottleneck 
(global features) and convolutional layers (local features). It employs channel-
wise attention and spatial attention mechanisms to dynamically emphasize the most 
informative components, enabling the model to selectively refine features according 
to the complexity of the missing region. 

3.1. Steps in Vi-Trans
Three essential stages are included in our proposed Vi-Trans approach for the 

image inpainting procedure.

3.1.1. Patch Embedding and Masking
A masking procedure is used during training to choose at random which patches 

to conceal or swap out for temporary tokens. In order to learn to reconstruct missing 
portions of the image based on visible patches, the model has to predict the missing 
patches due to this masking, which makes the inpainting process difficult.

, is the definition of the image, where H, W, and C stand for height, 
width, and number of channels, respectively. 

The image has been separated into P × P patches. Miao et.al [8] then provides 
the number of patches N.

	 	 (1)

Each patch is flattened and projected to a vector, resulting in an embedding for 
each patch. Let Xp denote the patch embeddings.

	 	 (2)

where Xij, the (i,j)-th element, We, and be are learnable parameters. for the linear 
embedding layer. To retain spatial information, a position embedding  is 
added to each patch embedding.

	 	 (3)

Where ei is the positional embedding for the ith patch.
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3.1.2. Transformer Encoder and Decoder with Adaptive Feature Fusion (AFF)
The encoder part of Vi-Trans processes the visible patches using a series of 

transformer layers, each comprising self-attention and feed-forward networks. 
These layers enable the model to capture spatial and contextual relationships among 
patches, creating a latent representation that encodes meaningful information about 
the unmasked portions of the image. The decoder, which is also based on Transformer 
architecture but simpler than the encoder, takes this latent representation and 
reconstructs the embeddings for all patches, including the masked ones. The decoder 
learns to infer and reconstruct the missing patches by leveraging the contextual 
information encoded by the encoder Li et al. [35].

In the case of Multi-Head Self-Attention (MHSA) an input is given as  
for each attention, head we compute.
	 Q = ZWQ	 (4)

	 K = ZWk	 (5)

	 V = ZWV	 (6)
Where WQ , Wk , and WV are learnable weight matrices. Then, the attention scores 

are calculated as:

	 	 (7)

Multiple heads allow the model to capture different aspects of the information, 
and their outputs are concatenated and linearly projected. After MHSA, each 
embedding pass through a feed-forward network:
	 	 (8)

Where W1, W2, b1, and b2 are learnable parameters. After passing through 
L transformer encoder layers the final output embedding is denoted as ZL which 
represents the processed embedding representation of the input image patches.  The 
decoder then attempts to reconstruct the original image (or fill the masked regions 
for inpainting). The encoder output ZL contains rich global contextual features, 
while the local encoder preserves fine-grained spatial cues. To better utilize both 
representations, an Adaptive Feature Fusion (AFF) module is introduced between the 
encoder and decoder. The AFF module dynamically fuses global transformer features 
(ZL) with local convolutional features Fenc through an attention-weighted mechanism:
	 	  (9)

Where α is an adaptive attention weight learned during training. This mechanism 
balances semantic global context with detailed local structure, improving edge 
preservation, structural coherence, and texture realism.

The decoder, built with lightweight Transformer blocks, takes FAFF as input and 
reconstructs the embeddings for all patches, including the masked ones, ensuring 
high-quality restoration, Huang et al. [36].

3.1.3. Reconstruction and Training
Once the decoder produces embeddings for all patches, the embeddings are 

reshaped and reassembled into image patches. These patches are then stitched 
together to form a reconstructed image. The training objective focuses on minimizing 
the reconstruction loss, typically mean squared error (MSE), calculated between the 
original and reconstructed patches in the masked regions. This encourages the model 
to focus on accurately predicting missing regions, refining its understanding of spatial 
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dependencies and complex visual patterns. Our Vi-Trans becomes adept at inpainting 
tasks. For each patch embedding ZP in ZL , the decoder generates re construction.

	 	 (10)
Where Wd and bd are learnable parameters.
The architectural diagram shown in Figure 2 of the proposed Vi-Trans network 

illustrates the workflow for image inpainting of the proposed method. The masked 
input image is divided into smaller patches, which are then processed through the 
transformer-based encoder-decoder structure. The encoder captures the contextual 
features of the patches, while the decoder reconstructs the image by combining these 
features. This approach ensures efficient and high-quality inpainting results, even 
for large missing regions. In Table1, the layer details of the proposed network are 
summarized. It provides a comprehensive understanding of how data flows through 
the model and how the layers interact.

Figure 2. Architectural diagram of the proposed network

3.2. Loss Function
In our method, Vi-Trans, the loss functions used are MSE (Mean Squared 

Error) and perceptual loss Wang and Bovik [37] Lucas et.al [38] to optimize the 
reconstruction quality. The MSE loss measures the pixel-wise difference between 
the reconstructed image and the target image ensuring accurate low-level details. 
Mathematically, it is expressed as:

	 	 (11)

Where Ii and  are the target image and reconstructed image, respectively.
The perceptual loss is defined as:

	 	 (12)

where LPerceptual uses a feature extractor f (.) to measure perceptual similarity in 
a learned feature space where f (.) represents the feature extractor network used to 



Metaverse 2026, 7(1), 8247

8

obtain deep feature representations. In this work, f (.) is derived from the VGG-16 
network pre-trained on ImageNet, which captures perceptual and semantic differences 
that pixel-wise calculations (like MSE) fail to represent. This loss was chosen 
because it aligns the reconstructed image with the human visual system’s perception 
of similarity, focusing on texture, edges, and structural fidelity rather than exact pixel 
correspondence.

The total loss function used for training the autoencoder is a weighted 
combination of pixel-level mean squared error (MSE) loss and perceptual loss:
	 	 (13)

where α and β are the weights regulating the perceptual loss's and MSE loss's 
respective contributions. The inclusion of perceptual loss improves structural 
coherence and texture realism, which is particularly beneficial in Metaverse 
applications, where maintaining visual authenticity is critical for immersive user 
experiences Wang, Z., and Bovik, A. C [37] Lucas et al. [38].

3.3. Dataset
The CelebA and Places2 dataset is used to train our model. The CelebA 

(CelebFaces Attributes) Dataset Rojas et al. [39] is a comprehensive collection of 
more than 200,000 photos of famous faces. It is a well-liked option for a number 
of computer vision applications, such as face recognition, attribute prediction, and 
image inpainting, because the images vary in pose, backdrop, and facial traits. It is a 
benchmark dataset for assessing image creation and editing methods because of its 
vast size and variety. Places2 Dataset Rojas et al. [39] is a large-scale scene-centric 
dataset with over 10 million images across 400+ scene categories, widely used for 
image inpainting research. It provides diverse indoor and outdoor scenes that help 
models learn global structure and semantic consistency. In order to efficiently train 
the Vision Transformer Autoencoder for image inpainting, the CelebA and Places2 
dataset was used to construct a custom masked dataset. In order to simulate missing 
areas that the model learns to reconstruct, the masking procedure involves applying 
unpredictable and random masks to certain areas of the images. 

Each masked image is paired with its corresponding original image as the target 
during training. Data augmentation techniques are applied to enhance the diversity 
of the dataset and improve model generalization. Augmentations include resizing 
images to 224 ×224 resolution, normalization with mean [0.5, 0.5, 0.5] and standard 
deviation [0.5, 0.5, 0.5] and converting images to tensor format.

3.4. Experimental setup
The experiments were conducted on a system equipped with an NVIDIA 

RTX 3090 GPU (CUDA 12.4), Intel Core i7-12700K processor, and 32 GB DDR4 
RAM. The environment used Python 3.11 and PyTorch 2.1.0 with torchvision and 
torch audio for data preprocessing and augmentation. The proposed Vi-Trans model 
was trained using the CelebA and Places2 dataset comprising 202,599 images, 
following the official partition of 162,770 training, 19,867 validation, and 19,962 
test images to ensure reproducibility and fair comparison. The validation set was 
used for hyperparameter tuning, while the test set was reserved for final evaluation. 
All images were resized to 128 × 128, and random free-form masks were applied 
uniformly across training and validation data. Training was performed for 50 epochs 
using the Adam optimizer (β₁ = 0.9, β₂ = 0.999) with a learning rate of 1 × 10⁻⁴. 
This configuration provided a stable convergence and efficient handling of the high 
computational requirements of transformer-based image inpainting.
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Table 1. Detailed Visualization of Model Architecture

Layer Description Output Dimensions

Input Layer Takes masked images as input 224 × 224 × 3

Patch Splitting Divides input into smaller patches Sequence of (224/16)^2 patches

Patch Embedding A linear layer that embeds each patch into a 
vector representation Sequence Length × Embedding Dim

Positional Encoding Adds positional information to each patch 
embedding Sequence Length × Embedding Dim

Multi-Headed Self-Attention Attention layer that allows patches to attend 
to others Sequence Length × Embedding Dim

Layer Normalization Stabilizes training before and after attention 
and FFN layers Sequence Length × Embedding Dim

Feed-Forward Network (FFN) Fully connected layers adding non-linearity 
to each patch embedding Sequence Length × Embedding Dim

Residual Connection Connects the input of each layer to its output 
to  improve gradient flow Sequence Length × Embedding Dim

Transformer Bottleneck Compact latent representation capturing 
global  image features Sequence Length × Bottleneck Dim

Adaptive Feature Fusion (AFF) 
Module

Fuses global transformer features (from 
bottleneck) with local encoder features 
using attention-weighted fusion to balance 
semantic and spatial details

Sequence Length × Fused Dim

Multi-Headed Self-Attention Attends to latent features to reconstruct 
spatial patterns Sequence Length × Embedding Dim

Layer Normalization Applied before and after attention and FFN 
layers Sequence Length × Embedding Dim

Feed-Forward Network (FFN) Adds non-linearity to patch representations 
in reconstruction Sequence Length × Embedding Dim

Residual Connection Connects inputs and outputs within each 
layer Sequence Length × Embedding Dim

Reconstruction Layer Maps sequences back to the original image 
dimensions 224 × 224 × 3

Output Layer Final  output  layer that  produces the 
reconstructed image with inpainted regions 224× 224 × 3

4. Results and discussion

In our experiments, we utilized the CelebA and Places2 dataset to evaluate the 
performance of our Vi-Trans network. Figure 3 illustrates this by inpainting diverse 
human faces with large freeform masks.

4.1. Quantitative Analysis 
In our research on image inpainting for quantitative analysis, we compare the 

performance of our proposed method, Vi-Trans, against five state-of-the-art methods. 
To comprehensively evaluate the performance of the proposed Vi-Trans with 
Adaptive Feature Fusion (AFF) model, four widely used quantitative metrics were 
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employed: Peak Signal-to-Noise Ratio (PSNR), Structural Similarity Index (SSIM), 
Fréchet Inception Distance (FID), and Learned Perceptual Image Patch Similarity 
(LPIPS) across multiple evaluation metrics, including PSNR, SSIM, FID, and LPIPS- 
Setiadi [40]. 

                                    (a) Original Image               (b) Masked Image             (c) Inpainted Image
Figure 3. Image inpainting results by the proposed network for diverse human faces with large freeform masks.

PSNR (Peak Signal to Noise Ratio)
PSNR measures the pixel-level fidelity between the reconstructed image and 

the ground truth. It is expressed in decibels (dB) and quantifies how closely the 
reconstructed image matches the original in terms of intensity values. Higher PSNR 
values indicate better reconstruction quality and fewer artefacts- Setiadi [40].

SSIM (Structural Similarity Index) 
SSIM evaluates image quality based on perceived changes in structural 

information, luminance, and contrast. Unlike PSNR, SSIM correlates more strongly 
with human visual perception. A higher SSIM value (closer to 1) signifies greater 
structural consistency and visual similarity between the original and reconstructed 
images- Setiadi [40]. 

FID (Frechet Inception Distance)
FID measures the similarity between distributions of real and generated images 

in the feature space of a pre-trained Inception network. Lower FID values indicate 
that the reconstructed images are more realistic and perceptually closer to the 
ground truth. This metric is particularly useful for evaluating generative models and 
perceptual realism- Jayasumana et al. [41].

LPIPS (Learned Perceptual Image Patch Similarity)
LPIPS quantifies perceptual differences between image patches using deep 

features extracted from networks such as VGG or Alex Net. It aligns more closely 
with human judgments of visual similarity. Lower LPIPS scores correspond to higher 
perceptual quality and texture fidelity in inpainting results Chen et al. [42].

4.1.1 Comparison with Baseline Models 
a)	 PConv (Partial Convolution) Liu at al. [20]
PConv introduced a partial convolution layer that conditions the convolution on 
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the valid (unmasked) pixels only, dynamically updating the mask at each layer. This 
method avoids the propagation of corrupted information into the inpainted regions 
and works well for irregular holes. The limitation of this model is its reconstruction 

can appear blurry and lacks semantic understanding for large missing regions.
b)	 DeepFillv2-Yu et al. [21]
DeepFillv2 enhances earlier contextual attention-based inpainting by introducing 

gated convolutions and a two-stage architecture (coarse-to-fine). It learns which 
features to propagate based on mask information, effectively improving texture 
realism. The limitation of this model is that it still struggles with complex structures 
and large free-form masks.

c) 	ICT (Image Completion Transformer) Wan et al. [43]
ICT uses transformer blocks for both encoding and decoding, modeling global 

dependencies between visible and missing regions. It focuses on non-local feature 
propagation for large irregular holes. The limitation of this model is ICT’s transformer 
design is computationally heavy and may lead to over-smoothing in textured areas.

d)	 MED (Mask Embedded Decoder) H. Liu et al. [18]
MED integrates mask information directly into the decoder to guide feature 

reconstruction. This mask embedding mechanism improves region awareness 
during reconstruction. The limitation of this method is It relies on handcrafted mask 
embeddings and struggles to generalize to unseen mask patterns.

The comparison highlights the robustness and effectiveness of our approach 
under varying mask ratios and diverse conditions, particularly for free-form masks 
applied to human face datasets. Experimental results demonstrate that Vi-Trans 
consistently outperforms competing methods across all metrics, achieving higher 
PSNR and SSIM values (indicating better pixel-level accuracy and structural 
similarity), while maintaining lower FID and LPIPS scores (reflecting superior 
perceptual quality and fidelity). This superior performance underscores the ability of 
Vi-Trans to handle diverse masking patterns and complex facial structures, setting a 
new benchmark in the field of image inpainting. The following Table 2 and Table 3 
demonstrate that Vi-Trans consistently outperform existing methods, evaluated across 
various mask ratios and metrics (PSNR, SSIM, FID, and LPIPS) on CelebA and 
Places2 dataset respectively.

Table 2. Comparison of our proposed method (Vi-Trans) with recent state-of-the-art methods for image inpainting. On 
CelebA dataset

Mask Ratio DeepFillv2 ICT MED PConv AU-GAN Vi-Trans+AFF(proposed)

PSNR ↑

0-20% 32.48 33.49 32.68 31.89 33.93 36.12

20-40% 26.93 27.43 27.01 26.48 28.10 28.98

40-60% 21.70 22.70 21.86 21.32 23.54 24.06

SSIM ↑

0-20% 0.906 0.920 0.907 0.899 0.931 0.963

20-40% 0.757 0.788 0.763 0.750 0.793 0.893

40-60% 0.569 0.609 0.575 0.588 0.623 0.888

LPIPS 

0-20% 0.040 0.028 0.037 0.046 0.024 0.015

20-40% 0.107 0.081 0.081 0.107 0.071 0.051

40-60% 0.214 0.179 0.179 0.214 0.165 0.127
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Continuation Table:

Mask Ratio DeepFillv2 ICT MED PConv AU-GAN Vi-Trans+AFF(proposed)

FID 

0-20% 10.56 8.988 8.87 9.23 3.32 1.98

20-40% 13.34 12.87 11.81 13.55 9.65 6.95

40-60% 15.43 12.98 14.88 12.88 12.07 10.88

Table 3. Comparison of our proposed method (Vi-Trans) with recent state-of-the-art methods for image inpainting. On 
Places2 dataset

Mask Ratio DeepFillv2 ICT MED PConv AU-GAN Vi-Trans+AFF(proposed)

PSNR ↑

0-20% 28.94 29.17 30.15 31.03 31.02 32.12

20-40% 24.14 25.32 26.67 26.13 27.03 28.88

40-60% 19.09 19.88 20.87 21.12 22.14 22.99

SSIM ↑

0-20% 0.786 0.765 0.706 0.812 0.865 0.914

20-40% 0.645 0.764 0.675 0.802 0.812 0.923

40-60% 0.512 0.534 0.521 0.552 0.591 0.768

LPIPS 

0-20% 0.040 0.028 0.026 0.024 0.023 0.013

20-40% 0.112 0.102 0.111 0.102 0.098 0.087

40-60% 0.211 0.221 0.201 0.198 0.199 0.166

FID 

0-20% 11.77 11.98 11.45 10.87 10.88 9.99

20-40% 15.11 15.87 14.88 14.55 13.35 11.88

40-60% 16.73 16.18 15.11 15.81 14.81 13.55

4.2. Qualitative Analysis 
The following Figure 4. Gives a visual comparison with baseline methods of 

our approach in image inpainting in different free form masks. 

Figure 4. Qualitative comparison of current models with our proposed method (Vi-
Trans) on the CelebA and Places2 dataset. 
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4.3. Computational Efficiency and Latency Analysis
To verify the claim that the proposed Adaptive Feature Fusion (AFF) module 

improves computational efficiency, we conducted a detailed latency and complexity 
evaluation. All methods were tested under identical hardware settings to ensure fair 
comparison. Table 4 summarizes the model parameters, FLOPs, inference time per 
image, and throughput.

The results show that the proposed Vi-Trans equipped with AFF achieves 
a lower inference time (47.8 ms/image) compared with the baseline transformer 
autoencoder (55.1 ms/image). This improvement is attributed to the AFF module’s 
ability to merge global transformer features and local convolutional features into 
a more compact representation, reducing redundant computation in later decoding 
stages. Although the AFF module introduces a small number of additional parameters 
(approximately 0.2M), it reduces the overall FLOPs and improves throughput.

These findings confirm that the proposed method delivers better computational 
performance without compromising inpainting quality. The reduction in latency 
demonstrates that AFF enhances not only feature representation but also the practical 
efficiency of the model, supporting its suitability for near real-time rendering 
applications.

Table 4. Quantitative comparison of model parameters, FLOPs, inference time, and throughput among state-of-the-art 
methods.

Method Params(M) Flops(G) Inference Time Throughput(images/S)

DeepFillv2 9.84 12 30.2 20

ICT 11.31 14 32.5 23

MED 11.87 13 33.8 25

PConv 11.38 12 36.4 26

AU-GAN 15.61 16 42.51 19

ViT-AE 18.7 22.4 55.1 18

Vi-Trans 18.9 20.6 47.8 21

4.4. Ablation Study on Adaptive Feature Fusion (AFF)
To explicitly evaluate the contribution of the proposed Adaptive Feature Fusion 

(AFF) module, we conducted an ablation study comparing the full Vi-Trans model 
with AFF against a baseline Vi-Trans model without AFF. The primary objective of 
this experiment is to isolate the effect of the AFF module and assess its impact on 
image inpainting performance. Both models share the same network architecture, 
training protocol, dataset, and hyperparameters, with the only difference being the 
inclusion or exclusion of the AFF module. This controlled setup ensures that any 
observed performance variation can be attributed solely to the AFF mechanism. 
Quantitative results demonstrate that incorporating AFF leads to consistent 
improvements across multiple evaluation metrics, indicating enhanced feature 
interaction and reconstruction quality.

These findings confirm that the AFF module effectively improves the adaptive 
fusion of multi-level features, enabling the model to better balance global contextual 
information and local structural details during inpainting. Consequently, the ablation 
results validate the practical effectiveness of AFF and support its role as a meaningful 
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architectural enhancement rather than a marginal modification. Table 2 and Table 
3 reports the final performance of the proposed model in comparison with existing 
methods, while Table 5 and Table 6 depicts the ablation study comparing Vi-Trans 
with and without AFF on CelebA dataset and Places2 dataset respectively.

Table 5. Ablation study comparing Vi-Trans with and without AFF on CelebA dataset

Mask Ratio Vi-Trans without AFF Vi-Trans with AFF

PSNR ↑

  0–20% 35.02 36.12

20–40% 28.91 28.98

40–60% 23.89 24.06

SSIM ↑

  0–20% 0.958 0.963

20–40% 0.821 0.893

40–60% 0.887 0.888

LPIPS 

  0–20% 0.021 0.015

20–40% 0.070 0.051

40–60% 0.132 0.127

FID 

  0–20% 2.55 1.98

20–40% 7.04 6.95

40–60% 11.12 10.88

Table 6. Ablation study comparing Vi-Trans with and without AFF on Places2 dataset

Mask Ratio Vi-Trans without AFF Vi-Trans with AFF

PSNR ↑

  0–20% 31.98 32.12

20–40% 28.12 28.88

40–60% 22.98 22.99

SSIM ↑

  0–20% 0.898 0.914

20–40% 0.862 0.923

40–60% 0.612 0.768

LPIPS 

  0–20% 0.020 0.013

20–40% 0.097 0.087

40–60% 0.178 0.166

FID 

  0–20% 10.23 9.99

20–40% 12.89 11.88

40–60% 13.91 13.55

5. Conclusion

In this work, we proposed Vi-Trans, a Vision Transformer-based autoencoder 
integrated with an Adaptive Feature Fusion (AFF) module for image inpainting. The 
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AFF module effectively combines the global contextual awareness of transformer 
layers with the local spatial precision of convolutional features, enabling accurate 
restoration of missing regions with enhanced texture realism, edge continuity, and 
structural coherence. Unlike conventional transformer-based inpainting methods 
that rely solely on self-attention, Vi-Trans dynamically balances global semantics 
and fine-grained details through adaptive fusion, producing visually coherent and 
perceptually rich reconstructions. The framework was further extended toward 
Metaverse applications such as avatar restoration, object removal, and visual 
continuity in VR/AR environments, demonstrating superior performance over state-
of-the-art transformer-based models in both quantitative and perceptual metrics. 
Moreover, the proposed AFF mechanism offers a promising foundation for 3D 
and multi-view inpainting, where it can be adapted to fuse spatial and geometric 
information across multiple viewpoints. While current evaluations are limited to 2D 
datasets like CelebA, future work will focus on extending Vi-Trans to 3D and video-
based scenarios by integrating depth cues and ensuring real-time performance, further 
advancing its applicability to immersive Metaverse environments.
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