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Abstract: In modern developments in image synthesis, 
neural networks are used to decode the random generation 
of latent code into high-quality images. These still cannot 
offer any easy way to alter to real image alteration. A type 
called model inversion tries to recover a latent code, 
which, when encoded back into an image, is similar to a 
target image. The approaches currently do not consider 
the possibility of picture modification on a semantic level 
in search of an accurate pixel. The study empowers an in-
domain constrained least squares inversion (CLSI) 
approach that mixes a domain-traversed encoder with a 
domain-regularized optimizer to circumvent this. The 
way enables the neural network to rely on its innate 
knowledge to perform both flexible editing and image 
reconstruction without the need for re-training by 
embedding the inverted code within the latent space 
within the network. In this research, the effect of different 
encoder structures, initial point of inversion, and 
parameter spaces on the quality versus semantic editability 
trade-off is explored. The paper reveals the details about 
how neural networks accumulate the semantic properties 
in latent spaces. Further, the research enhances the 
versatility of editing and enhancement of recent 
developments in image generation models. As far as we 
know, in-domain CLSI also has a significant potential to 
produce high-quality images and support semantic edits 
that will make sense (both of which will improve the real-
world image edits).

Keywords: Constrained Least Squares Inversion (CLSI), 
Semantic Image Editing, Latent Space Inversion, Image 
Reconstruction

INTRODUCTION
Recent advances in neural networks have made the synthesis 
of images much better, with the ability to convert randomly 
output latent codes into high-fidelity images, as shown in 
Figure 1 [1]. This development has created incredibly realistic 
images because of models such as Neural Radiance Fields 
(NeRF), which does well to create photorealistic images [2]. 
Although in the picture synthesis task, NeRF has shown 

remarkable potential, image editing in the real world is still 
not a trivial task for this technology. The first objective of 
conventional techniques is usually to obtain pixel-based 
reconstruction precision. The given techniques, however, 
might not be enough to admit flexible, semantic-level 
modification of the reconstructed image. This gap highlights 
a serious limitation with the current approaches to the contrary 
they fail at focusing on the manipulations and retention of 
important semantic features, which can be used to create 
practical image editing programs [3].

Figure 1. Image Restoration Results

New studies have pointed to the emergence of frameworks 
that seek to fill this semantic void in photorealistic editing. As 
an illustration, the author [4] recently suggested a transformer-
oriented structure to direct semantic transformations in NeRF 
representations without geometric inconsistency. Equally, [5] 
showed that the combination of latent space editing with 
CLIP and NeRF models can enhance control and realism 
when performing image synthesis tasks, particularly in real-
world contexts like customized avatars and virtual trial-on 
systems.

The area of image restoration is extensive and entails functions 
such as super-resolution, deblurring, and denoising, which are 
of immense interest to studies [6]. In such problems, methods 
that go from end to end have been explored in the form of 
neural networks, to methods that incorporate deconvolution 
using picture prior. The application of deep learning, 
especially generative adversarial networks, has seen 
significant growth in image restoration, where trained models 
aim to enhance high-level feature distances and spatial 
accuracy using the properties of loss functions that include 
perceptual loss, L2 loss, and adversarial loss [7]. Such losses 
tend to be incorporated into a weighted linear equation to 
model the NeRF training objective function. The image 
quality as a whole, which is a vital parameter of performance 
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in restoration processes, is influenced, making the handling of 
such losses difficult to manage. Two of the most commonly 
used to gauge restoration and assess visual and perceptual 
quality are the structural similarity index (SSIM) and peak 
signal-to-noise ratio (PSNR) [8]. The article comes up with an 
in-domain CLSI method to address the shortcomings of 
previous methods. In this method, the inverted code is kept 
within the latent space of the neural network using a domain-
directed encoder and a domain-regulated optimizer. Such a 
restriction enables us to utilize the in-built knowledge within 
the network to not only have flexible editing but also a better 
image reconstruction. The study is interested in how the 
relative merits between semantic editability and the fidelity of 
the reconstructed image are affected by different parameters, 
such as parameter spaces, initial inversion positions, or 
encoder structures. This trade-off gives new insights into the 
way neural networks transform semantics into their latent 
spaces, improving our understanding of how they can be used 
in practical image manipulation challenges.

Also, recent latent diffusion models introduced by the author 
[8] allowed making high-resolution semantic edits minimally 
distortively, specifically in the zero-shot scenario. This is 
consistent with the contemporary analyses in the advancement 
of generalizable models that can translate real-life limitations 
without compromising integrity in images.

Image restoration is the process used to counter degradations 
of images like blur, noise, and reduced resolution, which 
might happen in capturing, storing, and transmitting the 
images [9]. Some of the types of degradation are Blur, loss of 
detail, and compression artifacts, the types of degradation that 
frequently occur in medical imaging, remote sensing, 
autonomous driving, and video enhancement [10]. Picture 
restoration has come pretty far with the creation of particular 
models such as convolutional neural networks (CNNs), 
recurrent neural networks (RNNs), and deep learning [11]. 
But the highly computational burden of image restoration 
algorithms that frequently require large dataset sizes, intricate 
hyperparameter optimization, and stabilization-oriented 
refinements, still remains a problem for methods based on DL 
[12]. In addition, priors such as human facial prior and dark 
channel prior are researched to make deep neural networks 
more efficient and accurate in restoration work; such priors 
are domain knowledge-based priors that serve to shrink the 
complexity of the prediction space by transforming degraded 
images into their better form through their inherent 
representation of natural observations. Our work is an 
extension of the precedents, and it expands the capability of 
the network to preserve image quality and allow a flexible, 
semantic editing of real-world instances. Neural networks 
have also been deployed in the recent developments of the 
image synthesis stream to decode the randomly generated 
latent codes into quality images [13]. Still, the adaptation of 
such networks to the editing of real images proves to be not 

quite easy. Model inversion is one of the possible actions to 
pursue, and this approach will try to find a latent code that 
generates a target image as accurately as possible. 

To achieve maximum precision at the pixel level, conventional 
methods do not always take the chance of changing 
semantically. It is a solution to this problem, an in-domain 
CLSI based on a domain-guided encoder and domain-
regularized Optimizer. In this method, the advantage of the 
inherent skills of the neural network to give correct 
reconstruction and flexible editing without any need for 
retraining is used by preserving the inverted code in the latent 
space of the network. This study investigates the roles of the 
encoder structure and the initiation point of inversion, as well 
as the space of parameters regarding the trade-off between 
reconstruction quality and the suitability to edit in semantics. 
Such a balance provides crucial insights as to how the neural 
networks learn semantic features in latent space, not only 
increasing image reconstruction but also altering it. In image 
processing, there is also the additional factor of CLSI, which 
has opened up new avenues in fields such as image denoising, 
deblurring, and super-resolution, meaning that these networks 
will find application in different ways, such as in medical 
imaging, in the entertainment industry, as well as in visual 
arts. These programs demonstrate the importance of strong 
NeRF training objectives, possibilities as to be enhanced with 
image quality-based components, and trade-off isolated 
perceptual and Euclidean losses. These changes reduce image 
distortion, like noise and blur, using the proposed model, but 
still retain essential features. Our project explores the neural 
architecture and optimization techniques to improve high-
performance in image synthesis and design a more effective 
means to reconstruct the images and diverse adjustments of 
the semantics in them. This will help to advance neural 
network usage in various industries in the theoretical and 
practical fields.

LITERATURE REVIEW

Such methods as CLSI, Neural Network Image Editing, 
Image Reconstruction, Semantic-Level Editing, and Domain-
Regularized Optimisation played vital roles in the development 
of image restoration and synthesis in the recent past. The 
problem with picture degradation has also been efficiently 
dealt with by CLSI due to noise minimization and optimization 
of its features, since most of the picture degradations occur 
through excessive noise or even in low-resolution pictures. 
The study [14] pointed out that CLSI maintains a trade-off 
between fidelity and computational economy in real-time 
applications to illustrate how well it works in detail-preserving 
denoising. The approach offers an initial idea on how to 
approach the common problems associated with the 
restoration of images. The deep learning model has been 
increasingly finding its use in the context of the neural 
network based image editing to accomplish complex edits of 
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a damaged image by considering context, high level semantics 
by performing edits such that the outcomes are simpler to 
interpret and perceive therefore coming up with restoration of 
the photos which are simpler to interpret. In [15], it is 
mentioned that neural networks allow specified editing of 
pictures, such as removal of objects and inpainting, in which 
models can learn to maintain or change specified areas and 
remain coherent over all of the picture.

A more recent study proposed [16] the StyleNeRF++ that 
allowed finer-grained edits at the semantic level by modifying 
adaptive instance normalization in the volumetric 
representations and surpassed the performance of existing 
schemes on benchmark sets. Also, [17] integrated diffusion 
models into NeRF models to achieve a synergistic system that 
surpassed previous versions that use GAN to perform 
operations such as shadow removal and improvement of low-
light images.

The semantic-level editing is a recent breakthrough that goes 
past pixel-level precision and allows models to comprehend 
and recreate high-level features in photos. The investigations 
of the use of this method in difficult editing tasks showed that 
structural relations may enhance the flow and originality of 
rebuilt images [18]. Such a practice represents the tendency to 
use more complex methods of restoration involving 
consideration of the semantic background of images. DRO 
has gained lots of popularity in problem-specific tasks, 
particularly medical images. DRO was also used in [19] to 
enhance the performance of the model and not sacrifice some 
aspects of context in the course of restoration through 
integrating the kind of domain knowledge in regularization. 
This technique improves the applications of restoration 
techniques by solving the problems that are generated when 
various forms of image degradation take place in many fields. 
Such evaluation measures as the Peak Signal-to-Noise Ratio 
(PSNR) and the Structural Similarity Index Measure (SSIM) 
are still necessary when assessing the quality of the images in 
the restoration methods. [20] demonstrated the importance of 
such measurements towards finding a compromise between 
accuracy and the clarity of perception. These computational 
measures are not easily integrated into human perceptible 
reality, especially when involvement of large quantities of 
data are involved.

In addition, [21] conducted a recent study that examined the 
possible use of domain knowledge for restoration functions 
and showed that such a tricky approach considerably increases 
the outcomes of restoration activities when faced with 
challenging instances, including motion-blurred photographs, 
low illumination, and so on. Similarly, [22] showed a new 
approach to the reconstruction of images based on a 
combination of semantic segmentation and neural networks 
to better restore the features. Bearing all these in mind, the 

combination of CLSI, neural networks, and domain-
regularized procedures has remarkably added value in image 
restoration and synthesis [23]. Further research will focus on 
enhanced restoration objectives and how various techniques 
work together to generate sharper and realistic images to be 
used in digital media, medical imaging, and other areas as 
these approaches evolve.

Since its inception, transformer architectures have been used 
in numerous applications [24], developed another notable 
advancement where different transformer architectures were 
utilized in domain-adaptive image reconstruction, enhancing 
the performance and the real-time speed of mobile 
applications. In the interim, [25] studied the convergence 
between prompt-guided editing and domain regularization to 
personalized image editing, paving the way to interactive 
photo editing architectures.

PROBLEM STATEMENT AND ITS PROPOSED 
SOLUTION

The problem of image synthesis and restoration remains a key 
issue in computer vision, and a great application of these 
methods is in the case of degraded images (noise, motion blur, 
low resolution, artifacts, and others). These issues may 
significantly affect the quality and applicability of images in 
different applications, including digital media, monitoring 
systems, and medical imaging. Image restoration may have 
one or more of the following objectives: to retrieve or to 
improve visual information that may have been degraded 
during storing or recording. Among these goals are reductions 
of noise that obscures key information, and of the amount of 
information necessary to represent poorly-captured 
information straightforwardly. Another part of restoration is 
the reconstruction of lost or damaged data, e.g., recovery of 
missing details of damaged images. The semantic 
understanding in modern restoration is more relevant than the 
pixel-level repairs, as the applications that require the high-
level interpretation with exceptionally specific knowledge 
rely on the preservation of object identities and the definition 
of spatial relations in an image.

Problem Description 
The task of image synthesis and restoration remains an 
important task of computer vision, particularly in the case of 
damaged images with noise, motion blur, low resolutions, and 
artifacts. Such issues can have a significant impact on the 
viability and quality of images in a myriad of applications, 
including digital media, surveillance, and medical imaging. 
Image restoration focuses on the restoration or improvement 
of visual information potentially lost or reduced in the course 
of its storage or recording. It is important to minimize noise 
that covers important information and resolution to enable 
easy interpretation of bad images. Restoring damaged or 
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Solution Framework
The proposed architecture will utilize the recent developments 
in the fields of machine learning and optimization algorithms 
to appeal to the needs of restoring and generating images by 
implementing a series of building blocks, which can be 
regarded as the following list:

• Constrained Least Squares Inversion (CLSI): serves as 
the base method of detail preservation and noise 
reduction. Its applicability to different types of 
degradation enables it to be a good initial point for 
improving the quality of images.

• Image Editing using Neural Networks: Examples include 
selective inpainting, which aims to remove a specific part 
of an image, and object removal. These models trained 
on very large text corpora can make intelligent, context-
sensitive adjustments by learning the connection between 
space and content of images.

• Semantic-Level Image Editing: Semantic segmentation 
is used to detect and save key details in the restoration 
process, such that the structural and contextual integrity 
of the image is maintained and that the restored image 
would appear more natural.

• Domain-Regularized Optimization (DRO): Auxiliary 
knowledge, encoding of domain-specific information, 
allows focusing attention on contextual features more 
closely associated with the intended application; such 
knowledge can be incorporated into optimization.

• Broad Base Evaluation Metrics: To verify the practical 
performance of the restoration algorithms, a wide range 
of evaluation metrics is employed, i.e., other than the 
usual assessment metrics such as PSNR and SSIM; 
evaluation metrics that consider the perceptual quality 
ratings along with user studies are also performed.

• Iterative Feedback Mechanism: We create a loop of 
continuous improvement, so, the product of image 
restoration can be improved over time according to 
feedback data and the metrics obtained on the system and 
user side.

METHODOLOGIES AND TECHNIQUES
The dataset employed is the Old Photos Dataset, which 
contains a variety of old [26], damaged, and often low-
resolution photos on different historical backgrounds as 
presented in Figure 2. Such photos are a good choice in order 
to test and advance image restoration algorithms because they 
contain typical image degradation artifacts: noise, blurriness, 
discoloration, and physical damage. Since the photos deal 

with a wide range of problems that can be found in archive 
materials, like loss of resolution, faded contrast, and structural 
defects, it will be possible to test proposed restoration methods 
comprehensively when using this dataset. With this dataset in 
mind, the research will seek to approximate applications in 
the real world of restoration and optimisation of historical 
images, and by doing so, offer a true testbed of such restoration 
techniques, which may also potentially learn from historical 
image recovery applications in the heritage and preservation 
communities. The diversification of data by content and type 
of degradation further helps in determining the performance 
and flexibility of the offered methods, especially in 
demonizing image recovery using deep learning networks 
and solving the objective topic of image recovery using 
domain-regularized optimization tools.

Figure 2. Old Photos Dataset 

The goal of this research endeavor is to combine cutting-edge 
machine learning, image processing, and optimization 
techniques to create an efficient framework for image 
restoration and synthesis. The following approaches and 
strategies are essential to accomplishing the goals of the 
research, as shown in Figure 3.

40
destroyed data is yet another process of restoration, like 
identifying missing parts of destroyed images. Objects require 
higher merits on semantic understanding than pixel repair, 
which is why modern restoration has placed more importance 
on the semantic understanding of initial applications that 
require interpretation of high precision.
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Figure 3. Proposed Model

Constrained Least Squares Inversion:
As a Downsizing and details preserving strategy, CLSI will 
be employed first. It brings a mathematical underpinning to 
the process of regularization as a means of dealing with 
degradation of an image to a certain extent (up to a total 
removal) of noise of all sorts, preserving key content. 
Parameters will be optimised to tune to alternative degradation 
models by choosing CLSI parameters to be robust to a range 
of image quality and image distortion.

Deep Neural Networks for Context-Aware Image Editing:
More complicated image-modifying procedures, such as 
context-aware reconstruction and selective inpainting, will be 
done by use of Convolutional Neural Networks (CNNs) [27]. 
Model training. With the aim of enhancing the models to gain 
semantic relationships needed in coherent-oriented inpainting 
and the transfer of features, the models will be trained through 
transfer learning and pre-training on large image data.

Semantic-Level Editing and Segmentation:
The semantic segmentation neural networks, such as U-Net 
or Mask R-CNN, could be incorporated to locate and identify 
significant objects in the images and thus ensure that the 
high-level semantic structure of the images could be restored 
as much as possible in the restoration process. In this way, the 
framework will be able to distinguish between the background 
and the meaningful nature of things, and the outcome of 
restoration will be more correct and realistic. 

Domain-Regularized Optimization (DRO):
DRO will be incorporated to leverage domain-specific 
limitations, like anatomical structures in medical images, to 
obtain more accurate and contextually relevant restoration. 
Domain regularization will be in the loss function, and 
infrequencies deviating from the predetermined characteristic 
will be penalized [28].

Iterative Optimization and Feedback Mechanism:
The process of improving image repairing with the assistance 
of the feedback will involve some kind of iterative process. 
With the help of performance indicators of every iteration, the 

system will eventually improve the quality of the output. 
Comments provided by user feedback and assessments of 
perceptual quality will be used in improving the models so 
that the results can be used in the actual world.

Evaluation Metrics and Comparative Analysis:
The restoration effectiveness will be evaluated against a 
number of thorough evaluation standards, among which are 
Structural Similarity Index (SSIM), Peak Signal-to-Noise 
Ratio (PSNR), and perception quality evaluation. Domain-
specific testing, together with user research, will be used to 
measure practical efficacy. The results will be matched with 
the conventional systems as a means of assuring that advances 
have been made.

RESULTS AND DISCUSSION

In the findings, the original image of the old images dataset 
becomes much worse, and the noise, low resolution, and 
faded details are presented in Figure 4. Such degeneration is 
common to the problems of old photographs, as the age and 
impact of the environment hampers the clarity and strength of 
features.

Figure 4. Before Restoration

Figure 5 is the enhancement of the picture, which demonstrates 
the extent to which the model is capable of removing noise, 
filling in blurs, and preserving vital information. Where deep 
neural networks and CLSI offered pixel-level editing, context-
aware restoration was also enabled, semantic-level editing, 
i.e., realistic restoration of facial features or textures, using 
segmentation and domain-regularized optimization. The 
method maintained consistent tones and structure in 
semantics, unlike the simple pixel corrections. Subsequent 
ablation studies will also explain the main contributions of 
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each component to maximize semantic and pixel-level 
changes.

The current method has a limitation, however, in that it is 
computationally expensive. Real-time performance on edge 
devices or mobile systems is difficult since deep networks 
and iterative optimization are readily involved to utilize more 
resources. Additional efforts will be devoted to the squeeze 
networks, pruning, and light architectures to achieve greater 
efficiency without loss of denoising effect, thereby targeting 
deployment in more scattered resources like mobile heritage 
applications or medical imaging devices in the field.

Figure 5. After Applying the Proposed Model

CONCLUSION 
In this research, a feasible CLSI, CNNs, a semantic 
segmentation network such as U-Net and Mask R-CNN, and 
DRO are presented as a framework of effective image 
restoration and reconstruction. The given method was applied 
to the Old Photos Dataset and demonstrated better restoration 
results compared to traditional methods in degraded picture 
restoration, with larger SSIM and PSNR values. The 
framework was able to retain semantically salient image 
elements, except that the noise and the blurring were 
eliminated by integrating pixel-level and semantic-level 
insight. The domain-specific regularization and iterative 
feedback were also used to improve the quality and the 
adaptivity of the results. The research will establish a solid 
foundation of better real-time context-aware image restoration 
systems in different fields.
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