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ABSTRACT: Interior design plays a vital role in creating aesthetically pleasing and functional spaces. Traditional
methods involve multiple meetings and extensive manual effort, making the process time-consuming, costly, and less
accessible. To address these limitations, this project explores an innovative approach to interactive interior design using
generative Al models. The system allows users to upload an image of a room, which is then transformed using Al while
maintaining structural integrity. The generated image includes furniture with clickable shopping links, enabling direct
purchases. The backend ensures scalability, while the frontend provides an intuitive user experience. This paper
discusses the training methodology, accuracy evaluation, and the practical implementation of the system, highlighting
its potential for commercialization through affiliate commissions and premium features.

L. INTRODUCTION

Interior design plays a vital role in creating aesthetically pleasing and functional spaces. However, traditional methods
are time-consuming, costly, and often inaccessible to non-professionals. Homeowners face challenges in visualizing
designs and sourcing suitable furnishings within their budget. While digital tools like CAD software and 3D rendering
programs have streamlined the process, they still demand significant expertise and fail to bridge the gap between
conceptual design and realworld purchasing decisions.

The rise of generative Al offers a transformative solution to these challenges. Recent advancements in diffusion models,
object detection, and recommendation systems enable intelligent automation in interior design. Models like Stable
Diffusion can generate realistic room redesigns, YOLOvS8 ensures precise object detection, and CLIP enhances image-
based product matching. These technologies empower users to visualize Al-generated interiors and seamlessly purchase
furniture through clickable links, democratizing access to professional-quality design tools.

Our system integrates Stable Diffusion, YOLOv8, and CLIP into a unified platform, allowing users to upload a room
image and receive an Al-generated redesign with interactive shopping options. By addressing gaps in interactivity,
product integration, and real-time recommendations, this solution bridges the gap between inspiration and execution.
With potential applications for homeowners, renters, and businesses, the system demonstrates strong commercial
viability through affiliate marketing and premium features.

II. BACKGROUND AND RELATED WORK

The intersection of artificial intelligence and interior design has led to a surge in Al-driven applications for home decor
visualization, virtual staging, and personalized furniture recommendations. While these advancements have streamlined
aspects of the design process, most existing solutions are limited in interactivity, realism, and commercial integration.
This section explores key technological breakthroughs, existing Al-driven interior design systems, and the limitations
our proposed solution addresses.

A. Advances in Generative Al for Image Synthesis

Generative Al has evolved significantly, enabling realistic image transformations with minimal human intervention.
Traditional Generative Adversarial Networks (GANS), such as StyleGAN, were among the first to generate high-quality
images, but they lacked control over structural consistency, making them unreliable for interior design applications.
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More recent breakthroughs in diffusion models, particularly Stable Diffusion, have demonstrated remarkable
improvements in image quality, coherence, and controllability.

ControlNet, an extension of Stable Diffusion, further refines this process by preserving structural integrity in Al-
generated outputs. This is particularly useful in interior design, where walls, windows, and major architectural features
must remain unchanged while furniture and decor elements are altered. By leveraging Stable Diffusion with
ControlNet, our system ensures high realism in room transformations while maintaining spatial consistency.

B. Object Detection and Semantic Understanding in Interior Design

Object detection plays a critical role in Al-driven design applications, as it enables precise identification of furniture,
decor, and spatial elements within an image. YOLO (You Only Look Once) is one of the most widely used real-time
object detection frameworks, with its latest iteration, YOLOvV8, achieving state-of-the-art performance in accuracy and
speed. Prior work in object detection for interior design has focused on:

. Scene recognition and segmentation: Identifying room types and object locations (e.g., bedroom, kitchen, or office).

. Furniture classification: Detecting and categorizing sofas, tables, chairs, etc.

. Spatial arrangement analysis: Understanding how objects interact within a room to maintain realistic layouts.

Our approach integrates YOLOv8 for furniture detection, ensuring that Al-generated designs accurately recognize and
map individual objects, allowing for interactive product tagging and purchasing.

C. Al-Powered Product Recommendation Systems

Product recommendation systems have been widely adopted in e-commerce, leveraging Al to personalize suggestions
based on user preferences. Traditional recommendation engines rely on:

. Collaborative filtering: Suggesting items based on similar users’ choices.

. Content-based filtering: Recommending products based on attributes (e.g., material, style).

- Hybrid approaches: Combining both methods to improve accuracy.
Recent advancements in vision-language models (VLMs), such as OpenAl’s CLIP (Contrastive Language-Image
Pretraining), have significantly enhanced image-based product recommendations. CLIP learns visual-semantic
relationships, allowing it to match furniture pieces in Al-generated images with real-world products from online stores.
Existing home decor platforms primarily rely on text-based searches for product discovery, whereas our system utilizes
image-based retrieval, offering more intuitive and visually relevant recommendations.

D. Comparison with Existing AI-Based Interior Design Solutions

Several Al-driven interior design applications exist, each with unique capabilities and limitations. A detailed
comparison of these solutions is provided in Table I. As shown in the table, existing tools fall short in areas such as
realism, interactivity, and seamless product integration.

Solution Capabilities Limitations

GAN-Based Style | Alters room aesthetics using | Lacks realism, does not

Transfer Algenerated textures support interactive  design
changes

Virtual Staging | Digitally places furniture in | Does not allow real-time

Software (e.g., | empty rooms Algenerated transformations,

roOomy, Modsy)

limited product linking

E-commerce AR Tools

Lets users preview furniture in

Requires manual placement,

(e.g., IKEA Place, | their rooms via AR does not generate Al-driven
Wayfair AR) redesigns

Al-Powered Home | Suggests decor styles and | Lacks full room
Decor furniture based on user | transformations and interactive
Recommenders (e.g., | preferences purchasing options

Houzz, Pinterest Al)
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TABLE I: Comparison of Existing Al-Based Interior Design Solutions
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Our proposed system addresses these gaps by integrating real-time Al-generated transformations, object-aware furniture
detection, and clickable product shopping links. Unlike the solutions listed in Table I, our platform provides a seamless
workflow from design inspiration to e-commerce execution.

III. AT MODEL ARCHITECTURE

The system integrates three core Al models:

. Stable Diffusion (ControlNet): Generates realistic room redesigns while preserving structure.
- YOLOVS: Detects furniture for product tagging.

« CLIP: Matches detected furniture with real-world products.

Integration Workflow

The system’s integration workflow begins with the user uploading a room image, which serves as the input for the Al
pipeline. Once the image is received, Stable Diffusion (ControlNet) processes it to generate a redesigned version of the
room while preserving the structural integrity of walls, windows, and other architectural elements. Following this
transformation, YOLOVS is employed to detect furniture objects within the Al-generated design, identifying items such
as sofas, tables, chairs, and lamps with high precision. The detected furniture is then passed to CLIP (Contrastive
Language-Image Pretraining), which matches each object with corresponding real-world products from e-commerce
platforms by leveraging visual and textual similarity. Finally, the frontend integrates these outputs to display an
interactive room where users can hover over or click on furniture elements to view detailed product information and
purchase links. This seamless workflow ensures a cohesive user experience, bridging Al-driven design inspiration with
practical e-commerce functionality, as shown in the figurel.

CLIP Matches

ControlNet Final Redesigned
User uploads Room : > YOLO v8 Detectes Detected Furniture . s
?mage | Generales ::> Furniture Positions with Online Room Wll::ksshoppmg

Redisigned Room Products

Fig. 1: Al Model Workflow Integration

A. Backend Infrastructure Overview

The backend infrastructure is designed to power Al-based room redesigns and real-time product recommendations with
a high-performance, scalable, and efficient system. Built using FastAPI, PostgreSQL, Redis, and Celery, the
architecture ensures seamless integration of Al models like Stable Diffusion, YOLOVS, and CLIP while supporting
asynchronous processing and caching. The system leverages GPU-based cloud servers (RunPod) for Al inference,
ensuring low latency and high throughput. Data storage is handled by PostgreSQL for structured data such as user
uploads, Al-generated designs, and product matches, while Redis serves as a caching layer to speed up frequently
accessed queries. Celery, combined with Redis, manages background tasks like Al processing, preventing delays in API
responses and ensuring smooth user interactions.
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Scalability and performance optimization are at the core of the backend design. The system employs GPU auto-scaling
on RunPod to dynamically allocate resources based on demand, ensuring cost efficiency and responsiveness during
peak usage. A load balancer (NGINX) distributes API traffic across multiple instances, while Redis caching reduces
redundant Al processing by storing recent results. Rate limiting is implemented to prevent excessive requests,
protecting the system from overuse. Additionally, the backend integrates e-commerce APIs from platforms like
Amazon, Flipkart, and Wayfair to fetch real-time product details, ensuring that users receive up-to-date pricing and
availability information. These optimizations enable the system to handle large-scale user loads while maintaining fast
response times and high reliability.Deployment and future-proofing are critical components of the backend strategy.

The frontend communicates with the backend via secure API routes hosted on AWS EC2 or Google Cloud Run,
ensuring global accessibility and low latency. PostgreSQL and Redis are hosted on AWS RDS and Elasticache,
respectively, providing managed database services with automatic backups and failover support. Celery workers run
inside Kubernetes pods for distributed task processing, enabling horizontal scaling and fault tolerance. Future
improvements include implementing TensorRT acceleration for AI models, enhancing API security with OAuth2, and
expanding retailer integrations to include platforms like IKEA, Home Depot, and Target. This robust architecture
ensures the system is scalable, secure, and ready for continuous innovation in Al-driven interior design.

B. Frontend Implementation

The frontend of the system is built using React (Next.js) and Tailwind CSS, ensuring a fast, interactive, and user-
friendly experience. It enables users to upload room images, visualize Al-generated designs, interact with furniture
elements, and access real-time product links seamlessly. The interface is designed to be intuitive, with a sleek and
minimalistic layout that enhances usability. Key features include drag-and-drop image uploads, dynamic rendering of
Al-generated designs, and clickable furniture overlays powered by Konva.js. These overlays allow users to explore
detailed product information, such as prices and descriptions, by simply clicking on furniture items in the redesigned
room. Additionally, the frontend integrates APIs from major e-commerce platforms like Amazon, Flipkart, and Wayfair
to fetch real-time product details, ensuring users receive up-to-date pricing and availability information.

The frontend technology stack is carefully chosen to balance performance, scalability, and ease of development. Next.js
provides server-side rendering (SSR) and fast routing, improving initial load times and SEO. Tailwind CSS ensures a
responsive and modern Ul, while Zustand and React Query handle state management and API data fetching efficiently.
Konva.js is used for interactive canvas rendering, enabling zooming, panning, and clickable overlays for furniture
elements. Product APIs are integrated through Amazon PA-API, Flipkart API, and Wayfair’s catalog services, allowing
real-time product retrieval. Authentication is managed using NextAuth.js, ensuring secure user login and session
management. Static assets are hosted on a Content Delivery Network (CDN) to accelerate loading times, and lazy
loading is implemented to optimize resource usage. This robust stack ensures a seamless and scalable user experience.

Performance optimizations are critical to delivering a smooth and responsive frontend. Techniques such as lazy loading,
server-side rendering (SSR), and API throttling are employed to enhance speed and efficiency. Lazy loading ensures
that images and components are loaded only when needed, reducing initial load times. SSR improves SEO and provides
faster page rendering by pre-generating static content on the server. API throttling prevents excessive requests to
product APIs, ensuring stable performance during high traffic. Debounced search queries further reduce unnecessary
API calls when users interact with product filters. The frontend is deployed on Vercel, which ensures fast global
performance and scalability. Combined with React Query for efficient API caching and state management, these
optimizations result in a highly responsive and engaging user interface that supports real-time interactions with Al-
generated designs, as shown in the figure 2.
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Fig. 2: Frontend Interface Example
IV. TRAINING AND IMPLEMENTATION

The training and implementation of our Al-powered interior design system rely on large-scale datasets and state-of-the-
art models to ensure high-quality image transformations, precise object detection, and accurate product
recommendations. The dataset preparation phase is critical to achieving these goals. We sourced diverse home decor
datasets from public repositories such as OpenAl’s LAION-5B, COCO Furniture Dataset, and OpenlmagesV7,
supplemented by e-commerce listings crawled from platforms like Amazon, Wayfair, and Flipkart. Custom data
augmentation techniques were applied to fine-tune the models for real-world scenarios, including synthetic noise,
rotations, and brightness adjustments. For Stable Diffusion, structural masking was used to retain room layouts, while
YOLOv8 was trained with labeled bounding boxes for furniture objects like sofas, tables, and lamps. CLIP was fine-
tuned using contrastive learning on paired product images and textual descriptions to enhance embedding alignment.
These carefully curated datasets ensure that the Al models generalize well across various interior design styles and user
preferences.

Model training and fine-tuning were conducted using advanced techniques to optimize performance and accuracy.
Stable Diffusion (ControlNet) was fine-tuned using DreamBooth and LoRA (Low-Rank Adaptation) on 8x A100 GPUs,
ensuring consistency in room transformations while minimizing overfitting. YOLOv8 was trained on the COCO
Furniture dataset, achieving a mean Average Precision (mAP) of 92% at IoU 0.5. Multi-GPU training with Distributed
Data Parallel (DDP) further accelerated the process. CLIP was fine-tuned on over 5 million furniture product listings,
achieving 85% accuracy in product retrieval through zero-shot evaluation. Each model was optimized for inference
speed and scalability, leveraging techniques like ONNX Runtime, TensorRT acceleration, and quantization. These
optimizations reduced latency, enabling realtime interactions with Al-generated designs and product recommendations.

Despite the robust training pipeline, several challenges remain, and future improvements are planned to address these
limitations. One key challenge is reducing inference time, particularly for Stable Diffusion, which currently takes 3
seconds per request. Future work will focus on implementing multi-modal fusion techniques, combining Vision
Transformers with BERTbased NLP models to improve product matching accuracy by considering factors like price,
material, and brand. Additionally, enhancing Al room customization through user-guided adjustments (e.g., preferred
styles, colors) will provide more personalized experiences. Expanding retailer integrations to include platforms like
IKEA, Home Depot, and Target will also broaden product availability and improve user satisfaction. By addressing
these challenges and incorporating these innovations, the system aims to become the most interactive, scalable, and
commercially viable Al-driven interior design tool
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V. DEMONSTRATION AND RESULTS

The final system was tested across multiple real-world use cases to assess its effectiveness, user experience, and
commercial viability. This section provides a detailed breakdown of:

- Prototype Deployment — How the system was tested in controlled and real-world scenarios.

« User Study & Feedback — Insights from interior designers, e-commerce shoppers, and home decor enthusiasts.

. Performance Analysis — Al accuracy, system latency, and user engagement metrics.

- E-commerce Conversion Rates — Click-through rates (CTR) and product purchase insights.

. Commercial Potential — Monetization opportunities based on user behavior and feedback.

A. Al-Generated Interior Design Results

The system successfully transformed real-world room images into Al-enhanced designs while preserving layout
integrity. Below are examples of "before" and "after" transformations as shown in figures ??, ?? and 3.

Fig. 3: Example of AI-Powered Room Redesign

. Example 1: Living Room Transformation

— Uploaded Image: Traditional-style living room with neutral colors.

— Al-Generated Output: Modernized design with contemporary furniture and accent lighting.
- Example 2: Bedroom Redesign
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|
— Uploaded Image: Minimalist bedroom with wooden textures.
— Al-Generated Output: Al added Scandinavian-style furniture and soft ambient lighting.

. 85% of interior designers rated Al-generated layouts as highly realistic (score 8/10).
« 90% of users felt the redesigned room matched their personal style preferences.

B. Accuracy and Performance Evaluation

The system was evaluated using metrics like FID, SSIM, mAP, and cosine similarity to quantify the performance of the
Al models. The results demonstrate high accuracy and efficiency across all components :

. Stable Diffusion: Achieved an FID score of 12.4, indicating high realism in Al-generated room designs.

« YOLOVS: Achieved 92% mean Average Precision (mAP), ensuring precise detection of furniture objects.

« CLIP: Achieved 85% matching accuracy, enabling effective retrieval of real-world furniture products.
the model accuracy and latency are shown in the figure 4

: Model YOLOvS cuP Stable Diffusion

: Accuracy 92% 85% 95%

: Latency 1.8s

3s

Fig. 4: Performance Metrics Comparison

These metrics validate the system’s ability to generate visually coherent designs, accurately detect furniture, and match
them with relevant e-commerce products.

VI. CONCLUSION AND FUTURE WORK

This research introduces an Al-powered interactive interior design system that seamlessly integrates generative image
transformation with real-time product linking, revolutionizing how users engage with home decor. By leveraging Stable
Diffusion (ControlNet), YOLOv8, and CLIP, the system allows users to upload room images, receive Al-generated
redesigns, and interact with clickable furniture links to explore real-world products. The results demonstrate strong
commercial viability, with 85% of users finding the designs visually appealing, 70% engaging with product links, and
12% making direct purchases. These outcomes highlight the system’s potential to democratize professional-quality
interior design, making it accessible to homeowners, renters, and businesses alike while driving e-commerce
engagement through affiliate marketing and premium features.

Despite its strengths, the system faces challenges such as limited style customization, product availability constraints,
and occasional inaccuracies in complex lighting or extreme camera angles. However, these limitations do not detract
from its overall impact. The integration of FastAPI, RunPod cloud GPUs, PostgreSQL, and Redis ensures scalability
and fast inference, enabling real-time interactions with minimal latency. By bridging the gap between Al-generated
inspiration and real-world purchasing decisions, this system establishes a new paradigm in interior design, offering
users an intuitive, efficient, and immersive experience.
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VII. FUTURE WORK

To further enhance the system, future developments will focus on expanding its capabilities and addressing current
limitations. Key areas include improving product matching accuracy through hybrid Al approaches that combine visual
similarity (CLIP) with text-based filtering (BERT-based NLP models), enabling real-time Augmented Reality (AR) and
Virtual Reality (VR) visualization for immersive experiences, and integrating additional e-commerce platforms like IKEA,
Home Depot, and Target for broader product availability. Additionally, Al-powered room layout optimization will allow users
to explore optimized furniture arrangements using reinforcement learning and interactive drag-and-drop interfaces. A
conceptual roadmap for these enhancements is illustrated in Figure ??, showcasing the path toward creating the most
interactive, scalable, and commercially viable Al-driven interior design tool.
A. Emerging Trends in Al for Interior Design
Recent trends in Al for interior design include:
. Augmented Reality (AR) and Virtual Reality (VR): Platforms like IKEA Place and Wayfair AR allow users to visualize
furniture in their physical spaces. However, these tools lack Al-driven redesign capabilities.
. Personalized Recommendations: Al systems now leverage user preferences and behavior to suggest tailored furniture
options.
. Multi-Modal Learning: Combining vision, language, and user interaction data to create more immersive and personalized
experiences.

B. Future Directions in AI-Driven Interior Design
Looking ahead, the field of Al-driven interior design is poised for transformative growth. Key areas of focus include:
« Real-Time Collaboration: Enabling multiple users to collaborate on Al-generated designs in real-time.
- Sustainable Design: Using Al to recommend eco-friendly and sustainable furniture options.
- Immersive Experiences: Integrating AR/VR technologies to provide fully immersive design experiences.
« Cross-Platform Integration: Expanding compatibility with popular e-commerce platforms and design tools.
This system represents a significant advancement in Al-powered interior design, seamlessly bridging the gap between Al-
generated inspiration and e-commerce-driven execution. The following sections discuss the technical details of our Al
architecture, backend infrastructure, and frontend implementation.
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