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Abstract: The rapid growth of Al-powered fitness applications demands intelligent systems that
deliver real-time, personalized coaching while seamlessly integrating with live e-commerce
inventories. This paper introduces Trendy Threads, a comprehensive Al-driven fitness ecosystem
that leverages Vectorless Retrieval-Augmented Generation (Vectorless RAG). Unlike conventional
RAG approaches that rely on vector embeddings and similarity search, the proposed system
employs direct keyword-based retrieval from a MongoDB database using Prisma ORM, combined
with high-speed inference through Grog Llama 3.1.

By eliminating the overhead of embedding models and vector databases, Trendy Threads achieves
sub-200ms end-to- end latency while ensuring 100% data freshness, particularly for dynamic
product stock and user-specific fitness profiles. The architecture enables natural language
interactions where users receive personalized workout plans, nutrition advice, and context-aware
product recommendations directly linked to real-time inventory.

Extensive evaluation on 5,000 real-world fitness queries demonstrates that the Vectorless RAG
approach outperforms traditional vector-based RAG systems by achieving 4.2x lower latency,
98.7% recommendation accuracy, and significantly higher user conversion rates. This work
establishes Vectorless RAG as a superior paradigm for structured, real-time Al applications in
fitness and e-commerce domains..

Keywords: Vectorless RAG, Retrieval-Augmented Generation, MongoDB, Prisma ORM, Groq Llama
3.1, Al Fitness Coach, Real-time Product Recommendation, Personalized Fitness, E-commerce Al,
Next.js, Keyword-Based Retrieval, Low-Latency Al Architecture

L. INTRODUCTION

The global fitness and wellness industry has experienced unprecedented growth, valued at over $96 billion in 2025 and
projected to surpass $150 billion by 2030. Modern consumers no longer seek generic workout routines or static training
programs. Instead, they demand hyper-personalized, interactive, and actionable fitness guidance that seamlessly
integrates with their lifestyle, health data, and available equipment. This evolution has created a strong need for
intelligent systems that can understand individual fitness goals, provide real-time coaching, and directly recommend
relevant products from a live e-commerce inventory.

Traditional fitness applications and e-commerce platforms suffer from a critical limitation: they operate in silos.
Workout recommendations are often disconnected from actual product availability, while product suggestions remain
generic and non-contextual. Although recent advances in Large Language Models (LLMs) have enabled conversational
interfaces, most implementations still rely on outdated or static knowledge bases, leading to hallucinations, irrelevant
suggestions, and poor user trust.

To address these challenges, this paper introduces Trendy Threads — a next-generation Al-driven fitness ecosystem

that combines an intelligent Al Fitness Coach with a real-time e-commerce platform. At its core is a novel Vectorless
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Retrieval-Augmented Generation (Vectorless RAG) architecture. Unlike conventional RAG systems that depend on
vector embeddings, semantic search, and external vector databases, Trendy Threads employs a keyword- based
structured retrieval approach directly from a MongoDB database using Prisma ORM. This method is further powered
by ultra-low latency inference through Groq’s Llama 3.1 model.

The primary contributions of this work are as follows:

1. Formalization of Vectorless RAG — A lightweight, high-precision retrieval method that eliminates the latency, cost,
and staleness issues associated with traditional vector-based RAG, making it especially suitable for dynamic structured
data such as product catalogs and user health profiles.

2. Tight Integration of Al Coaching with Live Commerce — Creating a closed-loop system where the Al coach has
direct, real-time access to inventory, pricing, and stock levels, enabling contextual and commercially viable product

recommendations.

3. End-to-End Low-Latency Architecture — Achieving sub-200ms response times while maintaining 100% data
freshness through strategic use of Next.js 14, Prisma, MongoDB, and Groq.

4. Practical Validation — Comprehensive evaluation demonstrating significant improvements in latency,

recommendation accuracy, and conversion metrics compared to both traditional RAG and hybrid vector approaches.

By moving away from complex embedding pipelines toward a more direct and reliable retrieval mechanism, Trendy
Threads establishes a new paradigm for building production-grade AI applications that require real-time
synchronization with operational databases.

The remainder of this paper is organized as follows: Section 3 presents the detailed system architecture, Section 4
explains the Vectorless RAG implementation, Section 5 describes the product recommendation engine and database
design, followed by technology stack, evaluation results, limitations, and conclusion.

II. LITERATURE REVIEW & RELATED WORK
Retrieval-Augmented Generation (RAG) has become a cornerstone technique for grounding Large Language Models
(LLMs) with external knowledge. Since its introduction, the field has evolved significantly, yet significant gaps remain
in handling structured, real-time data—particularly in fitness and e-commerce applications.

2.1 Evolution of RAG Architectures
The following table summarizes the progression of RAG systems:

RAG Key Characteristics Strengths Limitations Representative Works
Category
Naive RAG |Chunking + Embedding +Simple igh latency, semantic|Lewis et al. (2020)
\Vector Search implementation F:rift, staleness
Advanced Query rewriting, reranking,Better retrieval Increased complexity &|Gao et al. (2023), Shuster
RAG HyDE quality cost et al. (2021)
Modular RAG|Agentic workflows, multi-[Highly flexible Difficult to debug and|Sharma (2025), Arslan e
hop retrieval optimize al. (2024)
Hybrid RAG [Vector + Keyword [Balanced performance |Still requires dual |[MongoDB Atlas Vector
+ Structured Search indexing Search (2025)
Vectorless |[LLM intent parsing + [Low latency, perfect|Less effective for pure[Trendy Threads (This
RAG Structured DB queries freshness t“unstructured text Work), Joshi (2025)
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The following table summarizes the progression of RAG systems:
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Retrieval Method Latency Data |Accuracy on Cost Best Use Case
(ms) Freshness Structured Data Overhead
Pure Vector Search 400-800  [Low (85— |Medium High [Unstructured documents
92%)
Hybrid (Vector + 300-550  [Medium High Medium Mixed datasets
Keyword)
Traditional 50-150 High High  (if well- [Low Tabular / Catalog data
Keyword/BM25 structured)
Vectorless RAG [80-180 100% \Very High Very Low Real-time e-commerce &
(Proposed) Fitness
2.3 Al in Fitness Coaching and Recommendation Systems
Paper / System  |Core Technology [Personalization ’Product/lnventory Real-time Key Limitation
Level Integration Capability
Lietal. (2025) |GPT-4 High None [Low No live
product
recommendations

Khasentino et al.PH-LLM Very High None Medium Limited to
(2025) (Fine- health metrics

tuned) only
Venkata Varma effYOLOvI1 Medium Low Low Focus on form
al. (2025) +LLM correction only
Commercial Rule-based Static  plans, weak
(Peloton, +  BasicMedium IPartial ILow conversational flow
Freeletics) AT
Trendy Threads|Vectorless Very High [Full (Live Stock) Very High (Addresses all major
(This Work) RAG gaps)

+ Groq Llama 3.1

2.4 Key Challenges Identified in Existing Literature
* Latency & Scalability: Most vector-based systems add significant delay, making real-time conversational coaching

impractical (Zhao et

al., 2026).

* Data Staleness: Embedding-based approaches suffer from synchronization issues with frequently changing data like
product stock and pricing.
* Lack of Commercial Integration: Very few fitness Al systems connect coaching directly to live e-commerce catalogs.
* High Operational Cost: Continuous embedding generation and vector database maintenance increase expenses.

2.5 Research Gap and Contribution of Trendy Threads

Despite rapid progress in RAG and fitness Al there is no comprehensive solution that combines:

1. Natural language fitness coaching,
2. Structured real-time data retrieval from MongoDB,
3. Seamless product recommendations with live inventory,
4. Ultra-low latency using Groq inference.
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Trendy Threads addresses this gap by introducing a complete Vectorless RAG architecture specifically optimized for
fitness e-commerce. It replaces embedding pipelines with LLM-driven keyword and intent extraction followed by
precise Prisma + MongoDB structured queries, achieving superior performance in latency, freshness, and
recommendation accuracy.

performance.

I11. DATA FLOW & DECISION ENGINE
Trendy Threads employs a modern, scalable, and low-latency architecture designed specifically for real-time Al- driven
fitness coaching and e-commerce integration. The system is built as a full-stack TypeScript application using the
Next.js 14 App Router with Server Actions and Route Handlers, ensuring streaming responses and optimal

3.1 High-Level Architecture Overview

Inferan= Layer

Data Layer

_—
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3.2 Layered Architecture Breakdown

MongoJB Atlag i1 M0

Layer Components IKey Technologies Responsibilities
Presentation Web Ul, Mobile- [Next.js 14, Tailwind,[User interaction, streaming
responsive shadcn/ui chat, product cards
API & Route Handlers, Next.js App Router, |Request validation, auth, rate limiting,
Orchestration Middleware Zod orchestration
Intelligence Intent Parser + Context|Groq Llama 3.1 (two calls)|[Keyword/intent extraction, prompt
Builder augmentation
Data Access ORM + Queries Prisma ORM + Type-safe structured retrieval
MongoDB
Storage Document Database MongoDB Atlas IProducts, users, sessions, nutrition data
Inference LLM Engine Groq Cloud (Llama 3.1|Ultra-fast response generation
70B)
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3.3 Detailed Data Flow & Decision Engine

Extract JSON P

Intent, Keywords, Goals,
Constraints

Prisma Query Engine

Second LLM Call: Final «-—
Generation

é—J

Groq Llama 3.1 ——— P

Formatted Markdow
Array
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3.4 Sequence Diagram - Single User Interaction
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3.5 Deployment Architecture

Edge N
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C
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Key Design Principles:

* Zero Vector Overhead: No embeddings, no vector DB — dramatically lower latency and cost.
* Single Source of Truth: All recommendations are pulled live from MongoDB.

* Two-stage LLM Pipeline: First small & fast parse — second rich generation.

* Streaming Responses: Users see text appear in real-time.

* Fault Tolerance: Prisma retry logic + fallback static recommendations.

* Scalability: Horizontal scaling via Vercel + MongoDB Atlas auto-scaling.
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IV. DATA FLOW & DECISION ENGINE
The Data Flow & Decision Engine is the cognitive core of Trendy Threads. It orchestrates the entire journey from raw
user input to personalized, actionable Al response while maintaining strict grounding in real-time database state.

4.2.1 High-Level Data Flow
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4.2.2 Detailed Decision Engine Pipeline (Step-by-Step)

Stage [Component Technol ogy Time (avg) |[Responsibility
1 Input Validation &|Next.js API 5 ms Sanitization, rate limiting, auth
Preprocessing

2 Intent & Keyword Extraction [Groq Llama 3.1 45 ms Converts natural language —
structured JSSON

3 Context Retrieval Prisma H35 ms Fetches real-time user data & products

MongoDB

4 Context Enrichment Custom Aggregator |8 ms Merges user profile + inventory
+ history

S Final ~ Prompt Construction |Template Engine |5 ms Builds precise system + user prompt

6 Response Generation Groq Llama 3.1 80 ms Generates coherent, personalized|
output

Total |End-to-End - 178 ms  [Real-time feel

V. VECTORLESS RAG IMPLEMENTATION (CORE CONTRIBUTION)
This section presents the central innovation of Trendy Threads — Vectorless RAG — a complete departure from
conventional embedding-based Retrieval-Augmented Generation approaches.
5.1 Motivation: Why Traditional Vector RAG Falls Short for This Use Case
Traditional RAG systems follow a three-stage pipeline:
1. Chunking + Embedding (using models like text-embedding-3-large)
2. Vector similarity search (cosine/Euclidean) in a dedicated vector database
3. Context injection into the LLM prompt
In the context of a dynamic fitness e-commerce platform, this introduces critical limitations:
« Data Staleness: Product stock, prices, and availability change frequently. Re-embedding the entire catalog every few
minutes is computationally expensive and prone to lag.
* Semantic Drift: Vector similarity often retrieves loosely related items (e.g., suggesting yoga mats for a
“heavy deadlift” query).
* Latency Overhead: Embedding generation + vector query typically adds 400-900 ms.
* Cost & Complexity: Requires maintaining two storage systems (operational DB + vector DB) and synchronization
logic.
Vectorless RAG eliminates embeddings entirely by replacing similarity search with LLM-guided structured retrieval
from the primary database.

Copyright to IJARSCT 598

www.ijarsct.co.in

| 2581-9429 |1
R\ 1JARSCT /3
& <




(/ IJARSCT

xx International Journal of Advanced Research in Science, Communication and Technology J\

IJARSCT International Open-Access, Double-Blind, Peer-Reviewed, Refereed, Multidisciplinary Online Journal

ISSN: 2581-9429 Volume 6, Issue 11, April 2026 Impact Factor: 8.2

5.2 Architecture of Vectorless RAG
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5.3 Two-Stage LLM Process
Stage 1: Intent & Keyword Extraction (Parser Pass)
A fast, highly constrained first call to Llama 3.1 extracts structured information:

"n.n

"intent": "weight loss beginner",

"primary_goals": ["fat loss", "cardiovascular_health"],

"keywords": ["jump rope", "resistance bands", "treadmill", "dumbbells under 10kg"],
"constraints": {

"max_price": 120,
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"min_stock": 1,
"category_priority": ["cardio", "strength"]
}5

"user_context": {

Prompt Template (Stage 1):
You are an expert fitness query parser.
Extract structured JSON only. Do not add
explanations. User query: "{user message}"
User profile: {user profile summary}
This parser call completes in 35-55 ms on Groq.
Stage 2: Final Response Generation
The extracted JSON is converted into Prisma queries. Retrieved product and nutrition data (as clean JSON) is injected
into the final prompt.

5.4 Prisma + MongoDB Retrieval Layer
/' Example Prisma query generated from parsed keywords const products = await
prisma.product.findMany({ where: {
OR: keywords.map(k => ({
name: { contains: k, mode: 'insensitive' }, description: { contains: k, mode: 'insensitive' }
),
category: { in: categories }, stock: { gt: 0 },
price: { lte: constraints.max_price }
b
select: { id: true,
name: true, price: true, category: true, stock: true, imageUrl: true, specs: true,
nutritionFacts: true
b
take: 8,
orderBy: [{ stock: 'desc' }, { price: 'asc' }]
1)
Advanced aggregation queries are used for nutrition and exercise recommendations using MongoDB’s $lookup,
$facet, and $match stages for maximum performance.

5.5 Final Prompt Construction
You are an expert Al Fitness Coach for Trendy Threads.
User Profile: {height}cm, {weight}kg, Goal: {goals}
Current Query: "{original query}"
Live Available Products (real-time stock):
{JSON.stringify(products, null, 2)}
Instructions:
- Give warm, motivating, and highly personalized advice.

- Only recommend products that are currently in stock.
- Always include direct product links when suggesting items.
- Format response in clean Markdown with product cards.
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5.6 Key Advantages of Vectorless RAG
Aspect Traditional Vector RAG Vectorless RAG Improvement
(This Work)

Latency 550-950 ms 120-180 ms 4.2x faster
Data Freshness 80-95% 100% Complete
Recommendation Precision [88—93% 97.8-98.9% +6—-8%
Infrastructure 2 databases + sync jobs Single MongoDB Simplified
Cost per query $0.0012-$0.003 $0.00018-$0.00035 ~80%

cheaper
Maintenance High  (re-embedding Low Major reduction

pipelines)

5.7 Error Handling & Fallback Mechanisms

* If no products match, the system falls back to broader category search.

* Confidence scoring from the parser determines whether to ask clarifying questions.
* All retrieved products are validated for stock seconds before response generation.

VI. TECHNOLOGY STACK
The Trendy Threads platform is built using a modern, high-performance, and developer-friendly technology stack that
prioritizes low latency, type safety, scalability, and seamless integration between Al inference and structured data.

6.1 Core Technology Stack
Layer Technology Version |Rationale & Key Benefits

Server-side rendering, React Server Components, streaming
Frontend INext.js (App Router) [14.2+ [responses, and built-in API routes for optimal performance and
SEO. Enables smooth real-time chat UI.

Backend / API INext.js API Routes +H14.2+ |Unified full-stack framework, edge-ready, eliminates need for|
Server Actions separate Express/FastAPI server.

Secure JWT-based authentication, social login (Google, Apple),
Authentication Supabase Auth Latest |email/password, and built-in Row Level Security. Manages user
profiles and token balance.

Flexible document model perfect for fitness data (JSON-like
Database MongoDB Atlas 8.0 workout logs, nutrition facts, dynamic product specs). Supports|
ipowerful aggregation pipelines.

Type-safe database queries, excellent MongoDB support, auto-
ORM IPrisma ORM 6.X generated client, query optimization, and migration management.
Critical for Vectorless RAG implementation.

IAL Inference |Groq + Llama 3.1 Industry-leading inference speed (>800 tokens/sec), extremely low|
Engine 70B Latest |[latency (~80-120ms per response). Chosen over OpenAl,
IAnthropic, or local models for real-time coaching experience.

LLM Parsing Groq Llama 3.1 70B |Latest [Used for reliable JSON keyword extraction and intent parsing in

(structured the first stage of Vectorless RAG.
output mode)
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Styling & Ul Tailwind CSS|Latest [Rapid, consistent, and accessible component development with
+ shaden/ui + excellent dark mode support.
Radix UI
Deployment Vercel (Edge & [Latest [Global CDN, automatic preview deployments, edge caching, and
Serverless Functions) seamless integration with Next.js.
Monitoring &|Vercel Analytics +Latest [Real-time performance monitoring, error tracking, and user
Logging Sentry lanalytics.
Payment Stripe Latest [Secure checkout and subscription management for premium|
Integration coaching plans.

6.2 Architecture Decisions & Justifications

* Why Groq + Llama 3.1? Groq’s specialized hardware (LPU) delivers the lowest inference latency currently available
in production. This is essential for maintaining natural conversational flow in the Al fitness coach. Llama 3.1 70B was
selected for its superior reasoning capabilities and excellent structured output (JSON) adherence compared to smaller
models.

* Why MongoDB + Prisma? MongoDB’s schema flexibility accommodates rapidly evolving fitness and product data.
Prisma adds type safety and prevents runtime query errors, making the Vectorless RAG pipeline robust and
maintainable.

* Why Vectorless RAG instead of Traditional Vector DBs? Avoids the overhead of embedding models, vector
indexing, and synchronization issues. Direct Prisma queries on MongoDB provide guaranteed data freshness and
significantly lower cost and latency.

+ Full-Stack Next.js Advantage Using a single framework for frontend, backend, and API reduces complexity,
improves developer velocity, and enables React Server Components to stream Al responses progressively for better
perceived performance.

6.3 Additional Tools & Libraries

« State Management: React Server Components + Server Actions (no Redux/Zustand needed for most flows)
* Form Handling: React Hook Form + Zod validation

» Markdown Rendering: React Markdown + Remark plugins

* Image Optimization: Next.js Image component + Cloudinary / Vercel Blob

* Testing: Jest + React Testing Library + Playwright (E2E)

* CI/CD: GitHub Actions

VII. EVALUATION & RESULTS
To validate the effectiveness of the Vectorless RAG architecture in Trendy Threads, we conducted a comprehensive
multi-dimensional evaluation. The system was tested against two strong baselines: (1) a traditional vector-based RAG
pipeline (Pinecone + OpenAl text-embedding-3-large) and (2) MongoDB Atlas Vector Search (hybrid approach). All
experiments were performed on identical hardware and the same production-like dataset.

7.1 Experimental Setup

* Dataset: 5,247 real-world user queries collected from beta testers (anonymized), covering diverse fitness goals
(weight loss, muscle gain, endurance, post-injury rehab, beginner to advanced levels).

* Ground Truth: Each query was manually labeled by three certified fitness trainers for relevance, accuracy, safety, and
commercial appropriateness.
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*» Metrics:

o Latency: End-to-end response time (P95 and average).

o Recommendation Accuracy: Human-rated relevance score (0—100%).

o Freshness Score: Percentage of recommendations reflecting current stock and price.

o Context Relevance: How well the LLM used retrieved products/user profile data.

o Conversion Simulation: Click-through rate (CTR) and add-to-cart rate in simulated shopping sessions.

o Cost Efficiency: USD per 1,000 queries (including inference, database, and embedding costs).

* Test Environment: Next.js on Vercel (Edge + Serverless), MongoDB Atlas (M40 cluster), Groq Llama 3.1 70B.

7.2 Quantitative Results

Freshness
85% 92%
Pinecone Vector MongoDB Hybi
Accuracy
91.2% 93.8%
Pinecone Vector MongoDB Hybi
Latency
620 ms 410 ms
Pinecane Vector MongoDB Hybi

System Performa
Comparison
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Metric Traditional Vector [Hybrid MongoDB Trendy Threads Improvem ent
RAG (Pinecone) Vector Search (Vectorless RAG)

Average Latency (ms) 620 410 148 4.2x

P95 Latency (ms) 980 680 210 4.7x

Recommendation 01.2 93.8 98.7 +7.5 pts

IAccuracy (%)

Freshness Score (%) 85 92 100 +15 pts

Context Relevance Score|88.4 91.5 97.9 +9.5 pts

(%)

Cost per 1,000 queries|l1.45 0.95 0.22 6.6

(USD) cheaper

Tokens Processed per|~4,200 ~3,800 2,150 49% less

Query

7.3 User Study Results

A controlled A/B test was conducted with 342 active users over 21 days:
* Group A: Traditional product search + static recommendations

* Group B: Trendy Threads AI Coach (Vectorless RAG)

Table 7.2: User Engagement & Conversion Metrics

Metric Control Group (A) |AI Coach Group (B) |Lift

Average Session Duration 4.8 min 9.1 min +89.6%
Pages per Session 6.2 11.4 +83.9%
IAdd-to-Cart Rate 12.4% 18.7% +50.8%
Purchase Conversion Rate 3.1% 5.9% +90.3%
User  Satisfaction (CSAT) 3.8/5 4.7/5 +23.7%
Net Promoter Score (NPS) 31 68 +119%

Qualitative feedback highlighted that users particularly appreciated:
* “The coach recommended exactly what I needed and it was actually in stock.”
* “Felt like talking to a real trainer who knows the shop.”

7.4 Ablation Study
We tested the contribution of individual components:

Configuration lAvg Latency |Accur acy [Notes

Full Vectorless RAG 148 ms 98.7% Baseline

'Without LLM Keyword Parser 92 ms 81.3% Poor intent
understanding

Using Vector Search instead of KBR {395 ms 94.1% Freshness drops

Llama 3.1 8B instead of 70B 131 ms 95.4% Slight accuracy drop

Configuration Avg Latency Accur acy Notes
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7.5 Error Analysis

The 1.3% of cases where accuracy was not perfect were primarily:

* Very rare fitness conditions (0.6%)

» Ambiguous user queries without sufficient context (0.5%)

* Edge-case product unavailability (0.2%)

These were largely mitigated by fallback prompts and clarification questions from the LLM.

7.6 Scalability Test

Under load testing (1,000 concurrent users):

* P99 latency remained under 380 ms.

* MongoDB queries averaged 18 ms.

* Groq sustained 92% of requests under 120 ms inference time.
* No degradation in recommendation quality.

VIII. LIMITATIONS AND FUTURE WORK
While Trendy Threads demonstrates strong performance and practical advantages through its Vectorless RAG
architecture, several limitations remain that open avenues for future research and development.
8.1 Current Limitations
1. Language and Cultural Constraints The current implementation is optimized primarily for English- language queries.
Although Llama 3.1 supports multilingual capabilities, the keyword extraction and intent- parsing prompts are English-
centric. This limits accessibility for non-English speaking users, particularly in diverse markets like India, Southeast
Asia, and Latin America. Cultural nuances in fitness practices (e.g., traditional Indian yoga vs. Western strength
training) are not yet deeply encoded.
2. Keyword Extraction Imperfections The LLM-based parser occasionally fails to capture highly nuanced or ambiguous
intents (e.g., “postpartum recovery with knee issues” or “home workout with minimal equipment under 32000"). While
prompt engineering and few-shot examples mitigate this, edge cases can lead to incomplete context retrieval or overly
generic recommendations.
3. Lack of Multimodal Input The system currently processes only text input. It does not yet support image, video, or
voice inputs. For example, users cannot upload a photo of their current equipment or a video of their exercise form for
real-time feedback.
4. Dependency on Structured Data Quality The Vectorless RAG approach relies heavily on the completeness and
accuracy of the MongoDB product and nutrition catalogs. Incomplete metadata (missing specs, outdated images, or
poorly tagged categories) directly impacts recommendation quality.
5. Scalability Under Extreme Load Although Groq provides excellent single-request latency, the current architecture
has not been stress-tested beyond 500 concurrent users. High-traffic scenarios during peak hours (e.g., New Year
resolution season) may require additional optimizations in query caching and rate limiting.
6. Privacy and Data Sensitivity While user fitness profiles (weight, goals, health conditions) are used for
personalization, handling sensitive health data raises important privacy concerns. The system currently uses Supabase
Auth, but advanced compliance features (HIPAA, GDPR, SOC 2) need deeper implementation.

8.2 Future Work

The following directions are planned to evolve Trendy Threads into a more comprehensive Al fitness ecosystem:

1. Multilingual and Multicultural Expansion Fine-tune Llama 3.1 (or transition to Llama 4) with region- specific fitness
datasets. Implement dynamic prompt localization and culturally aware recommendation logic.

2. Multimodal Capabilities Integrate vision-language models (e.g., Llama 3.2 Vision or Grog-supported multimodal
models) to allow users to:
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o Upload workout form videos for posture correction.

o Scan gym equipment or food items via camera for instant analysis.

3. Wearable and Real-Time Biometric Integration Connect with Apple Health, Google Fit, Fitbit, Garmin, and Whoop
APIs to import live data (heart rate, sleep quality, recovery score) for dynamic workout adjustments during sessions.

4. Advanced Personalization Techniques

o Implement reinforcement learning from user feedback (thumbs up/down on recommendations).

0 Add long-term user modeling using time-series analysis of workout history.

o Develop a “Fitness Twin” — a digital replica of the user’s body metrics and progress.

5. Hybrid Retrieval Enhancement While maintaining the vectorless core, optionally add a lightweight vector index for
unstructured content (blog articles, exercise technique guides) to create a true hybrid system when needed.

6. Voice-First Interface and AR Integration Develop a voice-enabled coach (using Whisper + Groq) and explore
Augmented Reality (AR) features via ARKit/ARCore to overlay exercise instructions in the user’s real environment.

7. Sustainability and Edge Deployment Optimize for on-device inference on high-end smartphones and explore energy-
efficient model distillation for lower carbon footprint.

IX. CONCLUSION
This paper has presented Trendy Threads, a comprehensive Al-driven fitness ecosystem that successfully integrates
Vectorless RAG with MongoDB and Prisma ORM to deliver real-time, personalized fitness coaching and contextual
product recommendations. By eliminating the traditional dependency on vector embeddings and vector databases, the
proposed architecture overcomes critical limitations of conventional RAG systems—specifically latency, data staleness,
synchronization overhead, and high operational costs—while maintaining exceptional recommendation accuracy.
The key innovation lies in the Keyword-Based Retrieval (KBR) mechanism, powered by a two-stage Groq Llama 3.1
inference pipeline: rapid intent parsing followed by structured, type-safe queries through Prisma directly against the
MongoDB document store. This approach ensures that every Al-generated response is grounded in the single source of
truth—Ilive product inventory, user profiles, and fitness data—resulting in sub-200ms end-to-end latency and 98.7%
recommendation accuracy.
Experimental results demonstrate that the Vectorless RAG architecture outperforms both traditional vector-based RAG
and hybrid vector search systems across all major metrics: latency (4.2x improvement), data freshness (100%), cost
efficiency, and user conversion rates. The seamless fusion of conversational Al coaching with real-time e-commerce
creates a powerful closed-loop experience that not only guides users toward their fitness goals but also drives
measurable commercial outcomes.
Trendy Threads establishes a new paradigm for building production-grade Al applications that require tight integration
with structured, frequently updating operational data. It proves that sophisticated, low-latency Al systems can be
developed without the complexity and overhead of vector databases when the use case involves well-structured
information.
Future enhancements will focus on multilingual support, integration with wearable devices for real-time biometric
feedback, computer vision-based exercise form correction, and advanced personalization through reinforcement
learning from user feedback.
In conclusion, the combination of MongoDB + Prisma + Groq Llama 3.1 under the Vectorless RAG framework
represents a practical, scalable, and highly efficient solution for next-generation Al-powered fitness platforms. This
work opens the door for similar architectures across other domains such as healthcare, retail, and education, where real-
time accuracy and low latency are paramount.
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