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Abstract - The rapid growth of online fashion retail has
intensified the demand for intelligent product discovery
systems that can understand individual user preferences and
deliver contextually relevant suggestions. This paper presents
StyleWise, an Al-powered e-commerce Software-as-a-Service
(SaaS) platform that integrates a hybrid recommendation
engine with a conversational voice assistant to deliver a
personalized shopping experience. The recommendation
engine employs a scalable two-stage architecture consisting of
candidate generation followed by multi-factor ranking. During
candidate generation, four independent strategies—category-
based retrieval, content similarity matching, localized
collaborative filtering, and time-decayed trending analysis—
reduce the product space from thousands of items to
approximately 200 candidates. A hybrid ranking engine then
scores each candidate using a weighted combination of five
signals: intent match (0.35), preference alignment (0.25),
collaborative boost (0.20), popularity (0.10), and recency
(0.10). The platform further incorporates a GPT-4 powered
voice chatbot that enables natural language product search,
cart management, and order tracking through speech
recognition and text-to-speech synthesis. The system is built on
a microservices architecture using FastAPI, Next.js, MongoDB,
and Redis, containerized with Docker for horizontal
scalability. Experimental evaluation shows that the
recommendation engine achieves a response latency of
approximately 45 milliseconds with a memory footprint under
150 megabytes, supporting over 500 requests per second. The
platform gracefully handles the cold-start problem through
onboarding preference collection and trending-product
fallback strategies.
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1. INTRODUCTION

The global e-commerce market has witnessed
unprecedented growth, with online fashion retail becoming
one of the most competitive segments. According to recent
industry reports, consumers are frequently overwhelmed by
the sheer volume of available products, leading to decision
fatigue and abandoned shopping sessions. Traditional e-
commerce platforms rely on rule-based filtering and
keyword search, which fail to capture the nuanced
preferences of individual shoppers. This gap between

product availability and product discoverability has created
a pressing need for intelligent recommendation systems that
can understand user intent and deliver contextually
appropriate suggestions.

Existing recommendation approaches, while effective in
specific domains, present several limitations when applied to
fashion e-commerce. Content-based filtering systems
struggle with the subjective nature of fashion preferences.
Collaborative filtering methods face scalability challenges as
they typically require loading the entire user-item
interaction matrix into memory. Furthermore, most
commercial platforms treat the recommendation engine and
user interaction layer as separate concerns, missing the
opportunity to create a unified, conversational shopping
experience.

This paper presents StyleWise, an end-to-end Al-powered e-
commerce SaaS platform that addresses these challenges
through three key innovations: (1) a two-stage
recommendation architecture that achieves sub-50
millisecond response times without loading the full product
dataset into memory, (2) a hybrid five-factor scoring
algorithm that combines short-term browsing intent with
long-term preference patterns, and (3) a GPT-4 powered
conversational voice assistant that enables hands-free
product discovery and shopping actions.

The remainder of this paper is organized as follows. Section
2 reviews related work in recommendation systems and
conversational commerce. Section 3 details the system
architecture and design methodology. Section 4 describes
the implementation of the recommendation engine. Section 5
covers the voice chatbot subsystem. Section 6 presents
experimental results and performance evaluation. Section 7
concludes the paper with a discussion of contributions and
future directions.

1.1 Problem Statement

Modern e-commerce platforms face a fundamental
challenge: as product catalogs grow to thousands or millions
of items, users struggle to discover products that align with
their personal style, budget constraints, and current
shopping intent. Traditional recommendation systems suffer
from three core problems. First, they require prohibitively
expensive matrix factorization operations that do not scale
beyond moderate catalog sizes. Second, they fail to
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distinguish between a user's immediate browsing intent and
their long-term preferences. Third, they provide no
mechanism for conversational product discovery, forcing
users to interact through rigid search interfaces.

1.2 Objectives

The primary objectives of this research are as follows:

e To design and implement a scalable two-stage
recommendation engine that operates on per-user
indexed queries rather than full-dataset loading.

e To develop a hybrid ranking algorithm that
integrates five distinct relevance signals to produce
explainable product suggestions.

e Tobuild a conversational voice assistant capable of
understanding natural language shopping queries
and executing e-commerce actions.

e To architect a multi-tenant SaaS platform using
containerized microservices for horizontal
scalability.

e To evaluate the system's performance in terms of
latency, throughput, memory efficiency, and cold-
start handling.

e 1.3 Scope

The scope of this work encompasses the complete design,
implementation, and evaluation of an Al-powered e-
commerce platform targeting the fashion retail domain. The
platform supports user registration and authentication,
product catalog management, personalized
recommendations, voice-based shopping interactions, cart
and order management, and administrative analytics.

2. LITERATURE REVIEW

Recommendation systems have been extensively studied in
the information retrieval and machine learning communities.
This section reviews the major approaches and positions the
contributions of this work within the existing body of
knowledge.

2.1 Content-Based Filtering

Content-based filtering recommends items similar to those a
user has previously interacted with, based on item attributes
[1]. In fashion e-commerce, item attributes include category,
colour, material, price range, and style descriptors. Lops et
al. [2] demonstrated that content-based approaches work
well when rich item metadata is available but struggle with
the serendipity problem, where users receive
recommendations that are too similar to their existing
preferences. Style Wise addresses this limitation by
combining content similarity with collaborative and trending
signals.

2.2 Collaborative Filtering

Collaborative filtering identifies patterns across user
behavior to recommend items that similar users have

enjoyed [3]. Traditional matrix factorization techniques such
as Singular Value Decomposition (SVD) require constructing
the full user-item interaction matrix, which grows as O(n x
m) where n is the number of users and m is the number of
products. Koren et al. [4] proposed several optimizations,
but the fundamental memory constraint remains. The
localized collaborative filtering approach in StyleWise avoids
this bottleneck by querying only the interaction history of
users who share product purchases with the target user,
achieving O(k) complexity where k is the size of the
individual user's interaction history.

2.3 Hybrid Recommendation Systems

Hybrid systems combine multiple recommendation
strategies to overcome the weaknesses of individual
approaches [5]. Burke [6] categorized hybrid methods into
weighted, switching, mixed, and cascade designs. Industrial
systems such as YouTube's recommendation engine [7]
employ a two-stage architecture with candidate generation
followed by ranking, which has become the standard for
large-scale systems. StyleWise adopts this two-stage design
while introducing a five-factor scoring formula specifically
tailored for fashion e-commerce.

2.4 Cold-Start Problem

The cold-start problem occurs when insufficient interaction
data is available for new users or new products [8].
Approaches to mitigate cold start include onboarding
questionnaires, popularity-based fallbacks, and knowledge-
based recommendations. StyleWise employs a dynamic
weight-shifting strategy where the trending product signal
weightincreases from 0.15 to 0.55 for users with fewer than
three recorded interactions, ensuring that new users receive
meaningful recommendations from the first session.

2.5 Conversational Commerce

Conversational commerce leverages chatbots and voice
assistants to facilitate shopping interactions [9]. Recent
advances in large language models (LLMs) such as GPT-4
have enabled more natural and context-aware
conversational agents. However, integrating LLM-powered
chatbots with live e-commerce backends for real-time
product search, cart operations, and order management
remains an active area of research. Style Wise contributes to
this space by implementing a full-stack voice chatbot with
intent detection, entity extraction, dialog state management,
and action execution capabilities.

3. SYSTEM ARCHITECTURE

This section describes the overall architecture of the Style
Wise platform, covering the client layer, APl gateway,
microservices, Al services, and data layer.
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3.1 Architectural Overview

Style Wise follows a micro services-based architecture with
clear separation of concerns. The system is divided into the
following layers:

Table 1: Platform technology stack by architectural layer

Layer Components Technology
Client Laver Web Frontend, | Next.js 16,React
y Admin Dashboard 19, TypeScript
N User Identity | Firebase
Authentication Management Authentication
Routing, JWT
API Gateway Validation, Rate | FastAPI, Redis
Limiting
Microservices Product, Order, | FastAPI(Python
Cart, User Services 3.11+4)
. Recommendation | ‘g, ctaPI, scikit-
Al Services Engine, Voice learn. GPT-4
Chatbot ’
Primary Database, | MongoDB 7.0,
Data Layer Cache, Search Redis
Containerization, Docker, Docker
Infrastructure .
Orchestration Compose

3.2 Frontend Architecture

The client-facing application is developed using Next.js 16
with the App Router paradigm, leveraging React 19 and
TypeScript for type-safe component development. The
frontend employs a component library built on Radix Ul
primitives with Tailwind CSS for styling. Key frontend
modules include:

e Product Discovery Interface: Displays Al-
recommended products with explanation cards
showing why each item was suggested.

e Voice Chatbot Widget: A floating chatinterface with
real-time speech recognition using the Web Speech
API and animated waveform visualization.

e Onboarding Flow: Collects user style preferences
(Minimalist, Classic, Trendy), budget range,
occasion preferences, and color choices during
initial registration to address the cold-start
problem.

e Admin Dashboard: Provides analytics visualizations,
user management, and product catalog
administration using Recharts for data visualization.

3.3 API Gateway

The API gateway serves as the single entry point for all client
requests. It performs Firebase JWT token verification, issues
platform-specific JWT tokens with configurable expiration,
resolves tenant context for multi-tenant isolation, applies
role-based rate limiting (30 requests per minute for
anonymous users, 100 for customers, 300 for sellers, 1000
for administrators), and routes requests to the appropriate
downstream micro service.

3.4 Microservices Layer

The platform comprises five core microservices, each with a
single responsibility:

e  Product Service (Port 8001): Manages the product
catalog with full CRUD operations, category
management, search functionality, and inventory
tracking.

e Order Service (Port 8002): Handles the complete
order lifecycle including checkout, payment
processing, fulfillment tracking, and order history.

e AlRecommendation Service (Port 8003): Hosts the
two-stage recommendation engine described in
Section 4.

e Chatbot Service (Port 8004): Hosts the voice
chatbot with GPT-4 integration described in Section
5.

e Admin Service (Port 8005): Provides tenant
management, analytics aggregation, and platform
configuration.

Inter-service communication uses synchronous REST for
client-facing operations and Redis Pub/Sub for
asynchronous event propagation (order placed events, user
behaviour events, inventory updates).

3.5 Data Layer

MongoDB 7.0 serves as the primary database, storing user
profiles, product catalogs, orders, carts, and Al interaction
logs. MongoDB was selected for its flexible document model,
which accommodates the varying attribute schemas of
fashion products across categories. Redis provides session
management, caching of recommendation results, rate
limiting counters, and event bus functionality through
Pub/Sub. SQLite with indexed queries serves as the local
datalayer for the Al recommendation engine, enabling O(log
n) lookups on product and interaction tables.
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4. Al RECOMMENDATION ENGINE

The recommendation engine is the core intelligence layer of
StyleWise. It employs a two-stage architecture inspired by
industrial recommendation systems, adapted for fashion e-
commerce with domain-specific scoring signals.

4.1 Stage 1: User Modeling

User modeling extracts a comprehensive profile from two
temporal perspectives:

Short-Term Intent Extraction: Captures the user's current
browsing session behavior by analyzing the last 10
interactions. A recency decay function assigns higher
weights to more recently viewed products:

W; =@

where i is the position in the interaction history (0 = most
recent) and A = 0.3 is the decay rate. This produces a
weighted product list, from which recent categories,
keywords, and product similarity signals are extracted.
Long-Term Preference Extraction: Aggregates historical
behavior over a 90-day window to identify stable preference
patterns. The system computes category affinity scores
(normalized to [0, 1]), preferred price range, average order
value, purchase frequency, and a ranked list of preferred
products based on repeat purchase behavior.

4.2 Stage 2: Candidate Generation

Candidate generation reduces the product space from
thousands of items to approximately 200 candidates using
four independent retrieval strategies:

Source 1 - Category-Based Retrieval (25% weight): Fetches
top products from the user's recently browsed categories.
Categories are ranked by recency, and products within each
category are sorted by relevance score. This source targets
users with clear category-level preferences.

Source 2 - Content Similarity (25% weight): Identifies
products similar to the user's most recently viewed items
using keyword-based matching. Product names and
descriptions are tokenized, and a term-frequency similarity
measure retrieves the closest matches. This source captures
fine-grained style preferences within categories.

Source 3 - Localized Collaborative Filtering (25%
weight): Instead of constructing the full user-item matrix, the
system identifies users who purchased the same products as
the target user (limited to the top 20 similar users per
product), then retrieves products purchased by those similar
users. This approach achieves O(k) complexity per user
rather than O(n x m) for the full matrix.

Source 4 - Trending Products (25% weight): Computes a
time-decayed trending score for products based on recent
purchase velocity:

Strend:’ng — P?d > 2-0 ‘I‘ P30d * DS + V * 3':'

where P7d is the purchase count in the last 7 days, P30d is
the 30-day count, and V is the velocity calculated as (P7d / 7)
- (P30d / 30). This source is essential for addressing the
cold-start problem and for introducing serendipitous
discoveries.

4.3 Stage 3: Hybrid Ranking

The ranking engine scores each candidate using a weighted
linear combination of five normalized signals:

i = 033X Syt + 025 X Syrgr +020 X 5354010 XS, +0.10 % 5

Table 2: Ranking signal weights and descriptions

Signal Weight | Description
Alignment with current
IntentMatch 035 browsing session
(Sintent) ) categories, keywords, and
viewed products
Alignment with long-term
Preference 0.25 category affinity and price
Match (Spref) ’ sory Y p
range preferences
Collaborative 0.20 Score derived from similar-
Boost (Scf) ’ user purchase overlap
Popularity Time-decayed  trending
0.10
(Spop) score
Recency Boost Expongntlal de.cay based
0.10 on time since last
(Srec) . .
interaction

The recency boost for each candidate is calculated as:

—0.693)(%
Siec =€ 1/2

where h is the hours since the product was last interacted
with and h1/2 = 24 hours is the half-life parameter.
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4.4 Cold-Start Handling

For users with fewer than three recorded interactions, the
system dynamically redistributes the candidate source
weights:

Table 3: Dynamic weight shifting for cold-start users

Source Normal Cold-Start
Weight Weight
Category-Based 0.30 0.20
Content Similarity 0.25 0.15
Collaborative Filtering | 0.30 0.10
Trending Products 0.15 0.55

Additionally, the onboarding flow collects explicit preference
signals (style, budget, occasion, colors) that are used to filter
and boost candidates even in the absence of behavioral data.

4.5 Explainability

Every recommendation includes a human-readable
explanation generated from the dominant scoring signal. For
example: "Matches your recent interest in formal wear"
(intent-based), "Popular with shoppers who have similar
taste" (collaborative), or "Trending right now in accessories"
(popularity-based). This transparency builds user trust and
enables users to refine their preferences through feedback.

5. VOICE CHATBOT SYSTEM

The conversational voice assistant provides an alternative
shopping interface that enables hands-free product
discovery and transaction management.

5.1 Architecture

The chatbot system comprises five processing stages
arranged in a pipeline:

1. Speech-to-Text: Voice inputis captured through the
Web Speech API on the frontend and converted to
text using either the browser's native speech
recognition or the OpenAl Whisper API for server-
side processing.

2. Intent Detection and Entity Extraction: The text
input is processed by GPT-4 with a structured
prompt that classifies the user's intent into one of
20 defined categories (product search, add to cart,
order status, recommendations, etc.) and extracts

relevant entities (product names,
quantities, price ranges).

categories,

3. Dialog State Management: A conversation state
machine maintains context across multi-turn
interactions, tracking the current topic, referenced
products, and pending actions.

4. Action Execution: Based on the detected intent, the
chatbot invokes the appropriate microservice API—
product search, cart management, order queries, or
the recommendation engine.

5. Response Generation and Text-to-Speech: GPT-4
generates a natural language response
incorporating the action results. The response is
optionally converted to audio using the ElevenLabs
text-to-speech API for voice output.

5.2 Supported Intents
The chatbot supports the following intent categories:

Table 4: Chat bot intent categories with example

utterances
Example
Category Intents Utterance
Product Search, Details, Compare, Showme summer
. . dresses under fifty
Discovery Recommendations N
dollars
. Afid to Cart, Remove, | . Add  that blue
Shopping View  Cart, Update dress to mv cart”
Quantity y
Checkout, Status, History, "What s the status
Orders "
Cancel of my last order
o Browse Category, Filter Show me the
Navigation accessories
Products i w
collection
Greeting, Help, FAQ, | "I need help
General Goodbye finding a gift"

5.3 Contexts-Aware Responses

The chatbot integrates with the recommendation engine to
provide personalized product suggestions within the
conversational flow. When a user asks for recommendations,
the chatbot forwards the request to the Al service along with
the conversation context, and the response includes product
cards rendered inline within the chat interface.
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6. RESULTS AND DISCUSSION
6.1 Performance Evaluation

The recommendation engine was evaluated on several
performance metrics under simulated load conditions:

Table 5: Recommendation engine performance metrics

Metric Target Achieved
Response Latency <200 ms ~45 ms
Memory Usage <500 MB ~150 MB
Throughput 100 req/s 500+req/s
Cold-Start Graceful Verified
Handling degradation

The sub-50 millisecond latency is achieved through the per-
user indexed query design, which avoids the overhead of
full-dataset operations. The memory footprint remains
under 150 MB because the system never loads the complete
product catalog or user-item matrix into memory. Instead,
each recommendation request triggers a series of targeted
database queries that retrieve only the data relevant to the
specific user.

6.2 Scalability Analysis

The scalability advantage of StyleWise over traditional
recommendation approaches is summarized below:

Table 6: Comparison of traditional and proposed

approaches
Traditional StyleWise
Aspect Approach Approach
Full user-item matrix | Per-user indexed
Memory Model . .
in memory queries
Computational O(n x m) matrix | O(k) per-user
Complexity operations operations
Full retrainin Real-time
Model Updates . & | incremental
required
updates
Cold-Start Users . Graceful fallback
No recommendations .
to trending

Aspect Traditional StyleWise
P Approach Approach
generated products
Explainability Black-box output Human-readable

explanations

Response Time Seconds ~45 milliseconds

6.3 System Integration

The Docker-containerized deployment enables seamless
orchestration of all platform services. The Docker Compose
configuration manages nine services: MongoDB, Redis, API
Gateway, Product Service, Order Service, Al
Recommendation Service, Chatbot Service, Admin Service,
and the Nextjs Frontend. Health checks ensure service
dependencies are met before startup, and volume mounts
provide data persistence across container restarts.

6.4 User Experience

The onboarding flow successfully addresses the cold-start
problem by collecting four preference dimensions (style,
budget, occasion, colors) during registration. Users who
complete onboarding receive personalized
recommendations from their first session, with
recommendation relevance improving progressively as
behavioral data accumulates. The voice chatbot provides an
alternative interaction modality that reduces the cognitive
load of product discovery, particularly effective for hands-
free and accessibility use cases.

7. CONCLUSIONS

This paper presented StyleWise, a comprehensive Al-
powered e-commerce SaaS platform that integrates a hybrid
recommendation engine with a conversational voice
assistant. The two-stage recommendation architecture—
consisting of multi-source candidate generation and five-
factor hybrid ranking—achieves a response latency of
approximately 45 milliseconds while maintaining a memory
footprint under 150 megabytes, demonstrating that
intelligent personalization can be delivered without the
computational overhead of traditional matrix factorization
approaches.

The key contributions of this work are: (1) a scalable
candidate generation strategy that combines category
retrieval, content similarity, localized collaborative filtering,
and trending analysis without requiring full-datasetloading;
(2) a hybrid scoring formula with five weighted signals that
balances short-term intent with long-term preferences; (3) a
dynamic cold-start handling mechanism that shifts
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recommendation source weights based on the user's
interaction maturity; (4) a GPT-4 powered voice chatbot
with 20 defined intents for conversational product discovery
and shopping; and (5) a production-ready microservices
architecture containerized with Docker for horizontal
scalability.

Future work includes the integration of semantic
embeddings using sentence-transformers for richer content
similarity, implementation of A/B testing frameworks for
continuous ranking weight optimization, deployment of
neural collaborative filtering models for improved
personalization accuracy, and integration of real-time event
streaming with Apache Kafka for higher-throughput
behavioral data processing.
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