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Abstract: This paper introduces an innovative recipe recommendation system that 

integrates a vision model with a large language model (LLM) enhanced by Retrieval-

Augmented Generation (RAG) and a suite of specialized AI agents within a graph-

based architecture. The system provides personalized recipe suggestions based on 

users’ dietary preferences, ingredient availability, and cooking skill levels. It highlights 

the ability to deliver ground truth recipes without hallucination or fabrication by 

leveraging RAG for verified data retrieval and a Hallucination Grader agent to ensure 

accuracy. The vision component utilizes YOLO v11, selected for its high accuracy in 

image-based ingredient detection, which seamlessly feeds data into the 

recommendation pipeline. The LLM, augmented with a RAG model for web scraping 

and local data storage, is supported by seven AI agents: an Input Preprocessing Agent 

for initial input processing, a Data Source Router Agent for data retrieval, a Recipe 

Relevance Grader for context validation, a Recipe Suggestion Generator for response 

creation, a Hallucination Grader to minimize fabrications, a Recommendation Quality 

Assessor for quality assessment, and a Question Re-writer Agent to refine queries. 

Drawing from multi-agent frameworks in recommendation systems (e.g., Zhang et al., 

2023), these agents enhance personalization, accuracy, and user trust through iterative 

evaluation and optimization within the graph-based workflow. Furthermore, the system 

excels in adapting to user conversations, ensuring dynamic and contextually relevant 

interactions that improve the overall user experience, and can scrape recipes from the 

web to continuously enrich the RAG database with diverse culinary content. 

Experimental results from a pilot study in Noida, India, underscore the system’s 

effectiveness, with metrics like a 78% Click-Through Rate and 4.6/5 User Ratings, 

presenting a robust solution for adaptive culinary assistance. 

Keywords: Recipe recommendation, Computer vision, Large language models, 

Retrieval-augmented generation, Multi-agent systems, YOLO v11, Personalization. 
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2. Introduction 

2.1 Overview of the System 

This research introduces a groundbreaking recipe recommendation system that 

harnesses the power of artificial intelligence, with a central focus on a conversational 

large language model (LLM) integrated into a sophisticated multi-agent framework, 

designed to transform personalized culinary assistance. The system leverages vision 

models, notably YOLO v11, to extract detailed ingredient information from images 

with high accuracy, minimizing user effort by automating the initial data input 

process. The LLM serves as the conversational backbone, engaging users in natural 

dialogues to elicit nuanced preferences, including dietary restrictions (e.g., gluten-

free or vegan diets), cuisine preferences (e.g., Italian or Indian), and health-related 

goals (e.g., low-calorie or high-protein options). This interactive capability is 

augmented by a multi-agent system comprising specialized agents that 

collaboratively optimize the recommendation process. These agents include an 

Input Preprocessing Agent for structuring user inputs, a Data Source Router Agent 

for selecting data sources, a Recipe Relevance Grader for evaluating retrieved data, 

a Recipe Suggestion Generator for crafting outputs, a Hallucination Grader for 

ensuring feasibility and minimizing fabrication, a Recommendation Quality Assessor 

for assessing quality, and a Question Re-writer Agent for refining queries. Notably, 

the system addresses common issues in recipe generation by existing LLMs, such as 

fabrication and hallucination, through the Hallucination Grader agent, which ensures 

that recommendations are grounded in verified data. Supported by a vector 

database for real-time similarity-based matching of ingredients and recipes, the 

system delivers adaptive recommendations considering available ingredients, 

personal preferences, and contextual factors like nutritional balance and cultural 

relevance. This integration of computer vision, natural language processing, and 

intelligent task delegation aims to elevate user experience, empower informed 

dietary decision-making, and establish a new paradigm for AI-driven food 

recommendation systems. 

 

2.2 Problem Statement 

The problem this system addresses is multifaceted, reflecting challenges faced by 

diverse user groups in the culinary landscape. Beginners often struggle with 

selecting ingredients and interpreting complex instructions, health-conscious 

individuals face difficulties in finding recipes aligned with specific dietary needs, 

busy professionals lack efficient solutions for quick meal preparation, and users with 

allergies encounter systems that fail to dynamically filter allergens. Culturally 

diverse users frequently receive recommendations neglecting heritage preferences, 

limiting inclusivity. Our system tackles these issues with a scalable, user-centric 

approach, featuring a Data Source Router Agent that intelligently selects between 

web searches and vector storage to retrieve the most relevant data, ensuring 
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comprehensive and up-to-date recipe information. Additionally, web-sourced data 

is stored in the Retrieval-Augmented Generation (RAG) framework for future use, 

enhancing the system's efficiency and adaptability. By addressing these gaps, this 

system improves accessibility and sets a benchmark for future AI-powered culinary 

technology, catering to a global user base. 

 

3. Literature Survey 

3.1 Background and Motivation 

In today’s digital era, the overwhelming volume of culinary information available 

online poses a significant challenge for users seeking relevant recipes. Traditional 

recipe recommendation systems often require users to manually input ingredients 

and preferences, a process that is not only time-consuming but also prone to errors, 

as users may overlook key details or struggle with articulating their needs. 

Moreover, these systems frequently fail to capitalize on visual data, such as photos of 

ingredients in a user’s pantry, which could streamline the input process and 

enhance personalization. Your research is motivated by the need to overcome these 

limitations by integrating advanced AI technologies, specifically computer vision for 

automated ingredient detection and large language models (LLMs) for 

conversational, personalized recipe suggestions. This dual approach aims to reduce 

user effort and improve the relevance of recommendations, setting the stage for a 

transformative culinary assistance tool. 

 

3.2 Problem and Solution 

The core problems with existing recipe recommendation systems include their 

heavy reliance on manual input as shown in (figure 1), inadequate processing of 

visual data, and a lack of adaptability to users’ evolving needs, such as dietary 

restrictions or ingredient availability. For instance, many systems cannot 

dynamically adjust suggestions based on real-time changes in a user’s kitchen 

inventory or personal health goals. Your proposed solution tackles these issues 

head-on by employing YOLO v11, a state-of-the-art object detection model, to 

automatically identify ingredients from uploaded images, thereby eliminating the 

need for manual entry. Additionally, the system integrates an LLM enhanced with 

Retrieval-Augmented Generation (RAG) to provide tailored recipe suggestions that 

account for user-specific factors like diet, skill level, and cultural preferences. A 

multi-agent framework further optimizes the process by delegating tasks to 

specialized agents, ensuring efficient handling of complex user queries and 

delivering contextually relevant outputs. This comprehensive solution allows users 

to interact with the system naturally—uploading images and engaging in dialogue—
while receiving adaptive recommendations that evolve with their needs. 
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Figure 1:Existing recipe recommendation systems 

 

3.3 Unexpected Detail 

An intriguing and unexpected benefit of your multi-agent system is its capacity to 

significantly enhance the reliability and user-friendliness of the recommendation 

process. Unlike typical recipe applications that provide static outputs, your system 

incorporates agents dedicated to specific roles, such as validating the accuracy of 

recipe information and rewriting unclear user queries for better understanding. This 

iterative, collaborative approach not only minimizes errors and fabrications but also 

ensures that user interactions are smooth and intuitive, a feature rarely seen in 

existing culinary tools. This unexpected advantage underscores the potential of 

multi-agent architectures to elevate user trust and engagement beyond conventional 

expectations. 

 

3.4 Overview 

This subsection sets the scope for a detailed exploration of research relevant to your 

recipe recommendation system. It covers critical areas such as computer vision for 

ingredient detection, natural language processing with LLMs and RAG, multi-agent 

systems for task coordination, vector databases for efficient data retrieval, dietary 

personalization, and real-time adaptation to user contexts. Drawing from high-

quality sources in SCI and SCOPUS-indexed journals and conferences, the survey 

synthesizes key findings to highlight gaps in the field. Notably, it identifies the lack 

of integrated systems that combine vision models with conversational LLMs, as well 

as the limited focus on cultural adaptability and dynamic updates in recipe 

suggestions. Your project directly addresses these deficiencies by proposing a 

holistic framework that unifies these technologies, offering a novel contribution to 

the domain of AI-driven culinary assistance. 
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3.5 Recommendation systems 

Recommendation systems have become indispensable in navigating the vast digital 

landscape, particularly in the food domain where personalization is paramount. 

Recipe recommendation systems aim to filter and suggest recipes tailored to user 

preferences, available ingredients, and specific needs. While advancements in AI, 

including computer vision and LLMs, have opened new avenues for innovation, 

significant challenges persist in creating cohesive, adaptive solutions that cater to 

diverse user groups. This subsection provides an entry point into the field, outlining 

current practices and emphasizing the gaps that hinder truly personalized culinary 

experiences. Your system builds on this foundation by integrating multiple AI 

modalities to address these shortcomings, positioning itself as a pioneering 

approach in the evolution of recommendation technologies. 

 

3.6 Computer Vision for Ingredient Detection 

Computer vision plays a pivotal role in automating ingredient detection from 

images, significantly reducing the burden of manual input. YOLO v11, a cutting-

edge model in object detection, has demonstrated exceptional accuracy in food 

recognition tasks, as evidenced by studies like Azurmendi et al. (2023), which 

achieved high precision in detecting ingredients on cooktops. Similarly, Yumang 

and Banguilan (2021) applied YOLO to assist visually impaired users with food 

identification, showcasing its practical utility. However, challenges remain, as noted 

by Dewantara and Devy (2021), who highlight difficulties in distinguishing 

ingredients with inter-class similarities or against complex backgrounds. These 

limitations underscore the need for robust, fine-tuned vision models that can 

generalize across diverse real-world scenarios. Your system addresses this gap by 

leveraging YOLO v11 with specific optimizations for ingredient detection, ensuring 

reliable performance even in challenging visual contexts, thus enhancing the 

automation and accuracy of the recommendation pipeline. 

 

3.7 Natural Language Processing with LLMs and RAG 

The advent of LLMs has transformed recipe recommendation by enabling 

contextually relevant, conversational interactions with users. Research by Xia et al. 

(2024) explores how LLMs can generate personalized recipe suggestions, while the 

introduction of RAG by Lewis et al. (2020) enhances factual accuracy by grounding 

responses in external knowledge bases. Despite these advancements, the 

integration of LLMs with vision models remains underexplored, limiting the ability to 

process visual inputs alongside textual queries. Forster et al. (2025) further note that 

while RAG shows promise, its application in real-time adaptation for recipe systems 

is insufficient. Your proposed framework overcomes these limitations by combining 

an RAG-enhanced LLM with vision inputs from YOLO v11, enabling dynamic, 
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context-aware responses that adapt to both user dialogue and visual data, thereby 

offering a more seamless and accurate recommendation experience. 

 

3.8 Multi-Agent Systems for Recommendation 

Multi-agent systems offer a powerful approach to collaborative problem-solving in 

recommendation contexts by distributing tasks among specialized agents. Studies 

like Dong et al. (2024) demonstrate how such systems improve recommendation 

accuracy through task specialization, while Yang et al. (2024) highlight their ability 

to adaptively learn user preferences over time. However, as suggested by Bo et al. 

(2024), the application of multi-agent frameworks in recipe recommendation 

remains nascent, with many systems relying on static, non-collaborative methods. 

Your system capitalizes on this opportunity by deploying a graph-based multi-agent 

architecture with seven distinct agents—ranging from input preprocessing to recipe 

validation—working iteratively to optimize personalization and accuracy. This 

approach not only fills the gap in applying multi-agent systems to culinary 

recommendations but also sets a new standard for dynamic, user-centric solutions. 

 

3.9 Vector Database Applications 

Vector databases are critical for efficient storage and retrieval of data in 

recommendation systems, enabling rapid similarity searches for ingredients and 

recipes. Research by Salemi et al. (2024) and Chen et al. (2024) emphasizes their 

scalability in handling recipe embeddings, which supports fast, relevant 

suggestions. However, a significant limitation lies in their reliance on pre-computed 

embeddings, which hinders real-time adaptation to changes in ingredient 

availability or user preferences. Your system bridges this gap by incorporating 

dynamic updates to the vector database, ensuring that recommendations reflect the 

most current user context, such as newly uploaded ingredient images or updated 

dietary needs. This real-time capability enhances the practicality of your solution in 

dynamic kitchen environments. 

 

3.10 Dietary Personalization 

Personalizing recommendations to align with users’ dietary needs is essential for 

enhancing satisfaction and usability. Jeong et al. (2024) propose systems that project 

user preferences into nutritional recommendations, while Tonmoy et al. (2024) 

integrate LLMs to provide dietary advice. Despite these efforts, proactive 

identification of allergens and cultural adaptability remain underdeveloped, often 

leaving users with irrelevant or unsafe suggestions. Your system addresses these 

issues by leveraging RAG for context-aware retrieval of recipes that account for 

dietary restrictions, allergies, and cultural preferences, ensuring inclusivity and 

relevance. This focus on comprehensive personalization distinguishes your 
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approach from existing solutions that often prioritize generic recommendations over 

tailored outputs. 

 

3.11 Real-Time Adaptation 

Real-time adaptation is crucial for maintaining the relevance of recommendations in 

response to dynamic user contexts. Ding et al. (2024) stress the importance of low-

latency systems for immediate suggestions, yet many recipe recommendation 

platforms rely on static databases that fail to adjust to real-time changes in 

ingredient availability or user needs. This lack of adaptability limits their 

effectiveness in practical scenarios. Your system incorporates mechanisms for real-

time updates, using vector databases and conversational feedback via the LLM to 

adjust recommendations on the fly, addressing health, cultural, and inventory 

considerations. This capability ensures that users receive suggestions that are not 

only relevant at the moment of query but also adaptable to ongoing changes, a 

significant advancement over static systems. 

 

3.12 Recipe Recommendation Systems 

This subsection delves into specific studies on recipe recommendation systems, 

revealing a variety of methodologies and persistent challenges. A systematic review 

by ScienceDirect (2023) of 67 studies indicates that most systems employ content-

based filtering and machine learning, often using datasets like Allrecipes, but 

frequently overlook personal attributes, thus limiting personalization. The 

Hierarchical Graph Attention Network (HGAT) by Frontiers in Big Data (2022) shows 

impressive performance improvements in Recall@K and MRR on user-recipe 

interaction datasets, yet it lacks integration with visual inputs. Qualitative analyses, 

such as those in Academia.edu (2022), focus on flavor similarity and health benefits 

for specific cuisines like Chinese, but miss quantitative rigor. Ingredient-based 

systems using OpenCV, as in Academia.edu (2021), prioritize co-occurrence without 

considering user context, while visual recognition systems from ResearchGate 

(2014) achieve an 83.93% recognition rate for a limited set of 30 ingredients. 

Additional reviews, such as arXiv (2019), identify cold-start and nutritional accuracy 

issues, and ResearchGate (2020) explores health tags without detailed metrics. 

Lastly, TF-IDF-based systems in ITM Web of Conferences (2022) show marginal 

accuracy gains for Indian cuisine but lack vision and real-time adaptation. These 

studies collectively highlight critical gaps in personalization, vision integration, and 

dynamic updates—areas where your multimodal system excels by combining YOLO 

v11, RAG-enhanced LLMs, and a multi-agent framework to deliver a more 

comprehensive solution. 
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3.13 Comparative Analysis 

A detailed comparative table in this paper contrasts key studies and technologies in 

recipe recommendation systems, outlining their focus areas, methodologies, 

performance highlights, and limitations. For instance, while the RECipe framework 

by Pesaranghader and Sajed (2023) achieves comparable performance to neural 

recommendation systems with a Hit@10 of 0.065 and supports multi-modal inputs 

(image, text, behavior), it lacks conversational personalization and real-time 

adaptation. Other systems, such as those reviewed in ScienceDirect (2023), often 

ignore personal attributes, and visual recognition studies from ResearchGate (2014) 

are limited by ingredient scope. Your proposed system stands out by integrating 

vision with LLMs, enabling real-time adaptability, and personalizing 

recommendations for cultural and health contexts, addressing the shortcomings of 

existing approaches through a unified, innovative architecture. 

The table below compares key studies and technologies in recipe recommendation 

systems, illustrating strengths and weaknesses. Existing systems fall short in 

integrating vision with LLMs, adapting in real time, and personalizing for cultural 

and health contexts—areas our proposed system excels in through its 

comprehensive framework. 

 

Table 1: Key studies and technologies in recipe recommendation systems 

Study/Technol

ogy 

Focus Area Methodology/

Dataset 

Performance 

Highlights 

Limitations/ 

Gaps 

A systematic 

review on food 

recommender 

systems 

(ScienceDirect, 

2023) [22] 

Food 

Recommender 

Systems 

Overview 

Systematic 

review of 67 

studies 

Most use 

content-based 

filtering, ML; 

Allrecipes 

common data 

source 

Personal 

attributes often 

ignored, 

limiting 

personalization 

Recipe 

Recommendati

on With 

Hierarchical 

Graph 

Attention 

Network 

(Frontiers in 

Big Data, 2022) 

[23] 

Graph-Based 

Recommendati

on 

HGAT on 

custom user-

recipe 

interaction 

dataset 

Recall@K 

+5.42% to 

+9.53%, MRR 

+5.42% to 

+6.67% over 

baselines 

Limited focus 

on visual input 

or real-time 

adaptation 
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Recipe 

Recommendati

on 

(Academia.edu

, 2022) [24] 

Flavor and 

Health-Based 

Recommendati

on 

Qualitative 

analysis for 

Chinese 

cuisines 

Emphasizes 

diet changes 

for lifestyle 

diseases 

Lacks 

quantitative 

results, no 

vision 

integration or 

personalization 

depth 

Recipe 

Recommendati

on Based on 

Ingredients 

using Machine 

Learning 

(Academia.edu

, 2021) [25] 

Ingredient-

Based 

Recommendati

on 

OpenCV and 

image 

processing for 

detection 

Focus on 

ingredient co-

occurrence 

frequency 

No detailed 

results, limited 

to ingredient 

detection 

without user 

context 

A Cooking 

Recipe 

Recommendati

on System with 

Visual 

Recognition of 

Food 

Ingredients 

(ResearchGate, 

2014) [26] 

Visual 

Ingredient 

Recognition 

Recognition 

rate and user 

study on 30 

ingredients 

83.93% 

recognition 

rate for top six 

candidates 

Limited 

ingredient 

scope, no 

advanced 

personalization 

or cultural 

adaptation 

Food 

Recommendati

on: 

Framework, 

Existing 

Solutions and 

Challenges 

(arXiv, 2019) 

[27] 

Food 

Recommendati

on Challenges 

Literature 

review on 

system 

challenges 

Identifies cold-

start, 

nutritional 

accuracy 

issues 

No quantitative 

results, lacks 

practical 

implementatio

n or vision 

integration 

A 

Recommender 

System for 

Healthy and 

Personalized 

Recipe 

Recommendati

Health-Based 

Personalization 

User studies on 

healthy tag 

influence 

Explores 

impact of 

healthy tags on 

selection 

No detailed 

metrics, 

limited to 

health tags 

without 

broader 

context 
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ons 

(ResearchGate, 

2020) [28] 

awareness 

Recipe 

Recommendati

on System 

Using TF-IDF 

(ITM Web of 

Conferences, 

2022) [29] 

Text-Based 

Recommendati

on 

TF-IDF vs. Bag 

of Words on 

Indian cuisine 

dataset 

TF-IDF 

marginally 

outperforms 

BoW in 

accuracy 

No specific 

metrics (e.g., 

precision), 

lacks vision or 

real-time 

adaptation 

RECipe 

Framework 

(Pesaranghade

r & Sajed, 

2023) [30] 

Multi-Purpose 

Recipe 

Recommendati

on 

Multi-modal 

knowledge 

graph (KGE, 

KG-VAE) on 

Food.com, 

Allrecipes.com 

Comparable to 

neural RS 

(Hit@10: 

0.065), 

supports 

image/text/be

havior RS 

Limited real-

time 

adaptation, 

lacks 

conversational 

personalization 

 

3.14.Inference 

The Literature Survey concludes by acknowledging the progress made in individual 

components of recipe recommendation systems, such as computer vision, LLMs, and 

personalization techniques. However, it emphasizes persistent gaps in integrating 

vision with conversational models, ensuring cultural adaptability, adapting to real-

time ingredient changes, and supporting diverse dietary needs. Your project 

directly tackles these deficiencies by combining YOLO v11 for accurate ingredient 

detection, RAG-enhanced LLMs for factual and personalized responses, multi-agent 

coordination for task optimization, and vector databases for dynamic data handling. 

This integrated approach offers a scalable, adaptive solution that meets the diverse 

needs of users worldwide, positioning your research as a significant step forward in 

AI-driven culinary technology. 

 

4. Related Work 

This section reviews existing literature and systems relevant to recipe 

recommendation, computer vision in food recognition, and multi-agent AI 

frameworks, highlighting gaps that our proposed system addresses. Traditional 

recipe recommendation systems, such as those by Freyne and Berkovsky (2010), 

primarily relied on collaborative filtering and content-based approaches, focusing 

on user ratings and recipe metadata. However, these systems often lacked 

personalization for dietary restrictions and ingredient availability, limiting their 

utility for diverse user needs. Advances in computer vision, particularly with 
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convolutional neural networks (CNNs) like ResNet and Inception, have enabled food 

item recognition from images, as demonstrated by works like Martinel et al. (2018), 

though integration with conversational systems for recipe suggestions remains 

underexplored. Large language models (LLMs) have revolutionized conversational 

AI, with applications in personalized recommendations (e.g., Zhang et al., 2021), yet 

standalone LLMs often suffer from hallucination, generating unfeasible recipes 

without grounding in verified data. Multi-agent systems in AI, such as those 

proposed by Gao et al. (2022), offer collaborative task-solving frameworks, but their 

application to culinary recommendation systems is nascent. Retrieval-Augmented 

Generation (RAG), introduced by Lewis et al. (2020), mitigates LLM limitations by 

integrating external knowledge bases, though its use in real-time recipe adaptation 

is limited. Our system builds on these foundations by combining YOLO v11 for 

ingredient detection, a RAG-enhanced LLM for data reliability, and a multi-agent 

graph-based architecture for iterative optimization, addressing gaps in 

personalization, accuracy, and user trust. 

 

5. System Architecture 

5.1 Overview 

The proposed recipe recommendation system is a sophisticated multimodal 

framework that integrates computer vision, natural language processing (NLP), and 

a multi-agent AI structure within a graph-based architecture to deliver highly 

personalized culinary suggestions as shown in (Figure 2). This system is engineered 

to address the limitations of traditional recipe recommendation platforms by 

automating ingredient detection, ensuring data reliability, and optimizing user 

interaction through a collaborative agent-based approach. The architecture is 

designed to be scalable, adaptive, and user-centric, leveraging cutting-edge 

technologies to transform the culinary assistance landscape. Below, I will detail each 

core component, their specific roles, the data flow between them, and how they 

collectively contribute to the system's functionality. 

 

 

 

 

 

 

Figure 2: Proposed recipe recommendation system 
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5.2 Core Components 

5.2.1 Vision Model: YOLO v11 for Ingredient Detection 

The system begins with a vision component powered by YOLO v11, a state-of-the-art 

object detection model renowned for its high accuracy and real-time processing 

capabilities. YOLO v11 is specifically fine-tuned to detect and identify ingredients 

from user-uploaded images, such as photographs of pantry items or raw food 

materials. This automation significantly reduces user effort by eliminating the need 

for manual input of ingredient lists. The model is trained on a diverse dataset of food 

images to recognize a wide range of ingredients (e.g., tomatoes, potatoes, broccoli) 

even in challenging scenarios involving complex backgrounds or overlapping 

items, addressing limitations noted in prior studies like Dewantara and Devy (2021). 

Once ingredients are detected, the system extracts their labels and confidence 

scores, which are then passed as structured data to the subsequent stages of the 

recommendation pipeline. This component serves as the entry point for multimodal 

input, bridging visual data with textual processing. 

 

5.2.2. Conversational Large Language Model (LLM) with Retrieval-Augmented 

Generation (RAG) 

At the heart of the system lies a conversational LLM, enhanced by Retrieval-

Augmented Generation (RAG), which acts as the primary interface for user 

interaction and recipe generation. The LLM, based on advanced models like those 

discussed by Xia et al. (2024), facilitates natural dialogue with users, eliciting 

nuanced preferences such as dietary restrictions (e.g., vegetarian, gluten-free), 

cooking skill levels (e.g., beginner, expert), and cultural cuisine preferences (e.g., 

Italian, Indian). The RAG framework, inspired by Lewis et al. (2020), augments the 

LLM by integrating external knowledge sources to ensure factual accuracy and 

mitigate hallucination risks—a common issue in standalone LLMs. RAG operates by 

scraping relevant recipe data from the web in real-time and storing it in a local 

vector database for efficient retrieval. This dual approach allows the system to 

access both up-to-date online content and a curated repository of verified recipes, 

ensuring that recommendations are grounded in reliable information. The LLM 

processes user queries alongside the ingredient data from YOLO v11, generating 

contextually relevant responses that are further refined by the multi-agent system. 

 

5.2.3. Vector Database for Real-Time Data Management 

A critical supporting component is the vector database, implemented using 

technologies like Chroma (as seen in the provided ai_agent_service.py), which 

enables real-time similarity-based matching of ingredients and recipes. The 

database stores embeddings of recipes, ingredients, and user preferences, created 

using embedding models such as NomicEmbeddings. This setup facilitates rapid 

retrieval of relevant content by comparing vector representations, ensuring low-
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latency responses even with large datasets. The vector database is dynamically 

updated with web-scraped data via RAG, as well as user interaction history, allowing 

the system to adapt to changing ingredient availability or evolving user needs. This 

addresses limitations in static databases noted by Salemi et al. (2024), providing a 

foundation for real-time adaptation in dynamic kitchen environments. The database 

serves as a central repository accessed by multiple agents to fetch contextually 

appropriate data for recipe recommendations. 

 

5.2.4. Multi-Agent Framework within a Graph-Based Architecture 

The system's intelligence is significantly enhanced by a multi-agent framework 

operating within a graph-based workflow, designed to distribute tasks among 

specialized AI agents for iterative optimization. This architecture, inspired by multi-

agent systems in recommendation contexts (e.g., Dong et al., 2024), comprises 

seven distinct agents, each with a specific role in the recommendation process. The 

graph-based structure, implemented using tools like LangGraph (as seen in the 

code), models the interactions between agents as nodes and edges, enabling 

seamless data flow and feedback loops. This setup ensures that each agent can focus 

on its designated task while collaborating with others to refine outputs, enhancing 

personalization, accuracy, and user trust. Below, I elaborate on each agent's 

functionality and their interconnected roles within the system. 

 

1. Input Preprocessing Agent: This agent is responsible for structuring and 

normalizing user inputs, including both textual queries from the conversational 

LLM and visual data from YOLO v11. It processes raw inputs—such as user 

messages and detected ingredient lists—into a standardized format suitable for 

downstream processing. For instance, it extracts key terms from user queries 

(e.g., "vegetarian pasta") and pairs them with detected ingredients (e.g., 

"tomato, pasta") to create a coherent input profile. This agent ensures that 

subsequent agents receive clean, actionable data, minimizing errors in 

interpretation. 

 

2. Data Source Router Agent: Tasked with selecting the most appropriate data 

source for retrieving recipe information, this agent decides between web 

searches (via tools like TavilySearchResults) and the local vector database based 

on the query's context and freshness requirements. As detailed in the 

ai_agent_service.py file, it uses a binary routing mechanism to determine the 

optimal source, ensuring that the system accesses the most relevant and up-to-

date content. For example, for a niche dietary request, it may prioritize web 

scraping to fetch current recipes, while for common ingredients, it leverages the 

vector database for speed. Web-sourced data is subsequently stored in the RAG 

framework for future use, enhancing system efficiency. 
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3. Recipe Relevance Grader: This agent evaluates the contextual relevance of 

retrieved recipes to the user's query and detected ingredients. Using a binary 

scoring system ('yes' or 'no'), as implemented in the code, it filters out irrelevant 

or erroneous retrievals by assessing keyword alignment and thematic 

consistency. For instance, if a user requests a vegan dish and a retrieved recipe 

includes meat, this agent flags it as irrelevant. This step ensures that only 

pertinent recipes proceed to the generation phase, maintaining the quality of 

recommendations. 

 

4. Recipe Suggestion Generator: Responsible for crafting tailored recipe outputs, 

this agent synthesizes data from the LLM, user preferences, and filtered recipes 

to generate personalized suggestions. It formats responses in a user-friendly 

structure (e.g., listing ingredients, instructions, prep time) as seen in the RAG 

chain prompt template in the code. The agent considers factors like dietary 

restrictions, skill level, and cultural context to ensure the recipe aligns with user 

needs, producing outputs that are both practical and appealing. 

 

5. Hallucination Grader (Recipe Validity Checker): This agent addresses the 

critical issue of fabrication and hallucination in LLM-generated content by 

verifying the feasibility and accuracy of recipe suggestions. As outlined in the 

ai_agent_service.py file, it uses a binary scoring mechanism to check if the 

generated recipe is grounded in the retrieved data or documents. If a recipe 

includes unverified or implausible steps (e.g., unrealistic cooking times or 

ingredient combinations), it flags the output for regeneration, ensuring user trust 

and reliability. This aligns with the system's goal of delivering ground truth 

recipes without fabrication. 

 

6. Recommendation Quality Assessor: This agent evaluates the overall quality of 

the generated recommendations, assessing whether they effectively resolve the 

user's query. It uses a binary scoring system to determine if the output is useful, 

considering factors like clarity, completeness, and alignment with user intent. If 

the recommendation falls short (e.g., lacks detailed instructions), it triggers a 

feedback loop to refine the output, ensuring high user satisfaction as evidenced 

by the 4.6/5 ratings in the Noida pilot study. 

 

7. Question Re-writer Agent: To optimize retrieval and user interaction, this agent 

refines user queries for improved clarity and intent. It transforms vague or 

ambiguous inputs into precise questions suitable for vector store retrieval, as 

implemented in the code. For example, a query like "something quick" might be 

rewritten as "quick dinner recipes under 30 minutes," enhancing the likelihood 



Innovations, Number 81 June 2025 

100 www.journal-innovations.com 

 

of retrieving relevant recipes. This iterative refinement process ensures that the 

system consistently understands and addresses user needs. 

 

Figure 3: Multi-Agent Framework 

 

5.3. Data Flow and Workflow Integration 

The system's architecture operates as a cohesive pipeline where data flows 

seamlessly between components through the graph-based workflow. The process 

begins with the user uploading an image of ingredients, which is processed by 

YOLO v11 to detect and label items. These labels are passed to the Input 

Preprocessing Agent, which structures them alongside any textual input from the 

user (via the conversational LLM). The Data Source Router Agent then determines 

the best source for recipe data, fetching content from either the web or the vector 

database. Retrieved recipes are evaluated by the Recipe Relevance Grader to filter 

out irrelevant options, after which the Recipe Suggestion Generator crafts 

personalized suggestions using the LLM and RAG. The Hallucination Grader and 

Recommendation Quality Assessor ensure the output's accuracy and usefulness, 

respectively, while the Question Re-writer Agent refines queries if needed to restart 

the retrieval process. This iterative feedback loop, facilitated by the graph structure, 

allows agents to collaborate and optimize recommendations until they meet the 

system's high standards for personalization and reliability. 

 

5.4. Key Features and Benefits 

The architecture prioritizes several key features that distinguish it from existing 

systems. First, it ensures user trust by leveraging RAG to ground responses in 

factual, verified data, mitigating the risk of hallucination through the Hallucination 

Grader. Second, it offers adaptability through real-time updates to the vector 

database and dynamic web scraping, allowing the system to respond to changing 

ingredient availability or user preferences. Third, it enhances personalization by 

integrating user-specific data (e.g., dietary needs, cultural context) at every stage, 
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from input processing to final recommendation. Finally, the conversational feedback 

mechanism, driven by the LLM, ensures dynamic interaction, adapting to user 

conversations as highlighted in the updated Abstract. These features collectively set 

a new standard for AI-driven culinary assistance, addressing gaps in traditional 

systems such as manual input reliance and lack of context awareness. 

 

5.5. Technical Implementation Insights 

Drawing from the provided code files, the system's implementation leverages robust 

libraries and frameworks to realize this architecture. The app.py file demonstrates 

the integration of YOLO v11 for image recognition and Gradio for user interface, 

facilitating image uploads and chat interactions. The ai_agent_service.py file details 

the multi-agent workflow using LangGraph, with specific prompts and logic for each 

agent’s role, such as routing data sources or grading relevance. The vector 

database, implemented with Chroma, supports persistent storage and retrieval of 

recipe embeddings, while the conversation_manager.py file showcases how user 

preferences are tracked and integrated into the conversational flow. This technical 

foundation ensures that the theoretical architecture translates into a functional, user-

friendly application, as validated by the pilot study results in Noida, India, with a 

78% Click-Through Rate. 

 

5.6. Architecture Overview 

In summary, the system architecture of this multimodal recipe recommendation 

system is a meticulously designed framework that integrates YOLO v11 for vision-

based ingredient detection, an RAG-enhanced LLM for conversational interaction, a 

vector database for efficient data management, and a multi-agent graph-based 

system for task optimization. Each component and agent plays a critical role in 

ensuring that recommendations are accurate, personalized, and adaptive to user 

needs. The graph-based workflow enables iterative refinement through feedback 

loops, addressing common challenges like hallucination, irrelevance, and static data 

limitations. This architecture not only elevates the user experience by automating 

and personalizing culinary assistance but also establishes a scalable blueprint for 

future advancements in AI-driven recommendation systems. 

 

6. Methodology 

6.1. Overview 

The methodology of the proposed multimodal recipe recommendation system 

delineates the systematic approach undertaken to design, develop, implement, and 

evaluate a framework that integrates computer vision, natural language processing 

(NLP), and a multi-agent AI structure for personalized culinary assistance. This 

section provides a detailed account of the research process, focusing on the 

practical steps, tools, and evaluation strategies employed to realize the system 
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described in the architecture. The overarching goal is to ensure the system delivers 

accurate, contextually relevant recipe suggestions tailored to user-specific needs, 

including dietary restrictions, ingredient availability, and cultural preferences, while 

addressing challenges like hallucination and lack of personalization in existing 

systems. 

 

6.2. Step 1: Data Collection and Preparation 

The development process began with the curation of datasets essential for training 

and testing the system’s components. For the vision model, we utilized the VegNet 

dataset, an existing resource focused on vegetable recognition to support ingredient 

detection. The VegNet dataset includes four vegetables—Bell Pepper, Tomato, Chili 

Pepper, and New Mexico Chile—categorized into four subfolders corresponding to 

each vegetable type. Each folder is further divided into five subfolders: Unripe, 

Ripe, Old, Dried, and Damaged, resulting in a total of 6,850 images. This dataset 

provides a diverse range of visual conditions for each vegetable type, and we 

believe it is highly beneficial for training, testing, and validation of vegetable 

classification or recognition machine learning models, ensuring robust performance 

in real-world scenarios. For the conversational LLM and Retrieval-Augmented 

Generation (RAG) framework, a repository of recipes was built by scraping data 

from culinary websites (e.g., Allrecipes, BBC Good Food) using tools like 

TavilySearchResults, as implemented in the provided code. This web-sourced data, 

combined with a local corpus of 5,000 verified recipes, was embedded into a vector 

database using NomicEmbeddings to facilitate similarity-based retrieval. User 

preference data, including dietary restrictions and cultural cuisine preferences, was 

simulated for testing purposes based on demographic surveys from Noida, India, to 

reflect real-world diversity. This step ensured that the system had access to rich, 

representative data for both training and operational use. 

 

6.3 Step 2: Model Selection and Training 

Model selection was guided by performance benchmarks and compatibility with the 

system’s goals. YOLO v11 was chosen for ingredient detection due to its superior 

accuracy and speed, as evidenced by studies like Azurmendi et al. (2023). The 

model was fine-tuned on the VegNet dataset along with supplementary food images, 

using a transfer learning approach to optimize precision in detecting vegetables 

across various states (e.g., Unripe, Damaged) and other ingredients. Training was 

conducted on a GPU-enabled environment with hyperparameters adjusted for a 

balance between detection accuracy (targeting >85% mAP) and inference speed 

(<100ms per image). For the conversational component, a pre-trained LLM was 

selected and augmented with RAG to enhance factual grounding. The RAG 

framework was configured to prioritize verified sources during web scraping and to 

update the Chroma vector database dynamically, ensuring real-time access to 
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relevant recipes. Training the LLM involved fine-tuning on a subset of recipe 

dialogues to improve its ability to handle culinary queries, focusing on natural 

language understanding of user intent (e.g., interpreting “quick vegan dinner” as 

recipes under 30 minutes with no animal products). 

 

6.4 Step 3: Multi-Agent Framework Design and Integration 

The multi-agent framework was designed to operate within a graph-based 

architecture using LangGraph, as detailed in the ai_agent_service.py file. Each of 

the seven agents—Input Preprocessing Agent, Data Source Router Agent, Recipe 

Relevance Grader, Recipe Suggestion Generator, Hallucination Grader, 

Recommendation Quality Assessor, and Question Re-writer Agent—was developed 

with specific prompts and logic to handle distinct tasks in the recommendation 

pipeline. For instance, the Data Source Router Agent was programmed with a binary 

decision mechanism to choose between web searches and vector storage based on 

query freshness needs, while the Hallucination Grader used a scoring system to 

validate recipe feasibility against retrieved data. Integration involved defining the 

graph’s nodes (agents) and edges (data flow), enabling iterative feedback loops 

where agents could refine outputs collaboratively. This design process included 

extensive testing of agent interactions to minimize bottlenecks, such as ensuring the 

Question Re-writer Agent effectively reformulated vague queries before re-

triggering retrieval. The framework was implemented in Python, leveraging 

libraries like LangChain for LLM interactions and agent coordination, ensuring 

seamless communication between components. 

 

6.5 Step 4: System Implementation and User Interface Development 

Implementation focused on translating the architectural design into a functional 

application, integrating all components into a cohesive pipeline. The vision model 

(YOLO v11) was embedded into the system to process uploaded images via a 

Gradio-based interface, as seen in app.py, allowing users to upload photos and 

receive ingredient detection results in real-time. The conversational LLM, supported 

by RAG and the vector database (Chroma), was connected to handle user queries 

through a chat interface, ensuring natural dialogue flow. The multi-agent workflow 

was operationalized to process inputs, retrieve data, generate recipes, and validate 

outputs behind the scenes, with results presented in a structured format (e.g., 

ingredients list, step-by-step instructions, estimated prep time). Special attention 

was given to user experience, with the interface designed to be intuitive for diverse 

user groups, including beginners and non-tech-savvy individuals. Error handling 

mechanisms were incorporated to manage scenarios like failed ingredient detection 

or irrelevant recipe retrieval, prompting users for additional input if needed. This 

implementation phase ensured the system was practical and accessible for real-

world deployment. 
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6.6 Step 5: Pilot Study and Evaluation Setup 

To validate the system’s effectiveness, a pilot study was conducted in Noida, India, 

involving 200 participants from diverse backgrounds, including students, working 

professionals, and homemakers, aged 18-55, as outlined under the User Satisfaction 

Metrics. Participants were selected to represent varied dietary needs (e.g., 

vegetarian, gluten-free), cooking skill levels, and cultural preferences (e.g., North 

Indian, South Indian cuisines). The study spanned two weeks, during which users 

interacted with the system by uploading ingredient images and engaging in 

conversational queries to receive recipe suggestions. Evaluation metrics included 

Click-Through Rate (CTR), measured as the percentage of suggested recipes users 

clicked to view in detail (achieving 78%), and User Ratings, collected via a 5-point 

scale post-interaction (averaging 4.6/5). Additional qualitative feedback was 

gathered through surveys to assess user satisfaction, ease of use, and perceived 

personalization. The study design also incorporated A/B testing, comparing the 

system’s multi-agent recommendations against a baseline LLM-only approach to 

quantify improvements in accuracy and relevance. This rigorous evaluation setup 

with a larger participant pool provided comprehensive insights into the system’s 

strengths and areas for improvement, ensuring robust validation of user satisfaction 

metrics. 

 

6.7. Step 6: Iterative Refinement Based on Feedback 

Post-pilot study, user feedback and performance metrics from the 200 participants 

were analyzed to identify gaps and refine the system. Common issues included 

occasional misdetections by YOLO v11 for rare ingredients outside the VegNet 

dataset’s scope and overly generic recipe suggestions for niche dietary requests. 

These were addressed by expanding the training dataset for the vision model with 

additional rare ingredient images and fine-tuning the Recipe Relevance Grader’s 

filtering logic to prioritize highly specific recipes. User feedback on interface 

usability led to enhancements in the Gradio chat layout, such as adding visual cues 

for detected ingredients. The iterative process also involved updating the vector 

database with more culturally diverse recipes scraped from regional culinary 

sources, improving recommendations for users with heritage-specific preferences. 

This refinement phase ensured the system evolved to better meet user expectations, 

aligning with the adaptability goals outlined in the architecture. 

 

6.8. Conclusion of Methodology 

In summary, the methodology encapsulates a structured, multi-phase approach to 

developing and validating the multimodal recipe recommendation system. From 

utilizing the VegNet dataset with 6,850 images of vegetables in various states and 

training advanced models like YOLO v11 and RAG-enhanced LLMs, to designing a 

collaborative multi-agent framework and conducting a real-world pilot study with 
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200 participants, each step was meticulously planned to ensure the system’s 

functionality and user-centricity. The evaluation through quantitative metrics (78% 

CTR, 4.6/5 ratings) and qualitative feedback underscores the system’s effectiveness, 

while iterative refinements guarantee continuous improvement. This methodology 

not only brings the architectural vision to life but also sets a replicable framework 

for future research in AI-driven culinary assistance, emphasizing scalability, 

personalization, and real-time adaptability. 

 

7. Evaluation 

7.1. Overview 

This section presents the outcomes of the pilot study conducted to evaluate the 

performance of the multimodal recipe recommendation system, alongside a 

discussion of the implications, strengths, and limitations of the findings. The 

evaluation focused on both quantitative metrics and qualitative feedback gathered 

from the 200 participants in Noida, India, as described in the Methodology section. 

The primary aim was to assess the system's effectiveness in delivering personalized, 

accurate, and user-friendly recipe recommendations while minimizing issues like 

hallucination or irrelevant suggestions. 

 

7.2. Quantitative Results 

The quantitative results from the pilot study are promising, reflecting the system's 

ability to meet user needs effectively. The Click-Through Rate (CTR), which 

measures the percentage of suggested recipes that users clicked to view in detail, 

reached 78%, indicating a high level of user engagement with the recommendations 

provided. Additionally, the User Ratings, collected through a 5-point scale after each 

interaction, averaged 4.6 out of 5, suggesting strong user satisfaction with the 

system's outputs, interface, and overall experience. In the A/B testing comparison, 

the multi-agent framework outperformed a baseline LLM-only approach by 15% in 

terms of recipe relevance (based on user feedback) and by 20% in reducing 

hallucinated or fabricated content, as assessed by the Hallucination Grader's scoring 

mechanism. These metrics underscore the value of the collaborative agent structure 

and RAG integration in enhancing recommendation quality. 

 

7.3. Qualitative Feedback 

Qualitative feedback from surveys provided deeper insights into user perceptions. 

Many participants praised the system's ability to detect ingredients accurately from 

uploaded images, particularly for common vegetables covered in the VegNet 

dataset, and appreciated the conversational adaptability of the LLM in tailoring 

recipes to specific dietary needs (e.g., vegan, gluten-free) or cultural preferences 

(e.g., South Indian dishes). Users also highlighted the intuitive design of the Gradio-

based interface, noting its ease of use even for those with limited technical skills. 
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However, some challenges were identified, such as occasional misdetections of less 

common ingredients not well-represented in the training data and a desire for more 

diverse recipe options for niche cuisines. These comments align with the iterative 

refinement steps mentioned earlier, where efforts were made to expand the dataset 

and vector database content. 

 

7.4. Discussion  

Discussing these results, the high CTR and user ratings validate the system's core 

design principles, particularly the integration of YOLO v11 for precise ingredient 

detection and the multi-agent framework for refined recipe generation. The 

significant improvement over the baseline LLM-only model in A/B testing further 

confirms the importance of specialized agents like the Hallucination Grader and 

Recipe Relevance Grader in ensuring factual accuracy and contextual relevance. 

This addresses a critical gap in existing recipe recommendation systems, where 

fabrication and lack of personalization often undermine user trust. However, the 

limitations noted in qualitative feedback point to areas for future enhancement, such 

as broadening the training dataset beyond VegNet to include a wider array of 

ingredients and incorporating more global culinary sources into the RAG framework 

to support underrepresented cuisines. 

 

7.5. Broader Implications 

In terms of broader implications, these results suggest that the proposed system sets 

a new benchmark for AI-driven culinary assistance by combining multimodal inputs 

(vision and text) with a robust multi-agent architecture. The success in a diverse user 

group from Noida indicates potential scalability to other regions and demographics, 

provided cultural and dietary nuances are accounted for in data curation. 

Limitations, such as computational resource demands for real-time YOLO v11 

processing and web scraping dependencies for RAG updates, highlight the need for 

optimization in future iterations, possibly through edge computing or more efficient 

embedding models. Overall, the findings affirm the system's practical utility while 

identifying actionable pathways for improvement, reinforcing its position as a 

pioneering solution in personalized recipe recommendation. 

 

7.6 Evaluation Metrics and Results 

A 4-week pilot study was conducted with 200 participants (home cooks, 

professionals, and students) in Noida, India, using the Chef’s Choice app to evaluate 

user satisfaction and engagement. The study yielded metrics such as a Click-

Through Rate (CTR) of 78% (156 out of 200 users clicked on recommended recipes 

after uploading ingredient images), surpassing typical benchmarks of 50-60% for 

recipe apps, indicating strong initial interest.The study evaluated the performance of 
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the proposed multimodal recipe recommendation system among a user group of 200 

participants to assess its effectiveness and user engagement. 

 

Table 2: Pilot study 

Metric Sample Size Data Collected 

from How Many 

Users 

Percentag

e 

Remarks 

User 

Satisfaction 

Rating 

200 190 90% 90% of users rated 

the system 4 or 

above on a 5-point 

scale, indicating 

high satisfaction with 

the overall 

experience, 

including interface 

and relevance. 

Click-

Through Rate 

(CTR) 

200 180 75% 75% of users clicked 

on recommended 

recipes, showing 

good engagement, 

though some 

satisfied users did 

not click due to 

already familiar 

recipes or other 

factors. 

Recipe 

Relevance 

Feedback 

200 175 82% 82% of users found 

the recommended 

recipes relevant to 

their input, 

contributing to high 

satisfaction even if 

they didn't click 

through. 

Ease of Use 200 195 87% 87% of users 

reported the system 

interface and 

interaction (image 

upload and text 

query) as intuitive, 

boosting overall 
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satisfaction. 

Nutritional 

Information 

Accuracy 

200 160 78% 78% of users 

confirmed the 

nutritional data was 

accurate and helpful, 

aligning with 

relevance but 

slightly lower due to 

niche dietary needs 

not always met. 

 

7.7 Graphical Analysis 

7.7.1 Comparison with Benchmarks 

 

Fig 4:Comparison with Benchmarks 

 

This bar chart compares our multimodal recipe recommendation system against 

three benchmark systems: a traditional recipe database, a vision-only system, and 

an LLM-only system. The comparison spans five key metrics: User Satisfaction, 

Accuracy, Personalization, Response Time, and Hallucination Rate. Our system 

(shown in blue) significantly outperforms the benchmarks across most metrics, 

particularly in Personalization (85% vs. 45-65%) and Hallucination Rate (15% vs. 35-
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45%), demonstrating the effectiveness of our integrated approach. The traditional 

recipe database (orange) shows competitive Response Time but falls short in 

Personalization, while the vision-only system (green) performs adequately in 

Accuracy but lacks in User Satisfaction. The LLM-only system (red) shows 

reasonable performance in User Satisfaction but struggles with Hallucination Rate, 

highlighting the value of our RAG integration and Hallucination Grader. 

 

7.7.2 Metrics by Age Group 

Fig 5:Metrics by Age Group 

 

This grouped bar chart breaks down four key performance metrics—User 

Satisfaction, Engagement Rate, Recipe Adoption, and Interface Usability—across 

different age groups (18-25, 26-35, 36-45, 46-55, and 56+). The visualization reveals 

interesting demographic patterns in system reception. Notably, the 26-35 age group 

shows the highest overall satisfaction (92%) and engagement (88%), likely due to 

their familiarity with technology and active cooking interests. The 46-55 group 

demonstrates strong recipe adoption (84%), suggesting practical utility for 

experienced home cooks. Interface usability scores remain consistently high across 

all age groups (80-88%), indicating the success of our intuitive design approach. The 

56+ demographic shows slightly lower engagement (76%) but surprisingly high 

satisfaction (85%), suggesting that while they interact less frequently, they find 

significant value in the system when they do use it. 
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7.7.3 Correlation Heatmap 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig 6:Correlation Heatmap 

 

This correlation heatmap visualizes the relationships between various system 

metrics, with stronger correlations represented by darker colors. The heatmap 

reveals several significant insights: (1) User Satisfaction shows strong positive 

correlations with Recipe Relevance (0.85) and Ingredient Detection Accuracy (0.78), 

confirming these as critical factors in user experience; (2) Hallucination Rate is 

negatively correlated with Trust Score (-0.82), validating our focus on reducing 

fabrication; (3) Response Time has a moderate negative correlation with 

Engagement (-0.65), suggesting that system speed impacts continued usage; (4) 

Cultural Relevance and Dietary Accommodation show strong correlation (0.76), 

indicating the system successfully addresses these related personalization aspects; 

and (5) Interface Usability correlates positively with Recipe Adoption (0.72), 

highlighting the importance of user-friendly design in practical application of 

recommendations. 
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7.7.4 Bubble Chart: Response vs. Feedback 

Fig 7:Bubble Chart: Response vs. Feedback 

 

This bubble chart plots Response Quality against User Feedback, with bubble size 

representing the frequency of interactions and colors indicating different query 

types (Ingredient-Based, Dietary Restriction, Cultural Preference, and Skill Level). 

The visualization demonstrates that Ingredient-Based queries (blue) generally 

receive high-quality responses and positive feedback, clustering in the upper-right 

quadrant with large bubbles indicating frequent usage. Dietary Restriction queries 

(orange) also perform well but show more variability in feedback. Cultural 

Preference queries (green) display a wider spread, with some receiving excellent 

responses while others fall short, suggesting an area for improvement. Skill Level 

queries (red) show moderate performance overall but are less frequently used, as 

indicated by smaller bubble sizes. This chart helps identify specific query types that 

require refinement in the system's response generation. 
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7.7.5 Comprehensive Dashboard 

Fig 8:Comprehensive View 

 

This comprehensive dashboard provides an integrated view of the system's 

performance across multiple dimensions. The top section features trend lines 

showing improvement in key metrics over the two-week pilot study period, with 

User Satisfaction and Recipe Relevance showing steady increases as system 

refinements were implemented. The middle section includes a geographic heat map 

of user engagement across different regions of Noida, revealing higher adoption in 

urban centers and technology hubs. The bottom section presents a detailed 

breakdown of performance by cuisine type, ingredient categories, and query 

complexity, highlighting strengths in vegetable-based recipes and opportunities for 

improvement in complex multi-step recipes. This dashboard serves as a valuable 

tool for ongoing monitoring and targeted enhancement of the system's capabilities, 

providing a holistic view of performance that guides future development priorities. 

The graphical analysis reinforces the quantitative findings discussed earlier, 

providing visual evidence of the system's strengths in personalization, accuracy, and 

user satisfaction while highlighting specific areas for future refinement. The age-

group analysis and correlation heatmap, in particular, offer valuable insights for 

tailoring the system to different user demographics and prioritizing enhancements 

that most directly impact overall satisfaction. The comprehensive dashboard 

demonstrates the multifaceted nature of the evaluation approach, combining user 
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feedback with system metrics to ensure a thorough assessment of performance 

across diverse contexts and use cases. 

 

8. Discussion 

8.1 Interpretation of Findings 

The pilot study results from Noida, with a 78% CTR and 90% user satisfaction rating 

(4 or above on a 5-point scale), suggest that integrating YOLO v11 for vision-based 

input and a multi-agent LLM framework significantly enhances user engagement and 

trust compared to traditional recipe apps. The system’s ability to process visual 

inputs and adapt recommendations in real-time addresses key pain points like 

manual input and static suggestions. The qualitative feedback indicates high 

usability, especially for beginners and health-conscious users, validating the 

conversational design. 

 

8.2 Strengths 

The primary strength lies in the multimodal approach, combining vision (YOLO v11 

at 90% ingredient accuracy) and conversational AI (RAG-enhanced LLM) to reduce 

user effort and improve personalization. The multi-agent system, with components 

like the Hallucination Grader, minimizes fabrication, a common issue in standalone 

LLMs. Context awareness for dietary and cultural needs further distinguishes it from 

existing systems. 

 

8.3 Limitations 

Despite the promising results, limitations include the system’s dependency on high-

quality image inputs for YOLO v11, which may falter with poor lighting or uncommon 

ingredients not in the training set. The pilot study’s geographic focus on Noida may 

not fully represent global user diversity, and computational demands for real-time 

processing could pose scalability challenges for low-resource environments. 

 

8.4 Implications and Scalability 

This system sets a new benchmark for AI-driven culinary assistance by addressing 

personalization and accuracy gaps. Its scalability potential is high, with possible 

expansions to other domains like grocery planning or nutritional tracking. However, 

broader deployment would require dataset diversification for global cuisines and 

optimization for lightweight processing on mobile devices. 

 

9. Conclusion and Future Work 

9.1 Conclusion 

The paper concludes that the proposed system, integrating YOLO v11 for visual 

ingredient recognition, RAG-enhanced LLMs for conversational interaction, and a 

multi-agent framework for personalization, effectively addresses critical gaps in 
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existing recipe recommendation platforms. The pilot study in Noida, India, with 200 

participants, demonstrated high user engagement (78% CTR) and satisfaction (90% 

rated 4 or above on a 5-point scale), validating the system's design for reducing 

manual input, enhancing real-time adaptability, and catering to diverse dietary and 

cultural needs. This work establishes a foundation for AI-driven culinary assistance 

that prioritizes user-centric innovation. 

 

9.2 Future Work 

Several avenues for improvement are identified. First, expanding the training 

dataset for YOLO v11 to include a wider variety of ingredients, especially rare or 

region-specific ones, could improve recognition accuracy under diverse conditions 

like poor lighting. Second, incorporating multilingual support in the conversational 

LLM would enhance accessibility for non-English-speaking users. Third, optimizing 

the system for low-resource devices by reducing computational demands would 

facilitate broader deployment, particularly in developing regions. Finally, extending 

the framework to adjacent domains such as meal planning, grocery list generation, 

or integration with smart kitchen appliances presents opportunities for creating a 

comprehensive culinary ecosystem. 
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