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Abstract

Product recommendations present a critical discovery-bottleneck in online second-hand fashion
e-commerce due to the large volume of unique items as traditional search and filtering systems
struggle to interpret stylistic language. The aim of this thesis was therefore to propose the Style
Assistant, a Multimodal Retrieval-Augmented Generation (MM-RAG)-based Conversational
Recommender System (CRS) as a potential solution, by delivering technically robust retrieval
and recommendation performance while supporting natural language and multi-turn
interactions. Following the Design Science Research (DSR) framework, the Style Assistant
artifact was designed, developed and evaluated based on the relevance cycle, design cycle and
rigor cycle. The evaluation extended established frameworks through a mixed-method
framework combining automated LLM-driven RAGAs metrics with an interactive user
experience (UX) evaluation based on ISO 9241-11:2018 usability standards in combination with
CRS specific quality dimensions proposed by Jannach (2022). The results demonstrated high
system effectiveness, where all participants successfully discovered items they liked and would
consider purchasing, while latency was identified as a major limitation. The study concludes that
the Style Assistant essentially fulfills its aim, demonstrating significant potential to enhance
product discovery in second-hand e-commerce. Specifically, it enables users to discover
products by expressing themselves naturally with subjective terms suitable for the highly visual
domain of fashion. However, limitations were identified and in order to transition the Style
Assistant from prototype to a production ready environment further iterations of designing,
implementing and evaluating the system are needed. Future research specifically needs to
focus on optimizing pipeline latency, hard filtering constraints to fulfill explicit requirements and
integrating user personalization.
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Popularvetenskaplig sammanfattning

Att handla secondhand-kldder online har blivit ett populdrt och mer héllbart alternativ till
nyproducerat mode som dessutom erbjuder ekonomiska fordelar. Nagot som skiljer plattformar
for secondhand-kldder mot annan e-handel ar det enorma och stindigt fordnderliga utbudet av
unika produkter. Detta gor det ofta svart for anvandare att navigera bland produkterna och hitta
det de soker, vilket kan gora att en del tvekar infOr att anvéinda dessa typer av tjénster.

Plattformar f6r secondhand-klider anvinder idag ofta traditionella sokfunktioner och
rekommendationssystem, men dessa har begrinsningar 1 denna kontext. Traditionella
sokfunktioner ar vanligtvis nyckelordsbaserade och kan darfor inte hantera vaga sokningar 1
naturligt sprdk. Samtidigt kan det vara svart for anvéndare att beskriva vad de soker, eftersom
mode ofta handlar om en kénsla, stil eller tillfdlle snarare dn specifika krav. Detta skapar en
mismatch mellan nyckelordsbaserade soksystem och hur kunder vill kunna uttrycka sina
onskemdl. Samtidigt &r vanliga rekommendationssystem svara att applicera pa
secondhand-klidder pa grund av det stora antalet unika produkter.

I det hér arbetet presenteras Style Assistant, ett konversationsbaserat rekommendationssystem
for secondhand-kldder. Projektet omfattar kartliggning av problemet, utveckling samt
utvdrdering av systemet. Systemet mojliggdr interaktiva rekommendationer, dir anvéndare
stegvis kan forfina sina Onskemal genom dialog i naturligt sprédk. For att generera sina svar
anvinder Style Assistant en stor sprakmodell (LLM), vilket 4r en modell som kan generera sprak
pa en niva likt midnniskor. Multimodal Retrieval-Augmented Generation (MM-RAG) ir en
metod som anvénds for att komma ifrdn problemen med nyckelordsbaserade sokverktyg, samt
grunda rekommendationer och meddelanden 1 produktkatalogen. MM-RAG mo;jliggér semantisk
sOkning, vilket innebir att rekommendationerna grundas pa betydelsen av anvidndarens s6kning
istillet for specifika nyckelord. Systemet rekommenderar alltsa de produkter som bést matchar
anvindarens forfrigan. Att metoden dr multimodal betyder att textsokning kan matchas mot
visuella attribut i produktbilder. For problemidentifiering, utveckling och utvérdering av
systemet har Design Science Research anvints, vilket dr en metod for att utveckla tekniska
16sningar till riktiga problem.

Resultaten visar att Style Assistant har potential att forenkla hur anvéindare hittar
secondhand-kldder online. Under utviarderingen upplevde testpersonerna systemet som
hjalpsamt, och alla hittade produkter som de var intresserade av. Framfor allt uppskattades Style
Assistants formaga att forstd vagare ord, sdsom en stil eller en “vibe”, samt mdjligheten att
iterativt kunna forfina sina Onskemal under konversationens ging. Ddremot identifierades
svagheter gillande responstid och att specifika krav ibland inte uppfylls. Style Assistant
uppvisade alltsd potential i att adressera utmaningarna med att hitta relevanta produkter, men
skulle behova vidare utveckling for att fullt ut mota anvindarnas behov.



Sammanfattningsvis kan Style Assistant vara ett verktyg som forenklar utforskandet av
produkter pd onlinebaserade secondhand-plattformar for kldder, genom forenklad navigation
genom produktkatalogen samt forstaelse for naturligt sprak. For att utveckla Style Assistant till
ett produktionsfirdigt konversationsbaserat rekommendationssystem skulle vidare studier
behdva fokusera pa att 6verkomma de tekniska svagheterna samt utforska nya omraden sdsom

personalisering, grinssnitt och faktisk anvdndning 6ver langre tid.
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1. Introduction

While modern growth of second-hand fashion e-commerce platforms has emerged as a vital
ecological and economic alternative to the fast-fashion crisis (Claudio, 2007; Guiot & Roux,
2010), product discovery remains a major challenge in these contexts due to the large volume of
unique items. Unlike traditional e-commerce, the uniqueness of second-hand products creates
challenges for recommender systems due to data sparsity and cold-start problems (Yu et al.,
2020; Khatwani & Chandak, 2016). This makes it difficult for users to navigate large inventories
and find relevant products.

Fashion is a highly visual and subjective domain with personal preferences often expressed in
subjective terms which traditional search and filtering cannot capture. In the context of fashion
e-commerce, it can be difficult to find relevant items with specific attributes due to structured
filters not being precise enough to capture a highly specific request. Furthermore, it is often
difficult to explore products in a desired style or aesthetic, since traditional keyword-based
search lacks the ability to semantically understand broader stylistic terms. (Deldjoo et al., 2025;
Laenen et al., 2018). Limited historical data as well as unique items makes this even more

challenging in second-hand fashion e-commerce.

This discovery bottleneck requires a more dynamic and context-aware approach, motivating the
transition toward Conversational Recommender Systems (CRS). Through Conversational Al, a
CRS enables users to express preferences in natural language as well as iteratively refine
recommendations through multi-turn feedback (Nawara & Kashef, 2025; Gao et al., 2021).
While Large Language Models (LLMs) enable CRSs to generate human-like text for the
conversation, they are prone to limitations such as hallucination and a lack of domain-specific
language (Gao et al., 2024; Nawara & Kashef, 2025).

To mitigate these limitations, Retrieval Augmented Generation (RAG) uses an external product
knowledge base to ground the generated responses and recommendations in actual inventory
product data. Specifically, Multimodal RAG (MM-RAG) allows product images and product
metadata text to be embedded into a shared vector space. This enables semantic understanding,
where users can search for visual attributes using natural language (Zhang et al., 2025). Given
the visual nature of the fashion domain, a multimodal approach is essential for supporting users
in fashion discovery (Deldjoo et al., 2025).

Sellpy, a large-scale online second-hand retailer with around ten million live items, currently
relies on traditional product discovery and recommendation systems. To address the previously
mentioned product discovery bottleneck, this thesis presents the Style Assistant, a
MM-RAG-based CRS designed for second-hand fashion recommendations.



1.1 Aim and Objectives

The aim of this thesis is to address the product discovery challenge in second-hand fashion
e-commerce. A Design Science Research (DSR) (Hevner et al., 2004) approach will be used to
design, develop and evaluate the Style Assistant artifact, based on the relevance cycle, design
cycle and rigor cycle (Hevner, 2007). The Style Assistant proposes a Multimodal
Retrieval-Augmented Generation (MM-RAG)-based Conversational Recommender System
(CRS) as a potential solution to the product discovery challenge in large-scale second-hand
e-commerce with unique items. The system aims to deliver technically robust retrieval and
recommendation performance while supporting natural language and multi-turn interactions. To
evaluate the system performance and quality, both automated Retrieval-Augmented Generation
Assessment (RAGAs) metrics and User Experience (UX) evaluation will be used to assess
technical accuracy as well as perceived usability and recommendation relevance.

O1. Analyse user needs and product discovery challenges in the context of
second-hand fashion e-commerce to identify the design problem.

02. Design and implement a multimodal RAG-based CRS artifact including retrieval
strategy, conversational interaction flow, and recommendation logic.

03. Evaluate the system performance using RAGAs as an automated evaluation
method to assess retrieval effectiveness and recommendation quality.

04. Evaluate the perceived quality of the recommendations and conversational
interactions through UX evaluation based on usability metrics.

1.2 Scope and Limitations
The scope of this thesis mainly focuses on how a RAG-based Style Assistant can support users
in product discovery on Sellpy. Both the implementation and the evaluation therefore focused on
the relevance of the retrieved product recommendations and the generated content. The Style
Assistant was limited to fashion items in order to narrow the scope of the project, and while
Sellpy has a wide product catalog, fashion items represent the largest part.

The system includes a user interface, however the purpose of this is mainly to facilitate UX
evaluation and demonstrate the functionality of the Style Assistant. The design and usability of
the user interface were out of scope and were not taken into account in the evaluation during this
thesis. Security aspects, such as handling harmful or inappropriate generated content, were not
within the scope of this thesis, and were not handled any further than what was already provided
by the Google Gemini APIL



2. Background

This section establishes the theoretical framework for the thesis, beginning with the unique
challenges of second-hand fashion e-commerce platforms. It then explores the evolution of
recommendation systems toward conversational models and concludes with a technical overview

of Retrieval-Augmented Generation (RAG) as well as ethical implications.

2.1 Second-Hand E-commerce

While the rise of fast fashion has decreased the lifespan of fashion items, resulting in a massive
environmental crisis (Claudio, 2007), it has simultaneously triggered a significant shift in public
consciousness. Today, an ethical and ecological desire to distance oneself from this consumerist
retail system has fundamentally shifted the mainstream attitude (Guiot & Roux, 2010).
Consequently, second-hand shopping has emerged as a vitally important alternative, with both
economic and environmental benefits (Claudio, 2007; Guiot & Roux, 2010). As this consumer
movement continues to expand online, e-commerce in general, and especially in the context of
fashion, offers a large volume of available items. However, a discovery bottleneck occurs when
thousands of products are daily updated or listed, each containing images and textual metadata.
The mission to find items of interest by searching among this large dataset based on the user's
personal preferences can therefore be a difficult task. (Rubio et al., 2017). Consequently,
recommendation systems are vital for e-commerce platforms to present the right item to the right
user (Khatwani & Chandak, 2016).

Fashion recommender systems differ from other e-commerce recommender systems in several
ways. Firstly, they must account for intertwined relationships, which is not as common for other
types of e-commerce. There are both item-user relationships based on style preferences as well
as item-item relationships capturing how items match based on color, fabric or functionalities.
Visual and aesthetic features also play a significant role in fashion compared to other
e-commerce platforms, influencing both how items are matched to a user's style as well as when
items are matched together. The rapid cycle of trends within the fashion context requires the
recommender system to always remain updated to ensure relevance, while higher levels of brand

loyalty add another layer of complexity to the recommender logic. (Deldjoo et al., 2025)

These fashion-specific complexities are further increased in second-hand e-commerce, an
environment characterized by a “long-tail” nature where items are unique, short-lived and often
accompanied by noisy user inputs (Yu et al., 2020; Shen et al., 2012). This creates severe data
sparsity, a major obstacle to recommendation model performance (Khatwani & Chandak, 2016).
Furthermore, available metadata is typically restricted and does not capture an item’s full
semantic meaning, complicating traditional text classification tasks (Shen et al., 2012).
Consequently, traditional recommendation frameworks that rely heavily on historical item

interactions are ill-suited and inefficient as they are prone to overfitting when learning per-item
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latent factors and face exceptionally aggressive cold-start problems since unique items inherently
lack historical data (Ye et al., 2023; Wu et al., 2025). To overcome these static constraints,
second-hand e-commerce requires more complex context-aware solutions dynamically adaptable
to user intent through interactive dialogue (Nawara & Kashef, 2025).

To address these needs, traditional discovery can be categorized in two interaction modes, firstly
by searching based on queries from typed search terms, or secondly by faceted browsing through
various available categories (Pradhan et al., 2023). In both contexts, structured filters can help
the user to narrow down the results by refining their results through filters on category, size,
color, price etc (Sinha, 2020).

During discovery and search, traditional systems particularly handle explicit user intent
effectively as these are clearly mappable to structured attributes and can be matched to items.
Traditional search and filter systems typically support faceted filtering for refinement,
autocompletion and suggestion for query acceleration, catalog-aware retrieval for valid results
and personalization hooks based on user history and preferences (Sinha, 2020). However, all this
requires the user being able to clearly specify their search goal in terms that align well with the
product schema. This leaves e-commerce search with some fundamental challenges to
understanding user intent from sometimes short or ambiguous queries as well as understanding
the products in the catalog in a broad semantic sense (Wang & Na, 2023). In the context of
fashion discovery, and especially in second-hand e-commerce, these tasks become further
challenging as user requests often are expressed in subjective language in terms of style, vibe or
occasion rather than correctly stated search terms. For example, a user searching for “jeans with
holes” might not find good matches if these items are described as “distressed jeans” in the
catalog (Laenen et al., 2018). In cases like this, traditional systems alone may underperform,
even if the underlying search stack is fast and rich in features (Laenen et al., 2018). This does not
mean that search and filtering in e-commerce in this traditional sense is invalidated, but rather it

motivates the extension of methods to also handle semantic and conversational intent.

2.2 Conversational Recommendation Systems
Conversational Artificial Intelligence simulates human-like conversations through natural
language processing (Mamun et al., 2025). Within e-commerce, Conversational Recommender
Systems (CRSs) use this technology to enable purchases and product discovery through
interactive chatbots (Sidlauskiene, Joye & Auruskeviciene, 2023). These systems offer real-time,
personalized, one-to-one interactions designed to enhance usability, engagement and guidance,
ultimately driving platform revenue (Sidlauskiene, Joye & Auruskeviciene, 2023; Freitas &
Lotufo, 2024). Broadly, the underlying conversational loop initiates with a user message, where
this natural language then is processed and evaluated to generate a response. The system then
either stops the interaction there, or it loops continuously to iterate new user inputs to the



dialogue. To generate meaningful user value, this complex and iterative process must remain

natural and intuitive (Mamun et al., 2025).

By enabling these iterative inputs, a CRS allows users to progressively refine their preferences
through natural language queries (Nawara & Kashef, 2025), rather than requiring a complete and
clearly stated intent in a single initial turn (Gao et al., 2021). Unlike traditional search and filter
systems, a CRS stores and reuses conversation history to improve the relevance and continuity of
the recommendation (Freitas & Lotufo, 2024). This kind of system is particularly suited for
domains where product discovery is hindered by vague or subjective user intent (Laenen et al.,
2018). Compared to traditional e-commerce platforms strictly driven by structured attributes,
fashion e-commerce heavily depends on fluid user intents and stylistic descriptions. This makes
CRSs particularly valuable as they enable a dialogue for further refinements (Deldjoo et al.,
2025). The ultimate purpose is to combine semantic intent understanding with controlled

retrieval and filtering in order to help users find relevant results (Gao et al., 2024).

2.3 Large Language Models

The emergence of Large Language Models (LLMs) has transformed the fields of conversational
Al and Natural Language Processing (NLP). Constructed using the transformer architecture and
trained on massive text corpora, LLMs are capable of processing and generating natural
language at a level comparable to humans on many NLP tasks (Teubner et al., 2023). Modern
implementations increasingly extend traditional recommendation frameworks through the usage
of LLMs to handle limitations like data sparsity, cold-start constraints and limited contextual
reasoning. Because LLMs offer the possibility to understand and generate human-like text, they
allow the system to dynamically match user preferences while adapting to changing multi-turn
contexts and intents (Nawara & Kashef, 2025). Furthermore, LLMs can in some cases improve
transparency and consumer trust by generating natural-language explanations for their
suggestions (Mclnerney et al., 2018; Nawara & Kashef, 2025). In fashion e-commerce, these
dialogue-based recommendations can reduce decision uncertainty and capture abstract style
preferences outside standard categorization, allowing interactive adjustments even for small
details. By integrating mixed-modality retrieval users are enabled to interact directly with visual
features, maximizing their ability to effectively communicate style preferences. (Deldjoo et al.,
2025)

Even though LLMs have a wide set of capabilities, they still carry limitations that complicate
their integration into many real applications (Gao et al., 2024). At a foundational level,
implementations using LLMs can be interpreted as “black-box” models in cases where
explanations of their outputs might only offer limited meaningful interpretability (Mamun et al.,
2025; Milano et al., 2020). This opaque decision making constrains systematic accountability
and raises challenges for justifying why specific results are presented to the user (Milano et al.,
2020). Furthermore, the relational dynamics between the user and the system positions

communication and trust as key factors in human-Al interaction (Mamun et al., 2025). One way
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to improve trust is through "grounding in communication”, a method that decreases
misunderstanding by explicitly establishing what has been said to demonstrate systematic
comprehension (Mamun et al., 2025). Establishing this transparency and perceived reliability
directly influences how safely and effectively users can evaluate options and proceed with
confidence (Lopez-Lopez & Iniesta, 2025). Moreover, a main limitation is the models’ proneness
to hallucination and their lack of domain-specific knowledge. Because LLMs are trained on
fixed datasets, they lack a capability to provide domain specific or sometimes up-to-date
information. Hallucination refers to LLMs producing linguistically coherent and highly plausible
outputs containing factually incorrect information (Gao et al., 2024; Teubner et al., 2023; Jing et
al., 2024; Nawara & Kashef, 2025). The models are particularly prone to hallucination in
domain-specific or knowledge-intense contexts, where queries exceed the scope of their training
data (Gao et al., 2024).

These limitations directly affect the core design considerations when building systems that use
LLMs. Strategies include decreasing the model’s extent of responsibility in creating all
responses, minimizing its usage in tasks especially prone to hallucination, or avoiding
completely relying on LLMs during important subtasks directly affecting the user. By applying
lighter NLP approaches composed of transformer-based message classifiers and pre-written
responses as a first step before using LLMs, the system becomes more robust as well as saves
computational costs. (Freitas & Lotufo, 2024).

2.4 Retrieval-Augmented Generation (RAG)

To overcome the challenges with LLMs in the context of CRSs, Retrieval-Augmented
Generation (RAG) functions as a key technique by incorporating an external knowledge base.
This retrieved data is used to ground the generated response. RAG architectures can be
categorized into multiple variants, where naive RAG technology consists of three components;
retrieval, augmentation and generation, and where advanced RAG follows the same fundamental
pipeline but implements additional pre-retreival and post-retrieval processing to improve
performance. (Gao et al., 2024).

While traditional RAG applications are limited to text as a single modality, real-world data often
exists in multiple modalities (Shu & Yu, 2025). With the development of multimodal large
language models (MLLMs), RAG technologies can handle diverse data types, including images,
audio, video, and code. Multimodal RAG (MM-RAG) enables both RAG with multimodal inputs
and retrieval, as well as multimodal generation. This architecture supports both multimodal
inputs and retrieval, as well as multimodal generation, enabling a system to process queries in
one modality and retrieve or generate content in another (Zhang et al., 2025). For instance, it
allows a textual conversation to interact directly with visual product attributes.



2.4.1 Vector Database and Multimodal Embeddings
The foundational component of a RAG system is the knowledge base, implemented as a vector
database where information is stored as high-dimensional mathematical representations. Before
data can be stored, it must be processed in a pre-retrieval phase where its format is standardized
and then segmented into smaller chunks. A critical factor in this phase is the retrieval granularity.
Coarse-grained retrieval provides more semantic context but may introduce noise and higher
computational costs, while fine-grained retrieval offers higher precision for specific matches but
risks losing the semantic meaning. Determining the ideal granularity is essential for optimizing
the overall performance of the RAG architecture but may vary for different tasks (Gao et al.,

2024).

Once segmented, each data chunk is encoded into a high-dimensional vector representation using
an embedding model. In MM-RAG, these embedding models must be capable of processing
multimodal data and mapping it into a shared high-dimensional vector space. By projecting
images and text into a shared vector space, multimodal embeddings allow comparison of data
across different modalities, for example allowing a textual query to retrieve semantically relevant
matches in forms of images. This vector space represents semantics by ensuring that objects with
similar attributes are positioned in close proximity to each other. Similarity within this vector
space is determined by calculating the distance between vectors using measures such as cosine
similarity or dot product. (Shu & Yu, 2025)

2.4.2 Pre-Retrieval

Original user queries can be ambiguous, incomplete or misaligned with the stored vector data,
making them insufficient for direct retrieval. Core challenges in query processing include query
complexity, poorly formulated or unorganized language and difficulties in processing
domain-specific language. To address these issues, query optimization is employed to refine the
user’s input into a more precise formulation suitable for vector similarity search. The primary
query optimization strategies described in the literature include query expansion, query
rewriting, multi-query and query routing. (Zhang et al., 2025; Gao et al., 2024)

Query expansion aims to enrich the original query by incorporating additional semantic
information into the query. The expansion is typically executed by an LLM that analyzes the
original query and redefines it with semantically stronger information before retrieval takes
place. Query rewriting instead focuses on rephrasing the query with different wording while
preserving the original semantic meaning to account for alternative linguistic expressions.
Furthermore, the multi-query approach aims at handling complex inputs by dividing the original
query into smaller sub-queries whose separate results are later integrated into a single unified
response during the augmentation stage. Dividing the query can be achieved using different
methods such as query splitting or query decomposition. Query splitting divides the query into
smaller components, such as sentences or keywords and uses these isolated fragments for
retrieval. Query decomposition alternatively tries to capture different dimensions of the query, by
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splitting the original input into sub-queries that isolate distinct semantic dimensions. (Zhang et
al., 2025). Finally, query routing aims to improve overall retrieval by directing the query to the
most appropriate search pipeline. This process includes, for example, extracting keywords or
semantic features to decrease the active search space during retrieval. (Gao et al., 2024)

2.4.3 Retrieval

During the retrieval phase, the optimized query is used to retrieve the most relevant data from the
knowledge base. RAG systems can use different types of retrievers; sparse, dense or hybrid (Gao
et al., 2024). Sparse retrievers use sparse high-dimensional vectors where each dimension
corresponds to a specific keyword, meaning that relevance is determined through exact keyword
matching. While sparse retrieval is computationally efficient and effective for finding specific
terms, it is limited strictly to the text modality and lacks a deeper semantic understanding of
linguistic context. Dense retrieval instead uses dense high-dimensional vectors to enable
semantic similarity matching, allowing the system to identify relevant matches even when they
do not share exact keywords with the query (Wang et al., 2024). These dense retrievers are
essential for MM-RAG frameworks because they enable similarity searches across diverse
modalities within a shared embedding space. Moreover, hybrid retrievers combine multiple
approaches by combining the exact keyword-match precision of sparse methods with the
contextual semantic depth of dense methods, resulting in significantly higher retrieval
performance (Zhang et al., 2025).

2.4.4 Post-Retrieval Processing and Augmentation
Augmentation is the process of preparing the retrieved data before the generation step. In a naive
RAG architecture this step simply adds the retrieved data to the user query as additional context.
However, in an advanced RAG framework, this stage includes post-retrieval processes designed
to optimize the quality and relevance of the retrieved data before generation. Such augmentation
steps can include reranking, summarizing and fusion. (Winterflood, 2026).

Reranking refers to reassessing the initial retrieved results and assigning weights to them in order
to ensure that the most relevant information is prioritized. Fusion is the process of combining
results from multiple retrieval legs or modalities, which results in a unified set of candidates.
Another technique is information compression where the retrieved context is reduced in size to
fit model constraints while also maintaining its semantic core. Noise removal is another
preparation step where the generated response is cleaned from irrelevant or distracting segments
to improve precision. Similarly, summarization is a process where the retrieved information is

condensed to provide a more focused context for the generator. (Winterflood, 2026)

The general purpose of these augmentations is to reduce the cognitive load on the generation in
order to minimize the risk of the model focusing on irrelevant parts within the retrieved data.
Consequently, the augmentation step results in clean and highly relevant prompts for the final
component of the pipeline: the generation. (Zhang et al., 2025).



2.4.5 Generation

The generator is the final component of the RAG pipeline, which is responsible for synthesizing
the original query in combination with the refined context into a coherent and human-like written
response (Shu & Yu, 2025). While traditional RAG uses a standard LLM for textual output,
MM-RAG utilizes a MLLM to support various combinations of multimodal inputs and outputs
(Zhang et al., 2025). The architecture of a MLLM generator generally consists of five
components: a modality encoder, an input projector, a LLM backbone, an output projector and a
modality generator (Zhang et al., 2025).

The modality encoder turns raw inputs into features which capture modality-specific semantic
representations. Then the input projector maps these features into a text vector space later used
by the LLM backbone, which is the core model responsible for the reasoning and synthesis,
based on integrated multimodal semantics. The output projector then maps token embeddings
from the backbone to a feature space for the modality generator which produces the final output,
often using latent diffusion models for non-text modalities. (Zhang et al., 2025)

Performance can be further improved through targeted prompt engineering where the model is
guided through input design or fine-tuning. This updates the parameters to align the generator
with the retriever or any domain-specific knowledge (Zhang et al., 2025; Gao et al., 2024). All
together, these methods allow the system to decrease hallucinations and instead provide factually
grounded recommendations (Gao et al., 2024).

2.5 User Experience

The success of a conversational recommender system depends less on the underlying level of Al
sophistication and more on the quality of the user experience. If the system fails to engage the
user, the technical complexity of the Al is irrelevant as this would lead the system to being
unused (Lopez-Lopez & Iniesta, 2025). The usability of a system is defined by the three pillars
of effectiveness, efficiency and satisfaction (ISO 9241-11:2018).

Effectiveness measures the accuracy and completeness with which a user achieves their goal and
serves as an internal diagnostic for the success of subtasks (ISO 9241-11:2018). In an
e-commerce CRS, achieving this accuracy heavily relies on bridging raw user queries and the
fixed item metadata (Wang & Na, 2023). This constraint is particularly evident in the context of
fashion, where users often use fuzzy language when describing these subjective visual items
(Laenen et al., 2018). Tightly related to this is how a system processes negations, which
represent negative constraints. If a user specifies that they want a dress but explicitly asks for it
“without sleeves”, the system must handle this accurately to provide an effective retrieval (An et
al., 2025). To sustain this effectiveness over long-term interactions, the CRS must continuously
navigate the “explore-exploit” dilemma. While the system can maximize immediate engagement
through exploitation, which means recommending safe and predictable options, it must also
introduce exploration by presenting uncertain or diverse items. (Mclnerney et al., 2018; Yang et
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al., 2023). Balancing the two is crucial for minimizing user fatigue and becomes especially
critical for cold-start users where the system has limited historical interactions to base

recommendations on (Gao et al., 2021).

Efficiency centers on the resources expended, such as time, effort and costs, in relation to the
results achieved (ISO 9241-11:2018). Users have limited time and energy, and a failed
exploration may expose them to recommendations with low confidence. Unsuccessful
exploration represents a lost interaction opportunity, which can negatively impact the user’s
perception of the system (Gao et al., 2021). Meanwhile, asking many follow-up questions with
the purpose of understanding the user’s preferences can at the same time be perceived as too
demanding, potentially leading to boredom and user abandonment. (Gao et al., 2021) Because
multimodal models often incur higher latency and resource consumption, maintaining this
efficiency is a central design challenge (Zhang et al., 2025). Interactions typically end naturally
when the user either is satisfied with the recommendations or becomes too impatient to continue
their search (Mamun et al., 2025; Gao et al., 2021). Therefore, the system strategy should aim to
use the least number of turns possible while still giving good enough results (Gao et al., 2021).

Ultimately, satisfaction is defined by the extent to which user responses meet needs and
expectations, emphasizing comfort and acceptability (ISO 9241-11:2018). This aligns with the
perceived quality of the conversation, as users value naturalness, relevance, and speed for
continued usage and loyalty (Lopez-Lopez & Iniesta, 2025; Jannach, 2022). While functional
values reflect the perceived usefulness of the system, emotional values reflect emotional
attachment and enjoyment. Traditionally, the main driver has been functional values, however
the importance of emotional values is increasing as users value enjoyable experiences higher.
These emotional values require the Al to comprehend human communication and reply
appropriately (Mamun et al., 2025). Human-like attributes are vital design elements since
perceived personalization from human-like traits leads to familiarity, similarity, and liability
(Lopez-Lopez & Iniesta, 2025; Sidlauskiene et al., 2023). If the system fails to engage the user
emotionally, the underlying technical complexity remains irrelevant, as the system will likely go

unused (Lopez-Lopez & Iniesta, 2025).

10



3. Methodology

This study was based on Design Science Research (DSR) methodology (Hevner et al., 2004),
since the aim was to design, develop and evaluate the Style Assistant as a technological artifact
to address a real-world product discovery challenge while ensuring methodological rigor. The
methodology was structured according to the three cycles of DSR: the relevance cycle, the
design cycle and the rigor cycle.

3.1 Design Science Research

Design Science Research (DSR) is an Information Systems (IS) paradigm, focusing on the
creation and evaluation of innovative artifacts that address real-world organizational challenges.
Utility is the primary goal of DSR, referring to an artifact being effective and useful within its
context (Hevner et al., 2004). According to Hevner et al. (2004), this search for an effective
artifact requires employing available means to reach desired ends, while also satisfying
environmental laws. The design process can be divided into three closely related cycles: the
relevance cycle, the design cycle and the rigor cycle (Hevner, 2007). In the relevance cycle, the
design problem is identified by analyzing opportunities and problems in the application
environment (Hevner, 2007). This cycle establishes the ends of the research, defined by Hevner
et al. (2004) as identifying specific goals, requirements and constraints that the final artifact must
satisfy. The design cycle is the central cycle in DSR according to Hevner (2007), executing a
rapid internal loop dedicated to the construction of the design artifact. Within this cycle, the
required functional ends and constraints established by the relevance cycle are iteratively
transformed into concrete technical choices until a satisfactory design is achieved. Lastly, the
rigor cycle, according to Hevner (2007), positions the entire research project in the context of the
existing knowledge base of scientific theories and engineering means to ensure structural
innovation and guarantee that the artifact produced contributes to current research (Hevner et al.,
2004). The rigor cycle grounds the research on appropriate evaluation frameworks to evaluate
the artifact as a whole (Hevner, 2007).

3.2 The Relevance Cycle
The relevance cycle is the first phase of Design Science Research, as presented by Hevner
(2007). This phase starts by analyzing the contextual environment of the research project,
resulting in requirements based on identified opportunities and problems. The goal is to create a

foundation for developing an artifact that improves its research environment or certain practices
within it. (Hevner, 2007)

Therefore, this section analyzes the problem relevance with the purpose of identifying
opportunities and limitations in the current product discovery functionalities. These insights
formed the required ends, which led to the foundational design of the Style Assistant as an
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artifact intended to support users in product discovery in an improved way. To systematically
capture these ends, this relevance cycle consisted of two main sources of collected insights from
the environment: an assessment of current product discovery functionalities in the application,
and a questionnaire aiming to collect user and stakeholder expectations of the Style Assistant.
These were further complemented by discussions about current product discovery challenges and

potential future solutions.

3.2.1 Situation Assessment

Sellpy is a large-scale online second-hand retail company, with approximately ten million of
unique items live on site. Product discovery is a fundamental challenge in second-hand
e-commerce due to interaction data sparsity, long-tail distribution and cold-start problems. (Yu et
al., 2020; Khatwani & Chandak, 2016). Currently, Sellpy has several functionalities for product
discovery including a search function with filtering options, user recommendations and
pre-curated stores. Despite this, product discovery remains as a main challenge for users,
translating into an organizational challenge. Two main sub-problems were identified: limited
specific search, and difficult exploration.

The limited specific search problem can be related to the search engine and filtering options
which relies on keyword matching and structured metadata but lacks the semantic understanding
provided by dense vector retrieval (Sinha, 2020; Gao et al., 2024). This means that a user’s
subjective and fuzzy fashion language often doesn’t align with the fixed metadata (Shen et al.,
2012; Laenen et al., 2018). For Sellpy, this means that attributes not explicitly captured in the
metadata, such as a particular fit or style, remain unsearchable. The current filtering system is
optimized for structured attributes like size, brand, condition, price, demography, color, pattern,
material, fabric etc, but it lacks the ability to capture the interface for users to express more
complex and subjective fashion intents.

The second subproblem involves discovery without explicit prior intent, where users browse for
inspiration. At Sellpy, this is currently limited to browsing through pre-defined categories, which
means that the user needs to identify what they are looking for in a context where it is difficult to
navigate to a certain style. Because the current search engine cannot handle visual style
attributes, it cannot recommend items that share a vibe or suit a specific occasion unless those
terms are already present in the metadata (Zhang et al., 2025), making exploration bounded to
pre-defined categories.

3.2.2 Expectations and Use Cases
To assess user expectations of the Style Assistant a survey was conducted, see Appendix A for
the full questionnaire. The survey consisted of four questions focusing on expected
functionalities, typical use cases and example queries to examine how users would interact with
the new system. A total of 11 responses were collected, where all participants were both Sellpy
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employees and Sellpy users. Responses were analyzed to identify recurring expectations and use

cases of the Style Assistant.

Analysis of the responses showed that the Style Assistant was expected to be effective and able
to give more advanced semantic recommendations compared to traditional keyword-matching.
Some recurring expected functionalities were the ability to recommend outfits, match items to
occasions and handle user feedback. It was noted that users would use the Style Assistant as a
way to overcome filter limitations, both regarding specific product searches and for getting
broader inspirational searches. Furthermore, it was important that the system understood broad
stylistic fashion terms and concepts in order to give more accurate recommendations. Also, it
was required to handle filters like brand, price and material. Overall, the results suggested that
users expected the Style Assistant to support more flexible and natural interactions compared to
existing product discovery functionalities.

3.2.3 Style Assistant

The problem analysis, including a situation assessment and a conducted survey on user
expectations resulted in a positioning of the problem relevance for the new artifact. The result of
the design cycle is therefore the Style Assistant artifact, which aimed to be an effective solution
by utilizing available means to reach desired ends while satisfying environmental laws, which
are the inherent rules and limitations of the environment to which a design must adapt, as defined
by Hevner et al. (2004). In the context of second-hand e-commerce, these environmental laws
relate to the uniqueness and short lifespan of individual second-hand items. Consequently, the
identified design problem is to develop and evaluate a conversational recommender system
capable of supporting both specific and exploratory fashion searches through natural language
and semantic understanding, as well as handling iterative user feedback.

In a design problem, Hevner et al. (2004) refers to ends as the goals and constraints of the
solution. For the Style Assistant artifact, a number of different ends were identified from the
design problem analysis which the final artifact was required to satisfy. These foundational ends
required the user to be able to use natural language to describe what fashion items they were
looking for and to be able to specify details or attributes that the current search and filtering
functionalities do not allow. The system must be able to both understand specific requirements,
such as “I want an oversized dark wash denim jacket with distressed details” and broader
stylistic terms not captured by filters, for example “I am looking for professional clothing for a
job interview”. Also, users had to be able to address what they do not want in natural language,
making handling negations an end.

The filtering process was designed to be handled automatically by interpreting user input and
extracting filters such as brand, material and price from it. Multi-turn conversation had to be
handled by the Style Assistant, where previously stated user preferences must be remembered
throughout the conversation. The user also needs to be able to refine their requirements by
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multi-turn conversation, for example by writing refinements such as “I want a lighter color” or
“More bohemian style”. Moreover, the generated messages were intended to feel natural to the
user, as well as be grounded in the conversation and retrieval. Based on these ends, the Style
Assistant aims to offer easier navigation through the large product catalog by enhancing the

relevance of a smaller amount of items presented to the users.

While the ends establish the objectives, means instead refers to the resources and actions
available to construct a solution. To reach the desired ends of a design problem, available means
are utilized (Hevner et al., 2004). To address this design problem, the Style Assistant artifact was
designed as a RAG-based conversational recommender system as its specific technical means,
intended to improve product discovery beyond traditional keyword-based approaches. The
RAG-based approach contributed to research rigor (Hevner et al., 2004), since RAG is an
established method in similar systems for enabling semantic product retrieval as well as
grounding generated responses in retrieved product data. The means used to achieve the Style
Assistant design problem solution are further presented in Chapter 4.

3.3 The Design Cycle
Hevner (2007) refers to the design cycle as the heart of DSR, where the required ends from the

relevance cycle are matched against technical means and requirements from the rigor cycle to
ensure methodological rigor. While the design cycle is intertwined with the other two cycles, it
still serves independently while the design research is performed. By iterating between
construction of the artifact, evaluation and following feedback, the design cycle further refines
the design of the artifact. This means that the design cycle iteratively evaluates the artifact
against the requirements until they are satisfied. Both the construction and evaluation of the
artifact must be based on problem relevance and rigor, and it is important to balance the effort
spent on these (Hevner, 2007).

Aligned with DSR, the Style Assistant was developed and evaluated as an artifact aimed to
address the product discovery challenge in second-hand fashion e-commerce, identified in the
relevance cycle. Multimodal Retrieval-Augmented Generation (MM-RAG) was identified as a
rigorous method for building a CRS. This approach allowed for natural language communication
as well as multi-turn refinements, while ensuring that generated messages and retrieved product
recommendations were grounded in actual product inventory data (Gao et al., 2021; Nawara &
Kashef, 2025). During the design cycle the Style Assistant was developed to address the
identified design problem and it progressed through a series of organic development iterations
focusing on different features of the artifact, all in relation to the established requirements from
the relevance cycle. These development phases were generally categorized as follows:

Iteration 1: Baseline Retrieval and Simple Prompting

Iteration 2: Intent Classification and Query Rewriting
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Iteration 3: Filter Extraction Heuristics and LLM Fallback
Iteration 4: Reference Pinning, Vector Weighting, and Negations

The construction of the final Style Assistant pipeline is further examined in Section 4. While
these rapid internal design cycles are based on continuous, informal smaller evaluations to refine
the artifact's technical features, Hevner (2007) notes that a design science artifact ultimately had
to be evaluated in a scientifically grounded manner. Consequently, the resulting artifact must be
evaluated through rigorous methodologies as presented by the rigor cycle in the next section.

3.4 The Rigor Cycle

The rigor cycle as presented by Hevner (2007), is where the research project is positioned in the
context of past knowledge to ensure innovation and guarantee that the produced designs
contribute new insights to the research. In practice, this includes the selection and application of
appropriate theories and methods for constructing and evaluating the artifact to ensure
methodological rigor. In this context, the evaluation frameworks from the knowledge base serve
as a scientific evaluation means necessary to verify whether the completed artifact effectively
achieves its established ends. Research contributions are defined as any extension to the original

theories and methods made during the research. (Hevner, 2007)

In the context of second-hand e-commerce, MM-RAG based CRSs is positioned as an extension
to the traditional product discovery methods. In this research project, the MM-RAG based CRS
was used to construct the Style Assistant which was later evaluated through a hybrid of existing
frameworks. Due to the complex nature of CRSs, a mixed-method evaluation that combines
objective computational measures with subjective UX measures is beneficial (Jannach, 2022).
This kind of solution is especially relevant in the context of fashion recommendations as such
preferences are highly personal and subjective (Deldjoo et al., 2025). More specifically, the
technical performance of the Style Assistant was evaluated through the RAGAs framework
proposed by Es et al. (2024) which evaluates the RAG pipeline through automated metrics.
However, RAGAs does not capture the subjective perception of the recommendations, which
required it to be complemented by an UX evaluation. The subjective evaluation of the Style
Assistant’s usability was based on a hybrid approach where usability standards of ISO
9241-11:2018 were extended with CRS specific quality dimensions proposed by Jannach (2022).

3.4.1 RAGAs Evaluation Framework
RAGAs (Retrieval Augmented Generation Assessment) is a framework proposed by Es et al.
(2024) for reference-free evaluation of RAG systems. The RAGAs framework aims to evaluate
both the retrieval and the generation of a RAG system without relying on a ground truth by using
LLM as a judge. Retrieval and generation performance are evaluated separately with respective
metrics. For retrieval, context relevance is proposed as a quality metric referring to that the

retrieved documents should exclusively be relevant to answer the query. For generation, the two
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proposed metrics are answer faithfulness and answer relevance. Answer faithfulness refers to
that the answer should be grounded in the context, aiming to avoid hallucinations in the
generation. Answer relevance refers to that the generated answer should answer the query input.
All RAGASs metrics provide scores on a continuous scale between 0 and 1, where higher values
indicate better performance. (Es et al., 2024)

These metrics are evaluated based on query-passage-answer triples. Whereas the query is the
initial user request or question, the passage is the retrieval context containing a relevant
knowledge base used for retrieval to help answer the query, and the answer being the final
response generated by the system (Es et al., 2024). RAGAs automatically evaluate these triples
based on the three quality aspects using an LLM and specific prompting strategies which focuses
on the alignment and relevance between the components of the triples. The way RAGAs uses
LLM as a judge has been shown to align more closely with human judgement than other similar
baselines. (Es et al., 2024)

3.4.2 RAGAs Evaluation Protocol
To evaluate the technical quality of the Style Assistant RAG pipeline without having to rely on
manually authored ground-truth answers, RAGAs was applied to logged query-context-answer
triples. This suited open-ended, multi-turn searches where many replies were acceptable and
where strict correct answers were often undefined. (Es et al., 2024). The aim was to provide an
automated analysis of how successfully the Style Assistants specific means meet their

corresponding functional ends.

The evaluation was driven by a scenario catalog built of 29 different scenarios divided into 16
different groups, which aimed to evaluate different types of queries. These groups included
specific search, exploration, filters, UI filters, negations, reference, and refinements. Dividing the
scenarios into groups enabled assessment of the system performance on different types of
queries. In total, the catalog contained 41 step-level chat turns where each step produced one
evaluation row. Evaluation scenarios were executed in a reproducible manner based on a script
that also preserved session order for multi-turn cases. Each step produced one row in the
exported table and those rows were passed to RAGAs which scored each row individually.

Summary statistics were computed overall, per scenario and per scenario groups.

Each evaluation scenario consisted of a user search query, which was captured as a text message,
and an accompanying “extras” payload. This payload contained explicit non-visual filters, such
as demography, size and reference item data. Some scenarios represented multi-turn dialogue
and therefore included several iterations of messages and extras. The scenarios were used for
building a RAGAs dataset by running the scenarios against the Style Assistant API. The RAGAs
dataset is then used for computing the desired RAGAs metrics. For each scenario, the RAGAs
dataset is constructed using the query, which was the user message; the context, which was the
textualized retrieved content of the retrieved products with corresponding vector database
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payload attached; and the answer, which was the assistant’s generated answer. The textualized
retrieved content consisted of following attributes: rank, id, title, brand, color, size, price, score,

and optional material, fabric, pattern, sleeve length and garment length.

During the evaluation, three RAGAs metrics were used. To evaluate the retrieval, context
relevance determined how much of everything retrieved was actually useful for answering the
query. That meant that irrelevant hits, such as items from the wrong category or results not
fulfilling the requirements constraints, led to a lower context relevancy score. (Es et al., 2024).
For example if the user’s query asked for a floral short-sleeved shirt in linen, and the results were
products with these attributes stated in product metadata, this typically resulted in a high context
relevance score. In contrast, a low context relevance score resulted if the results contained
unrelated attributes, for example wrong patterns or product types. In practice, this was calculated
by the judge LLM based on the query, the model answer and the single context chunk for each
retrieved context, which then decides whether the context was useful for producing the answer
(Es et al., 2024; Exploding Gradients, 2026). The exact system prompt template is provided in
Appendix B.

Answer faithfulness was the metric used to decide if the assistant claims were supported by the
logged retrieval context or not (Es et al., 2024). High answer faithfulness meant that the reply
only described the actual retrieved results, in this case floral short-sleeved linen shirt,
meanwhile, a low answer faithfulness score was recorded if the assistant for example claimed
that it had avoided all other patterns, while some products in the context included other patterns
than floral. In practice, faithfulness uses two LLM passes (Es et al., 2024), firstly statement
decomposition from the pair of question and answer, and secondly verification for each
statement against the retrieved context, using the prompt sequence shown in Appendix B.

The third evaluated quality metric was answer relevancy which checked whether the reply
matched the user’s request by generating a potential input query from the answer and computing
the similarity between the original query and the generated queries (Es et al., 2024). A high
answer relevancy score in this case would mean that the reply directly addressed floral
short-sleeved linen shirts. On the other hand, a low score meant that the answer drifted off-topic,
for example by discussing unrelated subjects. To evaluate the answer's relevance without relying
on any ground truth, the LLM was prompted in a way to generate several potential questions
based on the generated answer; the specific evaluation prompt formulation is provided in
Appendix B (Es et al., 2024; Exploding Gradients, 2026).

One limitation of RAGAs as evaluation in the context of the Style Assistant was the fact that it
does not use product images, and instead its metrics only used textualised retrieval. As a result,
the scores reflected the logged text and not any visual similarities. This meant that visual features
not expressed in the metadata, such as style, vibe, occasion, fit, were not captured by the RAGAs
evaluation. The lack of visual understanding potentially introduced lower RAGAs scores despite
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the recommendations being stylistically relevant. Furthermore, RAGAs could measure perceived
usability, trust or other recommendation satisfaction, meaning it could not fully evaluate
subjective UX ends. For this reason, automated RAGAs results, which highlighted the technical
performance of the means, were interpreted together with UX findings from the following
section. This combined analysis enabled a more complete assessment of both pipeline quality as
well as experienced quality by users, capturing additional aspects beyond metadata.

3.4.3 User Experience Evaluation Framework
The UX evaluation of the Style Assistant is based on a hybrid framework, integrating the
usability standards of ISO 9241-11:2018 with the quality dimensions proposed by Jannach
(2022) specifically for the conversational recommender systems. The hybrid approach adapts the
usability definition to the Style Assistant domain, ensuring rigorous usability evaluation of the
Style Assistant artifact. Usability is defined by ISO 9241-11:2018 by three measurable pillars
that describe the quality of user interaction with a system: Effectiveness, Efficiency and
Satisfaction. This standard treats usability as an outcome of interaction rather than a static

product attribute.

Within the context of CRS, evaluation is inherently interactive and user-centric, requiring both
objective and subjective measures to capture the user experience and subjective quality
perceptions (Jannach, 2022). While traditional quality dimensions for recommender systems
include prediction accuracy, item coverage, novelty, serendipity and diversity, four primary UX
dimensions for CRS evaluation have been identified in the literature: Effectiveness of Task
Support, Efficiency of Task Support, Quality of the Conversation and Usability, and
Effectiveness of Subtask (Jannach, 2022).

To adapt the three ISO pillars for a conversational recommender system, these are mapped to
Jannach’s (2022) four evaluation dimensions, resulting in the following combined evaluation

metrics:

Effectiveness: The ISO standard defines this as the accuracy and completeness with which users
achieve goals (ISO 9241-11:2018), which in the context of the Style Assistant measures the
external outcome whether the users found items they would purchase. This pillar integrates two
concepts from Jannach (2022): Effectiveness of Task Support, which is the primary measure of
the system’s ability to help users in product discovery and includes traditional recommendation
quality metrics, and Effectiveness of Subtask, which serves as an internal diagnostic focusing on
the success of individual components like intent classification, filtering and prompt generation.

Efficiency: Based on the ISO definition, this measures the resources used, such as time, effort
and costs, in relation to the results achieved (ISO 9241-11:2018). This is applied through
Jannach’s Efficiency of Task Support, which evaluates how well the system performs its tasks in

terms of time or perceived effort.
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Satisfaction: The ISO standard defines satisfaction as the extent to which user responses meet
their needs and expectations, emphasizing comfort and acceptability (ISO 9241-11:2018). This
corresponds with Jannach’s dimension of Quality of the Conversation and Usability, which
discusses the subjective experience and linguistic aspects of the conversation, aligning the
perceived usability of the system with ISO’s holistic focus on Satisfaction.

These combined dimensions take the interactive nature of CRS into account while still
incorporating traditional usability metrics. (ISO 9241-11:2018; Jannach, 2022)

3.4.4 User Experience Evaluation Protocol

To complement the quantified and controlled RAGAs evaluation, the UX evaluation of the
system aimed to capture a subjective and human-oriented dimension of the performance and
quality of the CRS. This allowed for the assessment of the perceived relevance of the
recommendations and system performance, as well as how likely users would be to use the Style
Assistant again in real-life scenarios. A total of nine participants took part in the evaluation. This
sample size was considered sufficient to capture insights regarding user perception of the CRS.
The participants were required to have prior experience in using Sellpy as a second-hand
shopping platform, as well as an interest in second-hand shopping, since Sellpy users represented
the main target group of the system. Other than that, no domain-specific knowledge was
required.

Each session started with a short introduction of the main functionalities of the Style Assistant.
Since the goal of the user-centered evaluation was to evaluate the system performance in regards
to its recommendations and not any aspects of the user interface, the participants were briefly
instructed how to interact with the UIl. The evaluation consisted of two main scenarios, each
repeated twice to improve coverage and consistency. For each scenario, the user was asked to
produce a search query based on products that they were currently interested in, in order to
actually be able to determine whether the recommendations were good or not. During the
evaluation session, each user produced two specific search queries and two broader exploratory
searches. The user was encouraged to interact with the system until they either found a suitable

product or gave up.

Scenario 1-2 (specific search): Participants were asked to generate two specific product queries
with clearly defined requirements. The goal was to evaluate the system’s ability to support
specific search and recommend products following explicit requirements.

Scenario 3—4 (exploration): Participants were asked to generate broader queries based on style,
inspiration, aesthetic, or occasion. The goal was to evaluate the system’s ability to support

exploratory search and provide diverse, inspirational recommendations.

At the end of the session, two open questions about the system's strengths and weaknesses were

asked in order to capture the user’s general perception of the system. Afterwards, the user was
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asked to fill in a questionnaire based on ISOs usability definition and the four evaluation
dimensions of conversational recommendation systems suggested by Jannach (2022). The
complete post-evaluation questionnaire is provided in Appendix C. The questionnaire includes
21 questions grouped based on the usability dimensions. Most questions used a Likert scale
where the user rated how well the question corresponded to their perception from 1 to 7. Some
questions were direct yes/no questions to determine whether the user succeeded or failed with
the main task of the system.

During the UX evaluation, all data from the sessions, including response time and the number of
iterations, was collected in a NoSQL database. Additionally, it was noted whether each session
resulted in a success or failure, defined by whether the user found something they liked or if they
gave up. This data was later used for computing the average response time, average number of
iterations and fractions of success versus failure to be used during the results and discussion. By
combining objective metrics, subjective Likert-ratings and open feedback, the questionnaire aims
to provide an in-depth assessment of how well the RAG-based CRS supported product discovery
and the quality of its recommendations.

To protect research participants and ensure good research practice in this part of the research
involving humans, four general requirements for research ethics were followed. First, the
information requirement which established that the researchers must inform the participants
about the purpose of the research project, the methods and the terms and conditions for
participation. Secondly, the consent requirement ensured that the participants had a right to
decide for themselves whether they wanted to participate and that they had the right to withdraw
their participation at any time, without negative consequences. Thirdly, the confidentiality
requirement stated that any personal data had to be stored and handled in such a way that
unauthorised persons could not access them. Lastly, the use requirement: ensures that the
collected data would only be used for research purposes and not for commercial or other
non-scientific purposes; this also applied to how the data was stored and for how long
(Vetenskapsradet, 2024). In the beginning of the session, the participants were informed about
these four principles in order to ensure good and ethical research.
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4. Artifact Design and Implementation

The outcome of the design cycle is the built artifact, the Style Assistant. Based on the required
ends from the relevance cycle and the established means identified in the design cycle, grounded
in the environmental laws and established methods as presented in the rigor cycle, this artifact
aims to improve the established research area. In the context of second-hand e-commerce
fashion, this includes enabling searches through natural language with a semantic understanding
as well as a multi-turn conversation for further refinements. In practice, this CRS uses a RAG
pipeline, as visualized in Figure 1, which starts with the user input, in the form of a search
request in natural language. Then this query is processed in certain pre-retrieval steps, including
intent classification, filter extraction, query optimization, multi-turn continuity, negations and
reference item handling. Thereafter, the retrieval phase conducts a similarity search where this
request is matched against the vector database of the available products. These results are later
structured and prepared during the post-processing phase and from this the system generates the
result in the form of a short acknowledgment, the actual recommendations and three example
prompts. These are then presented in the UI for the user to see and interact with, enabling a loop
over this pipeline as its functionality as a CRS enables the user to continue the conversation by

sending new requests. All these steps will be further explained in the following sections.

Y

User input Pre-retrieval Generation Ul

t

Retrieval > Post-processing

Figure 1: The Artifact System Pipeline.

4.1 Technical and Software Details

The backend was developed in Python using the FastAPI framework to ensure efficient
integration with the organization’s existing technology stack. Together with the Google Gemini
API, specifically the Gemini 2.5 Flash model, for LLM-based tasks and Qdrant as the vector
database, these software choices were the foundational technical means selected for the system.
Qdrant was selected as the vector database, as it was already established within the
organization’s infrastructure to manage the high-dimensional product embeddings. The frontend
was built using React for a responsive user interface and the entire application was deployed via

Amazon Web Services to ensure compatibility with existing software within the organization.

4.2 Embedding Model and Vector Database

The embedding model encodes each product as a vector representation. In this case, a
multimodal embedding model encodes the product image, brand, size and metadata into a shared
2241-dimensional multimodal vector representation. This vector space is used in retrieval for
finding the nearest neighbors to a search query, using the dot product as the similarity metric.
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This dense retrieval enables semantic similarity matching as vectors are closer if they share
visual attributes, such as shades of colors or styles (Wang et al., 2024). By using a multimodal
embedding model, images and text are embedded into the same vector space, meaning that users
can search on image attributes using text, which is an advantage in fashion retrieval because of
its visual importance (Deldjoo et al., 2025). Apart from the vector representation, each Qdrant
point also has an attached payload, which consists of all item metadata. During the retrieval step,
Qdrant supports payload filtering.

4.3 Pre-Retrieval Processing

The pre-retrieval step applies the technical means of the RAG pipeline for the Style Assistant
aiming to achieve system ends by preparing the user input query for the retrieval phase, focusing

on intent classification, filter extraction and query optimization.

4.3.1 Intent classification
Based on current limitations with product discovery within second-hand e-commerce, the
relevance cycle identified three main use cases for the Style Assistant. These require the new
system to enable searches based on specific requirements, broader inspirational searches and
lastly refinements through multi-turn feedback. The Style Assistant artifact was therefore built
around three main intents; search, explore and refine. The search intent corresponds to specific
search queries, where the user has specified certain attributes about the product that they are
looking for. The exploration intent on the other hand corresponds to explorative search queries
that reference a certain style, vibe, occasion, location etc. The refine intent acts as the
conversational means to store and reuse previous interactions for continuity and relevance. This

capability is a core function of a conversational system (Freitas & Lotufo, 2024).

Intent classification is the first pre-retrieval processing step in the RAG pipeline, aiming to
understand the user intent behind the request in order to give relevant results. To understand user
intent from the user query is one main challenge within e-commerce in general (Wang & Na,
2023) while also being especially relevant in domains like fashion where user intent can be
vague or subjective (Laenen et al., 2018). As a technical means, an LLM is used for classifying
the intent of the user message. By making the system intent-aware, the rest of the RAG pipeline
is adapted to the classified intent through query routing (Gao et al., 2024). Additionally, the
intent classifier of the Style Assistant determines whether the user has specified an item type in
their message, such as “dress”, rain jacket” or “bags”. The following steps of the pipeline are
then handled differently depending on whether an item type was specified or not. Query routing

then decides the rest of the pipeline for the pre-retrieval processing steps and the vector retrieval.
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4.3.2 Filter Extraction
Aligning with expectations from the user survey, the Style Assistant processes filters such as
brand, price and color directly from the user message. All extracted constraints are managed
through the Qdrant payload.

To optimize integration, demography and size filters are handled directly via the UI, leveraging
existing Sellpy accounts and their size profiles. Such explicit filters are passed straight to the
backend candidate pool. On the other hand, brand, price and material filters are dynamically
parsed from user messages using a hybrid extraction strategy. To maximize execution efficiency,
heuristic functions first check the user query. If any facets remain unresolved, a single combined
LLM call is invoked to extract the remaining bounds or facets. This selective approach
prioritizes robustness and minimizes computational costs by invoking the LLM only when
necessary (Freitas & Lotufo, 2024).

The system normalizes all natural language extractions to ensure compatibility with catalog
vocabularies. For price, the system detects both explicit numeric constraints, such as “SEK” or
“kr” bounds, as well as relative changes such as “cheaper” or “more expensive”. For brands and
materials, heuristics isolate inclusions or exclusions, which are then mapped to existing values in
order to sanitize inputs and by grouping related variants together into a single entity. This
mapping includes all possible options for material, and for brands the top 1000 most common
brands.

In contrast, highly visual attributes shown in the product images, such as color shades, fit, fabric
or length, are excluded from hard payload filtering. Instead, they are included as a part of the text
query vector. This is possible since the multimodal embedding model can handle searching for
visual attributes in an image using text (Rubio et al., 2017; Shu & Yu, 2025). Hard filtering these
attributes could constrain the flexibility identified as an architectural end, compared to traditional
methods that further rely on structured filters. Consequently, as a technical means, strict payload
filters are exclusively used for non-visual parameters like brand, price and materials, as

discussed previously.

4.3.3 Query Optimization
An intent-aware query rewriting step was implemented to optimize the queries for vector
similarity retrieval. Different strategies for query optimization are used depending on the
previously classified intent as well as whether the user specifies an item type or not. The general
aim of the query optimization step is to translate a query from natural language into a query
suitable for vector retrieval with stronger semantic meaning (Zhang et al., 2025; Gao et al.,
2024).

For the search intent, an LLM-based query rewriting strategy is used for query optimization. As

described by Zhang et al. (2025), query rewriting aims to rephrase the query to improve it for
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vector retrieval, while preserving its original semantic meaning. In this implementation, the
query rewriting aims to remove filler words with low semantic relevance to enhance the query
for vector retrieval. The rewritten query therefore only includes words relevant for vector search,
often corresponding to keywords used for analyzing the product image.

For the explore intent, multi-query-based rewriting strategies are implemented for query
optimization. Regarding the multi-query strategy, an LLM-based method that combines query
decomposition and query expansion, both suggested by Zhang et al. (2025), is implemented.
Query decomposition aims to divide the query into multiple queries that capture different
dimensions of the original query, while query expansion aims to semantically enrich the query by
providing additional information (Zhang et al., 2025). For the Style Assistant, the multi-query
pipeline depends on whether an item type is specified or not as extracted by the intent classifier.

If the user specified no item type is specified, category-based multi-query rewriting is
implemented. This is handled by an LLM that is prompted to produce four category-based
queries; two clothing specific queries, one shoe-specific query and one accessory-specific query.
Category-based multi-query rewriting aims to capture different dimensions of the original search
query, as stated for the query decomposition strategy by Zhang et al. (2025). For the Style
Assistant, this also means ensuring diversity in the results to provide more inspirational product
recommendations. Additionally to the category division, the LLM also enriches the queries
semantically to translate abstract stylistic requests into a richer query with fashion-appropriate
terms capturing the semantic meaning of the original query. This corresponds to query expansion
described by Zhang et al. (2025).

If the user specifies an item type, the multi-query pipeline instead prompts the LLM to produce
three separate search queries, where the item type is included in the queries. Again, this is based
on query decomposition and query expansion suggested by Zhang et al. (2025), and aims to
capture different dimensions of the request, such as providing different styles or vibes to
introduce more diverse results, as well as semantically enriching the queries for vector retrieval.
After the multi-query expansion, the multiple queries are merged into a twelve word long search
query containing the most frequent words across all queries. This is kept in the conversation

memory and used as a reference for later refinements.

For the refine intent, the query optimization steps aim to combine the previous conversation
history with new refinements. This is important in order to make the Style Assistant able to use
previous messages to iteratively refine the recommendations, which is one of the core
functionalities of a CRS according to Freitas & Lotufo (2024). An LLM is prompted to merge
the previous search query with the new refinement by analyzing which parts of the query that
should be rewritten. If an item type is specified, a single query is used for the rewriting and
retrieval. If no item type is specified, the same category-based multi-query rewriting strategy as
previously described is used, ensuring that it incorporates the refinement into all four queries.
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4.3.4 Multi-Turn Continuity
A core functionality in a CRS is handling the history of previous turns (Freitas & Lotufo, 2024).
Multi-turn conversation requires the current message, prior history and potential filters to be
combined. By incorporating previous messages in the RAG pipeline, multi-turn conversation is
enabled (Gao et al., 2024). Multi-turn functionality needs to combine the current user message,
metadata from any prior user turns and potential filters being carried. For each run, the system
needs to determine continuity where the carry states of the history are either updated or cleared.
The trade-off lies in keeping coherent refinements by carrying applicable filters but still ensuring

that pivots do not drag old constraints or irrelevant thread text into next searches.

For the Style Assistant, conversation continuity is based on the user search context, analyzing if
they move from one search context to another. Two separate continuity systems are
implemented, one for turn continuity (negations and filters) and one for reference items. Keeping
the reference item in a separate continuity system is necessary since this continuity is often
independent of other context changes. First, continuity is determined by a heuristic function that
catches clear changes. If the heuristic cannot determine this, an LLM is invoked to analyze and
classify whether the search context has changed. This approach is motivated by Freitas &
Lotufo’s (2024) idea of only relying on LLMs when necessary.

Previous user messages are not dropped in this manner as they often imply context that is needed
in future conversation turns. For example, if the user types “I want a dress in bohemian style”
and during later iteration states “What about a skirt instead?”, these new results should also
match the previous request stating the style. As stated by Freitas & Lotufo (2024), this storage of
conversation history is important in order to be able to provide continuity as well as iterative
refinements in a CRS. If the next query instead is “I also need something for a halloween party”,
the system should determine this as a clear intent change, resulting in dropping previous

messages.

4.3.5 Negations

One functionality of the Style Assistant is how it handles negations, satisfying the system end
which requires that users are able to address negative constraints in natural language. In other
words, these are negative constraints where the user explicitly states what they do not want (An
et al., 2025), for example, user inputs along the lines of “Nothing that is made out of wool” or
“Can you find me something that isn’t floral”. The negation term is extracted from the raw user
message. First, a simple heuristic function is used to quickly identify any explicitly stated
negations. If the heuristic cannot extract any negation terms, an LLM is prompted to analyze the
user input and extract potential negations. This two-stage approach is chosen in order to only
invoke the LLM when necessary, as suggested by Freitas & Lotufo (2024).

Identified negation terms are then embedded separately. The negation vectors are used as means
to adjust the retrieval vector by pushing it away from these unwanted concepts. Mathematically,
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the input vector and negation vectors are L2-normalized. Then, alignment between these two is
computed by measuring the dot product (Wang et al., 2024). A positive dot product indicates that
the vector still points toward the negation term. In this case, a fraction of the aligned part of the
vector is removed, scaled with a default push-away strength. After each removal the unit length
is renormalized. In short, the system iteratively projects the query onto each forbidden direction,
subtracts a scaled version of this projection and renormalizes. Since dense retrieval computes
similarity between the query vector and the product vectors (Zhang et al., 2025; Gao et al.,
2024), the negation term vector aims to reduce similarity to any products semantically close to

the negation term.

4.3.6 Reference Item
A reference item functionality is implemented in order to make it possible to do smaller
refinements using another item as a reference. Referencing an item is done by selecting it using
the pin button in the Ul and stating alterations in the input message. This means for example
referencing an item and writing something like “I like the fit of this but I want it in black”, “I like
the style of this” or “I want it to be longer”. As stated by Deldjoo et al. (2025), it is often difficult
to express stylistic concepts using words, and referencing an image can therefore be a good way
to narrow down user preferences. The reference item functionality therefore aims to put the
referenced item as a visual anchor for retrieval. This is enabled by multimodal embeddings,
where a blended vector is created by weighting the referenced image vector with the textual

refinement vector in a common vector space (Deldjoo et al., 2025; Rubio et al., 2017).

Regarding weighting, there is no objectively correct weighting between image and text. After
experimentation, refinements are weighted heavier than the reference image in order to keep
alterations heavier than the original image. This prevents the results from feeling like the visual
nearest neighbors, but instead clearly takes the alteration into consideration. In the case of
negative constraints in combination with a reference item, the same image and text weight is
used, however the negation term is applied through a further vector push-away on the blended

query, similarly to the normal case but with a higher strength for exclusions to remain effective.

4 4 Retrieval

The retrieval step retrieves catalog items by semantic similarity to the user’s rewritten query.
Optional payload filters from the pre-retrieval steps restrict which products enter the candidate
pool. The Style Assistant uses dense retrieval, meaning the optimized query is encoded into a
high-dimensional vector representation used for similarity matching (Wang et al., 2024) against
the Qdrant vector database. Specifically, the query is encoded using the same multimodal
embedding model as the knowledge base and is padded to a 2241-dimensional vector to align
with the product vectors. This vector is then used for an approximate nearest neighbor search

within Qdrant, using dot product as the similarity metric. Payload filters ensure that only
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products satisfying the extracted constraints and available on site are returned. In short, retrieval

ranks the catalog by semantic proximity to the query (Shu & Yu, 2025).

The system executes either single-query or multi-query retrieval depending on the routing
pipeline. During multi-query retrieval, several queries are run in parallel as separate retrieval
legs. Category-based retrieval, performed when no item type is specified, uses Qdrant payload
filtering to apply clothing, shoes or accessory filters to each retrieval leg. Each leg returns its
own list of items which are then merged and deduplicated, keeping the highest scoring items
when present in multiple legs. To further diversify the retrieved items in cases where no item
type is specified, category limits are applied in the Qdrant retrieval. Firstly, each item type is
limited to a maximum of three items. Secondly, certain item types such as underwear are
excluded unless they are stated by the user as they were otherwise often overrepresented. Lastly,
tops were often shown to be overrepresented. In order to ensure that the recommended items
include at least one bottom, an additional bottom retrieval is implemented in cases where no
bottoms are retrieved originally. Then, the lowest scoring clothing item is replaced by the highest
scoring bottom.

In order to improve the recommendations, a larger pool of products than what is shown is often
retrieved. Also, Qdrant’s nearest neighbor algorithm uses Maximal Marginal Relevance (MMR),
which trades a small amount of top similarity for other more varied neighbors. This is meant to
balance the exploitation of strong matches with the exploration of alternative options (Mclnerney
et al., 2018; Yang et al., 2023).

Together, MMR, per-type caps, category mixing in multi-queries, and bottom enrichment
together represent a computational means. These methods in combination are designed to
achieve the end of reshaping the raw Qdrant ranking, leading to recommendation diversity
without changing the semantic query (Jannach, 2022; Zhang et al., 2025).

4.5 Post-Retrieval Processing & Augmentation

Post-retrieval covers all steps that turn raw vector neighbors into a presentation-ready set of
recommended items (Gao et al., 2024). The list of results is capped to 15 product cards to match
the user interface, regardless of whether retrieval has considered more candidates internally.

Results from multi-query integration are then re-sorted by similarity score (Winterflood, 2026).
For category-based multi-query retrieval, reserved slots for shoes and accessories help ensure a
mixed list of results rather than strict global top scores of clothing items. By shuffling the

merged list, the results are not strictly ordered by retrieval leg.

If no products within the catalog match the query, the system returns a preset message explaining
that no results were found. This response is rendered in the user interface without any other
results. Avoiding LLM generation in cases without results prevents hallucinated answers from
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the LLM (Nawara & Kashef, 2025), which could otherwise result in the system recommending
incorrect items or giving false acknowledgments. However, in the standard case of valid product

matches, the retrieved items and their metadata are forwarded to the generation stage.

4.6 Generation

The final phase of the multimodal RAG pipeline is the generation stage, which translates the
retrieved data into a response in natural language to be displayed for the user. While previous
steps have focused on the actual recommendations, the generation step transforms the
information into a cohesive response to present in the dialogue with the user. In the case of at
least one item recommendation, the system initializes the generation step. The response consists
of a short acknowledgment text, the actual recommendations and three following example
prompts.

To create these, the model receives relevant context regarding the conversation from the
post-retrieval phase in order to ground the written results. Grounding the textual outputs in
context aims to maintain conversational relevance and continuity (Freitas & Lotufo, 2024). The
acknowledgment is intended to reflect how the request is interpreted and how the shown results
relate to it, aiming at grounding in communication to support trust (Mamun et al., 2025). The
system is prompted to avoid false certainty, not to state prices and to respect referenced items, in
order to limit hallucination, a known risk with large language models (Nawara & Kashef, 2025).
Moreover, the three example prompts are meant as small inspirational search queries grounded in
the same conversation, which aim to complement the input field, helping the users to understand
what kind of requests the assistant can handle and what level of details that might be useful. The
system instructs the LLM to propose one narrow refinement of the current query, one
complementary constraint on the same goal, and lastly one that opens a new dimension of the
overall style. This is structured with the purpose of providing both exploiting and exploring
recommendations (Mclnerney et al., 2018; Yang et al., 2023). The main goal is to keep the
dialogue helpful to avoid user abandonment (Gao et al., 2021).

4.7 User Interface
The user interface of the Style Assistant aims to complete the system, however, it was not a
primary focus of the thesis objectives and should therefore be interpreted as infrastructure for
system evaluation rather than a final product ready for production deployment. The development
of the Style Assistant user interface aims to match existing Sellpy design by adopting colors and
fonts, as well as some internally pre-made components used throughout the existing website. In

this section, the Ul is explained in the order in which it is used.

The Style Assistant is exposed as a dedicated route in the Sellpy frontend. From a user
perspective, navigation is integrated into the main header through a specific “Al search” icon,
see Figure 2.
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= Se"py Shop  Sell < Search for items > O A v

Figure 2. Navigation button to Style Assistant from Sellpy banner, accessible via the icon directly
to the right of the main search input field represented by a magnifying glass with sparkles.

The landing page of the Style Assistant, as seen in Figure 3, consists of a title, “Sellpy Style
Assistant”, an illustration and three randomly rendered example prompts sampled from a larger
predefined pool. These are displayed as large clickable example prompts designed to lower the
initial cognitive effort required to start using the Style Assistant. These aim to improve the
natural and intuitive feel of the interaction, hopefully leading the user to continue using the
interface (Mamun et al., 2025).
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Describe what you are looking for.

Figure 3. Style Assistant landing page.

The Style Assistant uses tabs to support multiple parallel conversations, each containing the
current message history, active filters, pinned reference item and other metadata such as the
rendered title. Tab titles are initialized with a default label, “New chat”, which are later changed
based on the search content, aiming to improve the overview and retrieval of earlier sessions, see
Figure 4. The purpose of the tab system is to enable users to explore different style intents
without losing previous context and therefore also revisit earlier searches by returning to the
same context where they left off. As previously mentioned, a key functionality of conversational
recommender systems is to reuse previous interactions and conversation history, therefore this
needs to be preserved (Freitas & Lotufo, 2024).
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Figure 4: Session tabs.

Search queries can be formatted however the user wants to, however, empty searches are not
submittable and are avoided as the button to send the request remains disabled until the user has
typed their search query. Before sending their request, the user can apply demography and size
filters through buttons as seen in Figure 5. These are handled in the same way as in other parts of
the website including the user's predefined size profile if they have created one and logged in to
their account. For the demography and size filters to be active, they need to be set before the
message has been sent. However, they can be kept as unset if the user does not have such
preferences. Thereafter the filters are kept as a preference in the conversation context and kept

for later retrieval as long as the user does not clear or change them in later iterations.
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Figure 5: Landing page with active filters.

30



After a user sends a request, the fixed text “Assistant is thinking...” is immediately shown as a
response while the results are loading, see Figure 6. In this state, no new messages can be sent,
and the example prompts are disabled. To illustrate that the request is being processed, the user is
shown an animation representing the loading of the system as well as the three toggling dots.
This is a critical moment of the pipeline as interactions usually end if the user becomes too
impatient to continue the search (Mamun et al., 2025; Gao et al., 2021), therefore effects like
these aim to engage the user and convey the understanding that the results are on its way.
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Figure 6: Loading page after sent query.

When the backend reply arrives, the loading state is cleared and the Ul renders the response and
recommendations, as shown in Figure 7. The response has three elements: an generated
acknowledgment message, the recommended items and three follow-up example prompts. First,
the assistant acknowledgment is shown as the assistant turn of the conversation and is revealed
progressively with a typewriter effect for conversational pacing. User engagement is crucial for
the interaction quality, therefore, effects like these aim to improve the design of the system
(Lopez-Lopez & Iniesta, 2025), especially in scenarios like these where the user might have had
to wait for a period of time. The second part of the response is the actual recommendations in the
form of product cards. Lastly, follow-up example prompts are displayed underneath the actual

results to support iterative refinement.
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Figure 7: Answer and recommendations results.

Unique for the Style Assistant is the additional third button for pinning an item, as seen in Figure
8, allowing the user to pin an item as a reference for the next iteration. The UI of this button is
directly inspired by the other buttons and is either empty or filled depending on whether the item
is pinned. As a result of pinning an item from the list of results, it gets attached to the search bar
to make the current reference context explicit before sending the message, see Figure 8.
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Figure 8: Pinned item.

When a pinned item is used in a sent message it is displayed together with the corresponding
textual input in the chat timeline as shown in Figure 9. Then, if the user scrolls back in the
conversation history they can see the link between the written message and pinned reference
item, see Figure 9. This design aims to improve interface traceability by explicitly showing
which item was referenced that specific turn. This explicit connection makes it easier for the user
to understand why the specific recommendations were presented, in contrast to the major
limitation of LLMs operating as “black-box” models (Milano et al., 2020). By pinning the
referenced item in the interface, the system establishes a form of “grounding in communication”
(Mamun et al.,, 2025), transforming a potentially untraceable process into a transparent
interaction that demonstrates comprehension to enhance user trust.
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Figure 9: Results after sent query with pinned item and alteration.

As previously mentioned, the example prompts are meant to inspire the user to continue using
the system by suggesting meaningful next actions. Before the follow-up prompts the interface
displays a short guidance heading such as “Not quite it? Try one of these searches:” or “Adjust
or broaden what you're looking for:” etc, as illustrated in Figure 10. This heading is randomly
selected from a fixed predefined list of equivalent variants. This aims to keep the conversational
tone varied while preserving consistent meaning. When hovered, the example prompts become
highlighted and, when pressed, they are immediately sent as an user message.
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Figure 10: Example prompts shown with the results.

While the user interface was not the primary focus of the design cycle, as previously mentioned,
it serves as an essential interface enabling users to interact with the MM-RAG-based CRS, which

is necessary for evaluating the Style Assistant as an artifact.
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5. Results

This chapter presents the findings from the evaluation of the Style Assistant, highlighting both a
technical and UX perspective to evaluate the quality of the artifact.

5.1 RAGAs Evaluation Results

The results showed varying performance across the three different RAGAs evaluation metrics
used; context relevance, answer faithfulness and answer relevancy. Context relevance showed a
moderate performance but high variability, with a mean of 0.583 and a standard deviation of
0.380, see Table 1, indicating varying performance for different retrieval queries. Answer
faithfulness generally achieved very low scores, with a mean of 0.233, see Table 1, indicating
that the generated message was not supported by the retrieved context. This could be explained
by the limited information in the product metadata, which is further discussed in later sections.
Answer relevance achieved the highest score, with a mean of 0.710, see Table 1, indicating that
the generated message corresponded well to the user input queries.

Table 1: Average RAGAs scores for all scenarios.

Metric Mean Std Median Min Max
Context relevance 0.583 0.380 0.646 0.0 1.0
Answer faithfulness  0.233 0.264 0.167 0.0 1.0
Answer relevancy 0.710 0.156 0.711 0.0 0.937

To investigate the RAGAs performance across different groups of search queries, group-based
statistics for the RAGAs performance metrics were computed. Context relevance varied a lot
between different query groups. More specific queries, belonging to groups like specific search,
filters, reference and refinement, generally showed high performance scores while exploratory
queries yielded very low scores, see Table 2. For the answer faithfulness metric, the scores were
generally low for all scenario groups, but queries involving filters and refinements performed
slightly better in comparison to other groups, while exploration and negation scenarios received

very low scores, see Table 2. The answer relevance score was rather high for all query groups.
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Table 2: RAGAs performance metrics per scenario group.

Scenario Group n Context Answer Answer
relevance Faithfulness  relevancy
Explore 5 0.0336 0.0836 0.864
Specific search 6 0.653 0.117 0.734
Filters 5 0.791 0.399 0.691
UI filters 3 0.674 0.383 0.638
Negation 4 0.332 0.0357 0.771
Reference 10 0.747 0.233 0.641
Refinement 6 0.643 0.357 0.711

5.2 User Experience Evaluation Results

The UX evaluation resulted in user perceptions about the Style Assistant, collected performance
metrics and Likert scale statistics from the questionnaire. In this section, these three types of
results from the UX evaluation are presented.

5.2.1 Qualitative Findings
Users generally had a positive attitude towards the Style Assistant as a system for product
discovery. Some users explicitly stated that the curated selection of 15 results was favorable, as
this limited navigation through the large catalog. The conversational flow and the potential for
refining the results, for example with a pinned reference item, as well as the familiar LLM chat
format, were appreciated by many users. Generally, users liked the Style Assistants ability to
understand styles and vibes better than a regular keyword-based search.

One recurring issue during the UX evaluation was that users did not apply their sizes accurately,
which caused them to get results in the wrong demography and size. However, for users who had
complete personal size profiles, this was not a problem. Other frustrations included the system's
response time, as well as the fact that it sometimes recommended items that did not fulfill
explicitly stated requirements, for example for certain item types or colors. Several users also
stated that they would like the possibility to pin multiple items in order to convey the general feel
of what they were looking for.

5.2.2 System Performance Metrics
During the UX part of the evaluation, system performance data was collected to evaluate the
system performance and user behavior. This data was later used to identify the average response
time of the system, the average number of iterations per session and the fraction of users that
successfully found something they liked during this part of the evaluation, see Table 3.
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Table 3: Measured system performance and user behavior collected from the UX evaluation.

Sessions  Average response time ~ Average total iterations  Fraction success

(s) (n)
Total 18.4 4.4 0.77
Search 17.0 4.2 0.78
Explore 19.9 4.4 0.76

5.2.3 Questionnaire
Regarding basic success metrics of the Style Assistant evaluation, all users stated that they found
an item that they liked and an item they would consider buying, see Table 4. The following
section examines different aspects of the Style Assistant’s performance from the UX evaluation.

Table 4: Statistics of direct success/failures for the usability evaluation.

Statement Yes n
I found something that I liked 100 % 9
I found something that I would consider buying 100 % 9

Users stated that the initial results felt somewhat relevant, but there is a rather high variance, see
Table 5. The responses collected through the questionnaire use the seven point Likert scale as
described in Section 5.2.3. Some users experienced that the results felt random or did not fulfill
their stated requirements in terms of, for example, brand or color, which might correspond to a
lower score. At the same time, several users explained that they really felt like the results were
relevant and immediately found items that they were interested in. Looking at the median score,
the users generally found the system helpful and would use it again, see Table 5.

Table 5: Statistics for general effectiveness of task support statements.

Statement Median Range (Min-Max)
The initial results felt relevant 5 2-7
I found the system helpful to find suitable items 6 4-7
I would use this system again 6 5-7
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For the search intent, users were somewhat content with the performance of the Style Assistant,
although as seen in Table 6, there was a rather high variance in the scores that the users assigned.
Some users got very relevant products on their first try, feeling like the recommendations were
exactly what they were thinking of. On the other hand, some users struggled with getting the
Style Assistant to understand their specific requirements in terms of, for example, brand or
colors. In some cases, the system also did not fulfill requirements in terms of, for example, only
recommending products of a specific type.

Table 6: Statistics for effectiveness of task support statements for search intent.

Statement Median Range (Min-Max)
The results fulfilled my request of specific 5 2-7

requirements

I felt like the system understood what I was 5 3-7

searching for

Users generally felt like the results were somewhat suitable to their request in terms of style or
occasion, see Table 7. Several users expressed that they liked that the system provided
recommendations for an outfit, comprising clothing, shoes and accessories. Also, they expressed
that the system captured the vibe or aesthetic they were looking for very well, especially
compared to the normal search function. Some users instead experienced that the results felt a bit
more random, and while they could be a good fit for the sent message, they were not what the
users were looking for. Some users experienced that the recommended products sometimes felt
out of place for their request.

Table 7: Statistics for effectiveness of task support statements for explore intent.

Statement Median Range (Min-Max)
The results felt suitable to my request in terms of 5 3-7

style/occasion

The system inspired me to explore new items thatI 6 1-7

would not search for myself

Most users successfully refined their results using natural language, which is reflected in the
median score 6, see Table 8. Furthermore, most users found that refining the results helped them
find what they were looking for, see Table 8. Refining in terms of prices, colors, fits or other
attributes generally worked well. At the same time, some users experienced problems with

refining, where they tried to adjust the products several times without success, which could be
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explained by the wide range of scores, see Table 8. For example, some users tried to refine the

color palette several times with no success.

Table 8: Statistics for effectiveness of task support statements for refinements.

Statement Median Range (Min-Max)
The system understood my refinements 6 2-6
Refining the results helped me find what I was 5 2-7

looking for

The reference item statements generally received high scores with a median of 6 and a relatively
low variance, see Table 9. This shows that users generally appreciated the reference item
functionality. Several users expressed that this was the best and most helpful functionality of the
Style Assistant for guiding the recommendations in a desired direction, especially since the user
did not have to express what they wanted in words, but could instead use the visual attributes as
a reference. Some users found that the reference item focused a bit too much on the image,
forgetting previous requirements in the conversation.

Several users used the reference item functionality to find matching products, which was not an
implemented functionality, and therefore resulted in failure. Also, several users expressed that
they wanted to pin multiple items to guide the Style Assistant in the direction of the style that
they liked.

Table 9: Statistics for effectiveness of task support statements for reference item refinements.

Statement Median Range (Min-Max)

The system understood what I wanted to refine 6 5-6
with help of the reference item

Refining the results with a reference item helped 6 4-7
me find what I was looking for

Regarding how much effort was needed to find products that the user likes, the results were
rather varied with a median of 3, see Table 10. Several users expressed that they liked that the
Style Assistant showed them a smaller selection of products, lowering the effort of finding
relevant products compared to browsing the full product catalog, which could feel
overwhelming. At the same time, some users gave up before finding relevant products, see Table
10, indicating that the effort was too high. Some users iterated many times before finding
products that they liked, while others found something almost immediately.
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Table 10: Statistics for efficiency of task support statements.

Statement Median Range (Min-Max)

Much effort was needed to find something that I like 3 1-6

The median scores regarding the subtasks of the system showed that most users found them to
work well, see Table 11. When asked if the system understood their intent, the users scored it in a
range from 2 to 7, where a few users did not perceive the results to truly match what they meant
by their search. Most of the users found the results to follow their applied filters, as seen in Table
11, although a quite common issue was that the users missed to apply their demography and size
with the buttons, or instead only wrote them in the message. Not filtering correctly sometimes
resulted in the results not being relevant to the user.

In general, users somewhat agreed that the system understood negations, with a median score of
5, see Table 11. Most users found the predefined example prompts to be relevant, see Table 11,
whereas some explicitly used them while some others completely skipped them.

Table 11: Statistics for effectiveness of subtask statements.

Statement Median Range (Min-Max)
The system understood my intent 5 2-7
The results followed the applied filters 6 3-7
The system understood negations 5 3-7
The predefined example prompts felt relevant 5 4-7

Overall, the users were satisfied with the system, except for the slow response time, see Table
12. The response time was a recurring frustration among the users, with a very low median score
regarding the response time being fast enough, see Table 12. Across all sessions, the average
response time was 18.4 seconds, as seen in Table 12. This was a point commonly brought up
during the open questions when asked what generally did not work well with the system.

Generally, the dialogue was thought of as consistent throughout the conversations and mostly
remembered the user’s preferences in later iterations, according to the users, see Table 12. For
some of the users, while exploring different categories, the system seemed to drop the initial
preferences requesting a certain style or context when iterating further or changing to search for
another item type, resulting in the user having to remind the Style Assistant of these previous
requirements. However, for some other users, this was not an issue and in those cases the system

remembered the conversation history well.

41



When asked if the language felt natural and easy to understand, the users responded that this
applied to the system with a median of score 6, so the general opinion was that this was the case,
see Table 12. However, a few users stated that they did not really read the acknowledgments that
the Style Assistant provided. Some users pointed out a few uncommon words from the example
prompts such as “moisture-wicking’, as well as the Style Assistant claiming the

recommendations to be a certain incorrect item type.

Most of the users stated that they trusted the system's recommendations, see Table 12, although a
point made by one user was that sometimes the recommendations felt a bit random in the early
iterations as only a little information had been provided regarding what the user was looking for,

and therefore the user did not completely trust those recommendations.

Table 12: Statistics for satisfaction statements.

Statement Median Range (Min-Max)
The system responded fast enough 2 1-5

The dialogue felt consistent throughout the session 5 4-7

The system remembered my preferences throughout 5 2-6

the conversation

The language was natural and easy to understand 6 3-7

I trusted the recommendations from the system 5 3-6
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6. Discussion

The aim of this thesis was to address product discovery challenges in second-hand e-commerce.
A Design Science Research (DSR) (Hevner et al., 2004) approach was used, where the Style
Assistant artifact was designed, developed and evaluated in relation to the identified objectives.
Therefore, this chapter evaluates the Style Assistant’s ability to address product discovery
challenges. By combining the problem analysis (O1), the system design (O2) and the
mixed-method evaluation results (O3 and O4), the discussion reflects on the extent to which this
MM-RAG-based CRS addresses product discovery in the unique domain of second-hand fashion
e-commerce. The section concludes with a reflection on the limitations that point toward future

research within the field.

6.1 Problem Relevance: Second-Hand E-Commerce

Objective 1: Analyse user needs and product discovery challenges in the context of second-hand
fashion e-commerce to identify the design problem, which tightly corresponds to the relevance
cycle as presented by Hevner (2007). By identifying the environmental complexities of product
discovery during the relevance cycle, explained by Hevner (2007) as analyzing opportunities and
problems in the research environment, the requirements were iteratively mapped against
grounding technical means inside the design cycle to continuously refine the artifact. By
bridging constraints of the relevance cycle with the iterative execution of the design cycle, the
true design problem could be addressed.

During this process certain ends were established which the artifact must satisfy, as Hevner
(2007) explains based on identified goals, requirements and constraints, which in the context of
the Style Assistant laid the foundation for later cycles during the development. As the
environment of second-hand e-commerce is especially unique and complex, standard generic
assumptions were not applicable, creating the need for a further conducted problem analysis. It is
worth mentioning that this cycle would need further iterations as presented by Hevner (2007) to
solve the organizational challenges through iteratively balancing the identified ends and means.

The problem analysis highlights the fundamental limitations within the second-hand e-commerce
domain with unique product discovery challenges. This environment is characterized by a
“discovery bottleneck” (Shen et al., 2012) due to its large amount of unique items as well as a
lack of available data on historical interactions, in contrast to traditional e-commerce
environments. Contextual findings from the situation assessment showed that this context led to
specific challenges that require solutions that extend traditional recommender systems, directly
aligning with related literature (Khatwani & Chandak, 2016). This highlights the true challenge
based on data sparsity rather than the large catalog volume. As products are unique and
short-lived, traditional collaborative filtering lacks the historical behavioral anchor required to

create recommendations in such a manner.
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A key insight from the situation assessment is the identification of two main subproblems with
traditional discovery functionality: specific search and exploration. Traditional search and
filtering methods struggle to handle subjective or semantic requests due to their hard reliance on
structured metadata (Ye et al., 2023). This lays the foundation for a new artifact being capable of
handling users' wishes to use broader fashion terms, such as matching items to specific occasions
or styles, as seen in the user survey on expectations. These findings validated the gap identified
by Laenen et al. (2018) and Deldjoo et al. (2025) regarding the fact that fashion intent is highly
subjective to personal vibes or preferences. This created the discovery bottleneck where items
with certain visual attributes remain unsearchable to the user. In practice, these subproblems
mean that structured metadata schemas act as a functional filter completely ignoring visual
styles. As fluid concepts like vibes or occasions are not directly mapped as item attributes, this
forces users to translate their requests into mappable terms for rigid catalog schemas.

This technical bottleneck directly links to a broader societal problem where traditional search
and filtering systems restrict sustainable consumption by making large scaled second-hand
product catalogs frustrating to navigate. As presented by Guiot & Roux (2010) the general public
has an ethical, ecological and economical desire to actively distance themselves from traditional
fast-fashion. However, a barrier between consumers and second-hand items requires a new

solution to simplify sustainable customer choices.

To address the identified gap between the limitations of traditional systems and the subjective
nature of second-hand fashion e-commerce, the Style Assistant and its identified requirements
were positioned as a relevant technological solution. The user expectations required the system
to support specific and explorative searches through natural language, handle iterative user
feedback and enhance item relevance by combining images with textual product information
during retrieval. This aimed to extend traditional recommender systems which, according to
Khatwani & Chandak (2016), are ill-suited for environments with data sparsity. The identified
means and ends of this initial phase demonstrated that the fashion context created a need for a
context-aware solution that can handle the dynamic nature of user intents and semantic searches,
as explained in the literature (Nawara & Kashef, 2025; Ye et al., 2023). This laid the foundation
of the design cycle, established by Hevner (2007) and directly connected to the next objective of
this thesis, where the Style Assistant was designed and built based on this problem analysis.

6.2 The Artifact: MM-RAG-based CRS
Objective 2: Design and implement a RAG-based CRS including retrieval strategy,

conversational interaction flow and recommendation logic focused on the creation of the Style
Assistant artifact. The Style Assistant artifact serves as a rigorous technical response to the
identified design problem regarding product discovery in second-hand e-commerce from the
relevance cycle. Furthermore, this section discusses the design and development of the artifact in
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relation to the design cycle, as well as the incorporation of previous CRS and RAG research

corresponding to the rigor cycle (Hevner, 2007).

This thesis addressed the product discovery bottleneck by designing and developing the Style
Assistant, a MM-RAG-based CRS. As stated in previous literature, CRS enables more dynamic
product recommendations through natural language understanding and iterative refinements
(Nawara & Kashef, 2025; Freitas & Lotufo, 2024) and therefore serves as a promising solution
to the product discovery challenge. The relevance cycle showed that users expect the Style
Assistant to understand natural language beyond keyword matching and filters as well as to be
able to give semantically advanced recommendations. Multimodal RAG was identified in the
rigor cycle as a suitable technical means for enabling the matching of textual queries to visual
attributes, as well as grounding recommendations in the product catalog, contributing to rigor as
RAG is an established method for this kind of system.

The ability to project images and text into the same vector space (Zhang et al., 2025) was the
main reason why MM-RAG was considered a suitable means for the stated design problem. For
the Style Assistant, this enables users to use natural language to search for visual attributes. The
incorporation of visual features means that users can both search for details that are otherwise
not incorporated in filters or product metadata, and use broader stylistic terms such as styles or
vibes to describe what they are looking for. Additionally, MM-RAG ensures that generated
messages and recommendations are grounded in the actual product inventory, which is crucial

for the Style Assistant in order to guarantee accuracy and trustworthiness.

An advanced RAG pipeline (Gao et al., 2024) was implemented, consisting of pre-retrieval steps,
retrieval, post-retrieval steps and generation. To adapt the architecture to the domain of a CRS
for second-hand fashion recommendations, certain steps were included in the pipeline. The
fashion domain is both characterized by the importance of visuals, as well as the fuzzy language
used for expressing stylistic preferences (Deldjoo et al., 2025). For the preprocessing steps,
intent classification, filter extraction and query rewriting was implemented aiming to capture
what the user actually means by their natural language request, and enhancing it into a query
suitable for vector search. This enables more semantically advanced recommendations, where
users can discover desired products without having to rely on filters or specific keywords.
Separating the pipeline based on user intent also aims to improve the Style Assistant’s ability to
recommend products based on different types of user input. Being able to both handle specific
requirements and broader inspirational searches was a requirement based on the user
expectations identified in the relevance cycle. At the same time, filter extraction ensures that the
retrieved product recommendations follow explicit requirements, which is important in order for

the recommendations to actually be relevant to the user.

Regarding conversation history, the Style Assistant handles iterative refinements, which is
expressed as one of the main functionalities in a CRS. For textual refinements, this is done using
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an LLM. A reference product feature was implemented as an additional functionality for refining
the recommendations. This allows users to directly interact with visual features by combining
textual refinements with a product image, simplifying the process of narrowing down the
recommendations. This aligns with Deldjoo et al.’s (2025) idea of multimodal embeddings
enabling users to express style preferences in a simpler way.

The Style Assistant’s response consists of a generated message, 15 product recommendations
and three example prompts. Limiting the amount of products to 15 for each iteration aimed to
help users navigate a large product inventory, which was expressed as one of the main issues
both in the situation assessment and in previous literature. By using example prompts grounded
in the conversation context, the user is inspired to continue iterating on the search to find

relevant products.

6.3 Evaluation: Technical Performance vs. User Experience

To ensure methodological evaluation rigor (Hevner et al., 2004), a mixed-method evaluation of
the Style Assistant artifact was conducted. An automated RAGAs evaluation corresponds to
Objective 3: Evaluate the system performance using RAGAs as an automated evaluation method
to assess retrieval effectiveness and recommendation quality. This technical evaluation was
combined with UX research including a usability evaluation, open questions and a questionnaire,
to fulfill Objective 4: Evaluate the perceived quality of the recommendations and conversational
interactions through UX evaluation with a focus on usability metrics. Consequently, this section
examines the findings from the UX evaluation using the ISO usability framework (ISO
9241-11:2018) in combination with the domain-specific evaluation dimensions proposed by
Jannach (2022). By contrasting these qualitative user insights directly against the quantitative
performance metrics generated by the RAGAs framework, this integrated discussion ensures a
comprehensive assessment in relation to the identified ends and implemented means of the Style
Assistant artifact.

6.3.1 Usability Discussion
Based on Design Science Research (Hevner et al., 2004), the evaluation of the Style Assistant
must critically analyze how the interaction between defined ends and technical means addresses
the real-world product discovery bottleneck in second-hand e-commerce. By framing the UX
results within the ISO usability framework (ISO 9241-11:2018) and integrating Jannach’s (2022)
CRS evaluation dimensions, this section will analyze the observed tensions between interaction
flexibility, semantic understanding and execution efficiency.

Effectiveness

According to the ISO definition, effectiveness refers to the accuracy and completeness of goal
achievement, a definition that directly intersects with Jannach’s (2022) view of task support

effectiveness in product discovery platforms. To establish problem relevance, as defined by
46



Hevner et al. (2004), the Style Assistant was designed and implemented as a purposeful
technological artifact to address the real-world challenge of product discovery in second-hand

fashion e-commerce, a domain heavily constrained by a large inventory of unique products.

The Style Assistant generally demonstrated strong effectiveness in task support, the fact that
100% of participants stated that they found something that they liked and would consider buying
suggests that the artifact successfully addressed the underlying challenge of product discovery.
Although the Style Assistant successfully supported the overall discovery journey, the UX
evaluation showed that 23% of the individual interactions ended by the user giving up on their
search. These two results need to be distinguished as the abandonment rate of 23% captures each
individual session, whereas the 100% success rate reflects the users’ general perception of the
system at the end of the evaluation. This observation is a key finding as it highlights how
interaction friction quickly exceeds user patience, strictly aligning with related literature by Gao
et al. (2021), which suggests that too demanding or tedious interactions lead to higher rates of
user abandonment. These results indicate that the system did not achieve perfect accuracy in
every recommendation, but the overall results showed that the Style Assistant successfully
supported users in fashion discovery and, as an artifact, therefore fulfilled the ISO standard for
general effectiveness. While this general effectiveness was successful, a thorough analysis
evaluates how the specific ends achieved effectiveness through the deployment of their
corresponding technical means (Hevner et al., 2004).

Results showed that users found the system to understand subjective and stylistic terms such as
styles and vibes, highlighting the effectiveness of this primary end. This finding directly supports
previous research regarding fashion discovery's highly visual and subjective nature which
traditional systems often fail to interpret (Deldjoo et al., 2025; Laenen et al., 2018). By
successfully processing this, the multimodal RAG architecture proved to be an effective
technical means for implementing semantically based searching. Consequently, the pre-retrieval
processing steps, including intent classification and query rewriting outlined by Zhang et al.
(2025), served as a well-fitted technical means for translating natural language queries into
search queries optimized for semantic vector retrieval. In this manner, the Style Assistant
effectively bridges the gap between fashion related semantic searches and the environment of
second-hand e-commerce, mapping to the work of Laenen et al. (2018) that illustrates this
complexity through user searches among the lines of “jeans with holes” might not match items

described as “distressed jeans” in the product catalog.

Regarding the explore intent, several users responded positively to the system presenting whole
outfit recommendations that integrated clothing, shoes and accessories. Furthermore, the
questionnaire confirmed that users felt inspired to discover new items that they would not have
manually searched for themselves. This positive finding demonstrates that the category-based
multi-query retrieval strategy functioned as a highly successful technical means to support
inspirational and exploratory ends. By providing diversity while satisfying specific constraints,
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this approach fulfilled one of the primary product discovery goals established for the Style

Assistant artifact during the problem analysis phase.

A critical insight highlights the tension of the chosen technical means managing explicit user
constraints such as filters and negations to fulfill the Style Assistant’s end of understanding
natural language. While users found the system to generally apply explicitly stated filters, such
as size and demography, several users expressed frustration that the system occasionally
recommended items that did not fully correspond to their requirements, for example a specific
color or brand. This exposes a fundamental trade-off between purely semantic vector retrieval
and hard filtering. The system handles attributes like color and product type as purely semantic,
leading to conversational and stylistic flexibility. However, this approach of soft filtering reduces
absolute effectiveness in cases where users require certain constraints, for example by including
noise as related shades of the specified color instead of filtering on mappable metadata. In the
case of brand matching, this trade-off highlights an operational limitation of the artifact’s current
implementation, since only the 1000 most popular brands are represented, as well as misspelled
brands failing to match the correct brand. Ultimately, while a purely semantic retrieval strategy
increases interaction flexibility and is suitable for fluid stylistic discovery, the evaluation
demonstrated that a lack of hard filtering constraints to enforce the stated ends can reduce the
effectiveness of the means when managing explicit user requirements. This is especially true as
the conversation develops further and users might transition from an exploratory mindset to a
more targeted search, a behavioral shift that extends the core challenge identified by Wang & Na
(2023) concerning the difficulty of accurately interpreting ambiguous or short user requests in
relation to structured product metadata. As this transition occurs, the users’ tolerance for stray
results likely decreases. This introduces a crucial challenge for the system built on soft filtering

as it fails to respect strict boundaries and ultimately fails to understand the true intent of the user.

A similar observation concerns the main end for the Style Assistant artifact to handle multi-turn
interactions, including the user being able to iteratively refine their requirements while keeping
previous statements in the conversation memory. The results showed that most users successfully
narrowed down their search by refining, especially with the help of the image reference
functionality, which was described as one of the most helpful mechanisms of the system. This
indicates that multimodal vector retrieval is a helpful technical means for combining an image
and refinement text to retrieve relevant products. Adding an image as reference decreases the
need for explicitly stating user preferences, and is therefore seen as a major contribution of this
thesis as this functionality is not present in the current application. This idea also corresponds to
the essentialness of multimodal embeddings in fashion due to its strong visual nature as
suggested by Deldjoo et al. (2025). However one frustration with refinement users experienced
was that this technical means sometimes had a tendency to forget previous requirements in the
conversation. This suggests that the consistency of the retrieval throughout the conversation was
sometimes a challenge. When setting the weights of the combined vector the goal was to

preserve text refinements by boosting them further to avoid being overshadowed by the image,
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however these weights highly depend on the context and might have led to aggressively pruning
or deprioritizing earlier constraints. The trade-off of maintaining coherence is similarly described
by Gao et al. (2024) as the need to carry applied filters while avoiding dragging old, irrelevant
constraint requests into the following iterations. As discussed previously, a possible solution
could be to introduce hard filters to ensure that results follow explicit requirements, although this
might introduce unwanted limitations, such as excluding semantically similar attributes when
strictly filtering on the explicitly stated terms, for example specific shades of colors.
Consequently, the artifact needs to address the dilemma that the more conversational turns a user
takes to refine their search, the higher the probability that the system loses consistency, shifting

the user from a state of progressive discovery to conversational frustration.

Efficiency

The efficiency of a system, defined by ISO 9241-11:2018 and Jannach (2022) as the relationship
between needed resources, such as time, effort and cost, and the achieved results, presents an
important trade-off within the Style Assistant. On one hand, the low perceived cognitive effort
according to the users validated the system’s capacity to recommend relevant products. By
creating a smaller set of recommended items, the Style Assistant successfully minimized the
efforts needed of manual browsing, which as previously explained is typically even more

difficult in the context of second-hand fashion.

On the other hand, the reduced cognitive effort was heavily offset by the system response time.
Performance results, see Table 3, showed an average response time of 18.4 seconds which
represented a major architectural bottleneck. A latency of this magnitude disrupts the natural
flow of human-computer interaction, transforming what should be a dynamic conversational
dialogue into a set of waiting periods. As explained by Gao et al. (2021), systems perceived as
too demanding may lead to boredom and user abandonment, and is therefore a crucial pain point
of the system. The latency is a direct consequence of the technical means chosen to achieve
recommendations of high quality in the form of highly serial steps in an advanced RAG pipeline.
As presented in literature by Zhang et al. (2025), multimodal models often incur higher latency
and resource consumption making this a known central design challenge, especially in
combination with this increasing the risk of user abandonment presented by Gao et al. (2021).
Therefore, to make the system feel smooth and effortless to align with user expectations for a
CRS, the response time would need to be lower, especially as the ISO (9241-11:2018) definition

of efficiency states time spent as a non-negotiable metric of usability.
Satisfaction

Satisfaction refers to the extent to which the system meets user needs and expectations according
to the ISO definition (ISO 9241-11:2018). For a conversational recommender system, this relates
to Jannach’s (2022) dimension of Quality of Conversation and Usability, referring to the user’s
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subjective perception and linguistic quality of the system. Regarding the conversational quality
of the Style Assistant, users agreed that the generated language felt natural and easy to
understand, see Table 12, indicating that users were satisfied with the LLM-based text generation
approach in the RAG pipeline. This means that the benefits of using an LLM in the generation
step of the RAG pipeline in combination with the typewriter effect to pace the dialogue, helped
to mimic a human interaction, which lowered the barrier for users to engage in interactions with
Al-based systems. As presented in the literature, human-like traits lead to familiarity, similarity
and liability as explained by Lopez-Lopez & Iniesta (2025) as well as Sidlauskiene et al. (2023).
Anomalies seen, such as a couple of uncommon terms and referring to the incorrect item type, is
therefore a direct consequence of open-ended prompts for the LLM to interpret. However, the
generally high user satisfaction with the conversational naturalness points to this being
successful. Confirming and rephrasing the user queries in the acknowledgment, an approach that
was highly valued by users, aligned with the literature on “grounding in communication” as
defined by Mamun et al. (2025) as a method of enhancing trust by demonstrating systematic
comprehension. From an ethical standpoint, this strategy directly addresses the transparency
dilemmas inherited by the “black-box” architecture, as described by Milano et al. (2020).
Explicitly establishing this transparency decreases the ethical risk of untraceable Al behavior to
create user trust as explained by Lopez-Lopez & Iniesta (2025). However, as some users pointed
out that they skipped the acknowledgment highlights an interesting UX trend where users use
CRSs as a search tool rather than a standard social chatbot by instead focusing on the visual
product cards. This is an interesting finding that can be compared to Lopez-Lopez & Iniesta’s
(2025) explanation that whether a system engages the user or not is more important than any
underlying technical complexity, as it also determines if it will be used or not.

Some users felt like the set of recommendations were random, especially during early iterations.
This exposes a typical cold-start problem, directly aligning with previous literature. In such
cases, the usage of personalization would be helpful as further discussed in Section 6.4.2 as it
provides further information about the users preferences. When a user provides a vague initial
query, semantic search returns broad matches that the user may interpret as a lack of system
intelligence, instantly damaging the initial trust and satisfaction with the system. From an ethical
perspective this dynamic reveals how fragile user trust is in cases where communication fails,
directly aligning with Mamun et al. (2025) discussion on human-Al interaction dynamics.
Scientifically, this finding highlights a constraint in contexts without anchors or historical
interactions where the vector proximity alone cannot fully bridge the gap between somewhat

abstract user language and precise stylistic expectations.

Generally, users were satisfied with the consistency and memory of the system, highlighting that
the iterative refinement was a helpful way of narrowing down the product inventory. At the same
time, some users experienced that earlier requirements were lost in the conversation during the
refinement, which users found frustrating. This showed that the perception of the Style

Assistant’s consistency was somewhat mixed, contributing to both satisfaction and
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dissatisfaction. These results can be explained by the dual pre-retrieval mechanism where
explicit constraints are carried, while context-aware intent classifiers rely on exact phrasing and
LLM interpretations to determine whether a user is refining or starting a new search, leading to
divergent results. Especially in cases where users might be modifying their search, for example
shifting from a dress to a skirt, the system must balance carrying or dropping the set filters as
well as any irrelevant text, sometimes leading to incorrect results compared to the user’s
intention. This means that user satisfaction completely depends on the type of conversation had,
where minor refinements seem to be handled more smoothly and struggling with larger
refinements, for example when shifting categories but expecting the same style. This highlights
user expectations for Al to possess human-like understanding of what counts as structural
parameters, for example size or budget, versus more fluid stylistic desires, vibes or styles. These
results can be interpreted as a need for a flexible continuity system where different cases must be
individually handled, with no strictly general solution.

As previously discussed, many users expressed frustration regarding the high system response
time, which contributed to dissatisfaction with the system. This indicates that while the overall
user perception of the system regarding conversational quality was good, technical performance
limitations such as response time lowered the user satisfaction with the system. Ultimately, these
findings reveal that the user satisfaction of the Style Assistant is complex as it successfully met
the linguistic expectations but underlying retrieval and memory mechanisms occasionally failed

to sustain the consistency required for rigorous task support.

6.3.2 Comparison of Technical and Perceived Quality
To evaluate the RAG pipeline of the Style Assistant in the design cycle, an automated RAGAs
evaluation suggested by Es et al. (2024) was identified in the rigor cycle as a suitable method to
provide methodological rigor in the evaluation. This section discusses the results from the
RAGAs evaluation in relation to the perceived quality from the UX evaluation. The results from
the RAGAs evaluation were rather varying for the three different metrics used.

Answer relevancy received the highest scores among the three RAGAs metrics used, as seen in
the results. This indicated that the generated answer answered the user queries well. Since the
Style Assistant is not a traditional question-answering system, the retrieved content is not fully
synthesized into the generated message. In this case, this means that the generated message did
not actually say anything about the retrieved products but instead only evaluated the generated
message in relation to the query. During the UX evaluation, several users expressed that they
liked that the Style Assistant repeated their request in the message, creating a feeling of it
understanding what the user meant. Also, users generally believed that the system’s language
was easy to understand. This indicates coherence and success for both the RAGAs evaluation

and the UX evaluation regarding the generated messages.
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Answer faithfulness stood out with a very low mean score. This indicated that RAGAs could not
find that the generated answer was supported by the retrieved content, which could indicate
hallucinations (Es et al., 2024). However, for the Style Assistant, the low scores can likely be
explained by limitations in the retrieval context. Only certain metadata attributes are included in
the context used by RAGAs. Since RAGAs cannot handle the product image, visual attributes
not stated in metadata are not used by the RAGAs evaluation. A generated message including
words expressing for example a style, vibe, occasion, fit or specific detail that cannot be
retrieved in product metadata will therefore result in an answer faithfulness failure. This also
explains why the scenario groups related to explicit filters scored a bit higher regarding answer

faithfulness, as filters can be retrieved in the product context.

The Style Assistant artifact was built to handle visual attributes in fashion items semantically
through multimodal vector embeddings, meaning that images and text exist in the same vector
space. That meant that desired attributes such as style or fit were likely represented by the
retrieved products, but since these attributes are only visually captured, RAGAs could not make
that conclusion. Analyzing the results from the UX evaluation, users generally expressed that
they felt like the system understood what style, fit or vibe they were looking for, especially
compared to traditional keyword and filter-based search. This also supports that the low answer
faithfulness score is a result of poor RAGAs data combability rather than a system performance
issue. The UX evaluation showed that the generated message in some cases makes promises that
were not fully true in relation to the retrieved products. However, this was mainly a problem for
specific attributes, rather than broader exploratory terms. This problem was often more related to
specific functionalities such as negations or reference items, instead of the full RAG pipeline.

For the retrieval part, RAGAs evaluated context relevance, which means how much of the
retrieved content was useful for the generated answer (Es et al., 2024). The results were rather
varied, where a clear score difference could be observed between different scenario groups.
Scenario groups involving many specific metadata details that exist in the retrieval context, such
as filters and specific product types and attributes, received higher scores, while scenarios with
little to no explicit requirements, such as the explore and negation scenarios, receive lower
scores. Again, as discussed for the answer faithfulness metric, this is a consequence of the
textual nature of RAGAs evaluation. While image attributes have a significant role in the
multimodal vector retrieval, this is not captured by RAGAs, resulting in low scores for scenarios
where existing textual metadata has low relevance. This meant that low scores did not
necessarily indicate a system failure but were instead a consequence of RAGAs not handling a

multimodal knowledge base.

Analysis of the results from the automated evaluation showed that the RAGAs framework
proposed by Es et al. (2024) is insufficient for capturing the visual image aspects of the
implemented MM-RAG pipeline. Because fashion is a highly visual domain (Deldjoo et al.,
2025), text-only metrics fail to capture important visual attributes that have a significant impact
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on the Style Assistant’s recommendation logic. This scenario highlights a central challenge in
multimodal evaluation regarding the paradox between text-based automated judges and the
visual context of second-hand fashion. While RAGAs was identified as a rigorous evaluation
method for RAG pipelines in the rigor cycle, these findings from this thesis demonstrated that
RAGAs framework would have to be extended in order to contribute to research rigor in
multimodal settings such as the Style Assistant. This created a scientific contribution regarding
how automated evaluation must adapt to visual domains. Future implementations are
recommended to either textually represent image attributes in the evaluation context or to
employ multimodal models acting directly as visual judges. Consequently, the evaluation did not
only assess the performance of the Style Assistant’s recommendations, but also generated new
contributions to the broader field of MM-RAG evaluation, especially within the fashion domain.

6.4 Limitations and Future Research
Findings from the previous sections demonstrated the potential of the Style Assistant as a
MM-RAG-based CRS in addressing the product discovery bottleneck in second-hand
e-commerce, while also identifying several limitations in the current implementation. Addressing
the identified constraints is essential to achieve a robust system in order to fulfill the utility goal
of Design Science Research (Hevner et al., 2004). Consequently, these limitations point toward

necessary enhancements for future work for the next design cycle iteration.

6.4.1 Technical Constraints

One identified technical limitation was the system’s ability to handle complex user constraints.
Occasionally, the system struggled to ensure that the user’s requirements were fulfilled by the
retrieved products, for example regarding negations or specific attribute requirements. The
importance of natural language comprehension, including negations, and controlled retrieval
based on this is emphasized as a core functionality in CRS literature (Nawara & Kashef, 2025;
Mamun et al., 2025; An et al., 2025; Gao et al., 2021). Ultimately, this tension exposes a central
design trade-off between semantic flexibility and strict payload constraints. This highlights a
functional design lesson suggesting that the current means for handling these ends requires future
refinement to ensure that the results actually follow strict constraints. Additional methods for
ensuring these results could also be researched, for example implementing higher reliance on
strict filters. The system needs to respect strict boundaries to prevent unrelated results which in
other cases can break user trust.

Furthermore, the UX evaluation demonstrated scenarios that have no implemented means in the
current version of the Style Assistant, leading to low recommendation relevance in these
scenarios. First, several users requested complete outfits with several item types specified. This
functionality is not handled by the Style Assistant, but it would be an interesting extension to, for
example, implement several retrieval legs for the different specified item types. Second, several

users used the reference pin functionality to find matching items. Again, no technical means for
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this is implemented in the current version, since the reference item functionality only aims at
making smaller refinements to the referenced product. Third, a recurring scenario was users
trying to use the reference item functionality to pin multiple items, aiming to capture the overall
style that they liked as feedback to the system. As stated by Deldjoo et al. (2025), it is often
difficult to express stylistic requests, and being able to reference multiple items could therefore
be a good solution to capturing the desired style or vibe that would be valuable to implement in
the Style Assistant. Since these three scenarios were recurring in the UX evaluation, these would
be interesting areas to research during future studies to enable the Style Assistant to handle these
desired use cases.

Finally, the UX evaluation revealed latency to be one of the most critical constraints,
highlighting a vital design lesson regarding the balance between pipeline complexity and
conversational flow. The complex architecture introduces an extreme latency serving as an
operational bottleneck caused by many sequential LLM-based tasks mainly during the
pre-retrieval phase. Because this response time broke the natural flow of human-computer
interaction and directly drove user frustration and abandonment, a primary recommendation for

future implementation is to focus on pipeline optimization via architectural compression.

6.4.2 Personalization
The results showed that some users experienced the results to be a bit random, or not fully
aligned with their expectations. Since the Style Assistant currently operates on a cold-start basis,
it lacks knowledge about the user beyond the current session. This means that recommendations
are solely based on the implemented pipeline, which treats all users equivalently.

In order to make the recommendations more adapted to the user, future research could explore
integration of personalization into the Style Assistant. This could include using historical user
data, such as past item interactions, preferred brands, sizes, stylistic preferences, aiming to
provide higher relevance in the recommendations based on a specific user. Enhancing the
recommendation relevance would also potentially lower the number of iterations needed to find
relevant products. Furthermore, the problem analysis identified that users often find it difficult to
articulate their specific preferences in written language, especially when specifying their style or
certain aesthetics. The implementation of personalization could also reduce the cognitive burden
of using the system, as the need for extensive natural language specifications as well as iteration
effort would decrease. This would allow the Style Assistant to go from purely reactive to a

proactive discovery tool that understands the user’s unique style preferences.

6.4.3 Adoption and Continuance
While this thesis focused on the technical performance and perceived quality of the RAG-based
CRS, a broader question remains regarding the long-term willingness of users to adopt such an
interface. It is yet to be determined if a conversational approach truly solves the identified
discovery bottleneck.
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The user interface design was, as previously stated, not the primary focus within the research
scope. Evaluation feedback showed that certain UI limitations hindered the overall experience to
a certain extent. Future research should treat the UI not just as a display layer, but as a critical
component of the Style Assistant artifact. Refining as well as evaluating UI functionalities is a
necessary step to transform the Style Assistant from a functional prototype into a high-utility
tool, ready for production in relation to DSR (Hevner et al., 2004).

Future studies should investigate the continuance intention of users by researching whether they
would return to the Style Assistant in real-world scenarios. Research should explore effective
paths forward in second-hand e-commerce, or similar domains, to obtain the optimal solution.
Understanding the transition from trying the Style Assistant to relying on it is a vital next step for

both design science and e-commerce research.

As stated by Hevner (2007), in order to successfully meet the requirements from the relevance
cycle, it is necessary to continue iterating on the design cycle based on identified limitations,
until the Style Assistant actually serves as a solution to the identified design problem of product

discovery in second-hand e-commerce.

55



7. Conclusion

The aim of this study was to address the product discovery challenge in second-hand fashion
e-commerce by designing, developing and evaluating the Style Assistant, a Multimodal
Retrieval-Augmented Generation (MM-RAG) based Conversational Recommender System
(CRS). A Design Science Research (DSR) approach based on the three cycles presented by
Hevner (2007) was used to address the problem.

The thesis identified second-hand fashion e-commerce as a unique and complex context, in
which traditional search, filtering and recommendations systems are often insufficient due to
data sparsity and the unique and constantly changing product inventory. Therefore, this domain
requires a shift towards dynamic, context-aware and multi-turn recommendation systems. To
address this, the Style Assistant was designed and developed to support multi-turn dialogue and
multimodal semantic retrieval, enabling users to express visual fashion preferences in natural
language. The resulting artifact pipeline implemented several pre-retrieval, retrieval,
post-retrieval and generation strategies, aiming to enhance recommendation relevance while

using multimodal embeddings to map images and text into the same semantic space.

Findings from this study showed that a MM-RAG-based CRS, such as the Style Assistant, has
the potential to address the product discovery challenge by bridging the gap between natural
language user requests and the visual nature of fashion products. The mixed-method evaluation
confirmed that the primary aim of handling the product discovery bottleneck is successfully
achieved since all participants managed to discover relevant items they would consider
purchasing. Participants particularly appreciated features such as multi-turn refinements and
nuanced natural language understanding. On a general level, these results showed that the artifact
can serve as a solution to make sustainable fashion choices more accessible to users by

simplifying product discovery.

Furthermore, the UX evaluation revealed that the main limitations of the system being latency
and reliance on purely semantic retrieval that occasionally compromises explicit user
requirements. To transform the Style Assistant from a functional prototype into a high-utility
tool, future iterations within the DSR cycles must prioritize three core improvements. First,
pipeline optimization concerning LLM subtasks and prompt handling is required to reduce
latency and maintain a conversational flow. Second, exploration and implementation of methods
to ensure correctness in the results, such as stronger reliance on hard filters. Finally, the system
should incorporate personalization to avoid the static cold-start baseline by also including

historical data and individual user preferences to deliver relevant recommendations.

Additionally, certain limitations regarding the evaluation method were identified. A critical
insight is the shortcoming of automated textual frameworks such as RAGAs for evaluation of
multimodal systems with strong visual importance. While the artifact yielded high perceived
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satisfaction, some automated RAGAs metrics received low scores since the method did not
capture visual features. This demonstrated that text-based judges are insufficient in multimodal
settings, and future evaluation of multimodal systems therefore requires an extension of the
RAGAs evaluation framework to incorporate visual features, especially in the fashion domain.

In conclusion, this thesis demonstrated that a MM-RAG-based CRS can effectively support
product discovery in the complex context of second-hand e-commerce. However further research
is needed to improve system efficiency and retrieval precision, as well as to incorporate
personalization in order to allow the system to reach its full potential in enhancing product

discovery and circular e-commerce.
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Appendix A. Survey on User Expectations

The following questions were included in a survey conducted to examine how users expect to

interact with the artifact. A total of 11 participants responded to the questionnaire below:
Q1: What expectation would you have on a Sellpy chatbot?

Q2: In which cases would you use a Sellpy chatbot? (for example: searching for specific items,

browsing for inspiration etc.)

Q3: How would you phrase a message to the chatbot? Please write an example (it can be
anything, for example something you are currently interested in finding).



Appendix B. RAGAs Prompts

This appendix contains the specific prompt templates used by the judge LLM to evaluate the

RAGAs metrics. These prompts define the instructions, constraints, and expected output formats

based on the evaluation framework.

Context Relevance Prompt: Given a question, answer and context verify if the context was
useful in arriving at the given answer. Give the verdict as "1" if useful and "0" if not with JSON
output.

Answer Faithfulness Prompt 1: Given a question and an answer, analyze the complexity of
each sentence in the answer. Break down each sentence into one or more fully understandable
statements. Ensure that no pronouns are used in any statement. Format the outputs in JSON.

Answer Faithfulness Prompt 2: Your task is to judge the faithfulness of a series of statements
based on a given context. For each statement you must return a verdict as 1 if the statement can
be directly inferred based on the context or 0 if the statement can not be directly inferred based

on the context.

Answer Relevance Prompt: Generate a question for the given answer and identify if the answer

1s noncommittal. Give noncommittal as 1 if the answer is noncommittal and O if the answer is
committal. A noncommittal answer is one that is evasive, vague, or ambiguous. For example, "I

don't know" or "I'm not sure" are noncommittal answers.
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Appendix C. Post-evaluation Questionnaire

The following questionnaire and data metrics were used at the end of the UX evaluation of the
Style Assistant. The evaluation is structured based on the ISO usability dimensions adapted from
Jannach (2022). Questions are rated on a 7-point Likert scale (1 = Strongly disagree, 7 =
Strongly agree) unless specified as Yes/No (Y/N). System-logged metrics that were internally
collected are also listed at the end of this appendix.

Effectiveness

Basics

Q1: I found something that I liked. (Y/N)

Q2: I found something that I would consider buying. (Y/N)

Q3: The initial results felt relevant to me. (/-7)

Q4: I found the system helpful to find suitable items. (1—7)

QS5: I would use this system again. (1-7)

Search

Q6: The results fulfilled my request. (/-7)

Q7: It felt like the system understood what I was searching for. (/-7)
Explore

Q8: The results felt inspiring. (/—7)

Q9: The system helped me explore new items that I would not search for myself. (7/-7)
Subtask

Q10: The system understood my intent. (/—7)

Q11: The results followed the applied filters. (1-7)

Q12: The system understood negations. (/—7)

Q13: The predefined prompts felt relevant. (71-7)

Efficiency
Q14: Much effort was needed to find something that I like. (/-7)
Q15: Much effort was needed to refine the search to find something that I like. (7-7)

Satisfaction

Q16: The system responded fast enough. (1-7)

Q17: The dialogue felt consistent throughout the dialogue. (/-7)

Q18: The system remembered my preferences throughout the conversation. (7-7)
Q19: The language was natural and easy to understand. (/-7)

Q20: I trusted the recommendations from the system. (7—7)

Open-Ended Questions
Q21: What did you like about the system?
Q22: What did you find difficult/frustrating with the system
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Data
(Note: The following performance metrics were internally collected via the NoSQL database
during the evaluation sessions and were not visible to the participants.)
e The system understood how much information was needed for searching. (data)
Average time to find something they like. (data)
Average number of iterations to find something they like. (data)

Fraction of users that gave up before finding something they like. (data)

Average response time. (data)
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