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Abstract—Fashion plays a significant role in cultures around

the world and in the global economy. Similarly to what has

happened with other consumer products, the Internet has trans-

formed the way people shop for fashion, transitioning from an

in-store experience to an increasingly online one thanks to ever-

evolving e-commerce. While much of today’s e-commerce experi-

ence for fashion still relies on a keyword-search-based approach

for web and mobile catalogs, the advent of Generative Artificial

Intelligence (GenAI) and multimodal Large Language Models

(LLMs) has brought unprecedented opportunities for searching,

exploring, and recommending fashion products online. This pa-

per aims to leverage state-of-the-art GenAI and multimodal LLM

technologies to provide a different customer experience based on

conversational, intent-driven exploration of fashion catalogs and

outfit recommendations through our proposed solution, VestiME.

The results of our user study involving fashion experts show

the potential of these highly interactive, conversational, and

multimodal e-commerce experiences for fashion.

Index Terms—Fashion outfit recommendation, RAG, LLM, AI

agent

I. INTRODUCTION

Fashion is an important cultural element that also plays a
vital role in the global economy [1]. The way people shop for
fashion has gone through a series of transformations over the
past centuries. Starting in the pre-industrial era, clothing was
handmade at home or produced by local artisans. This was
a time-consuming and expensive process that made owning
new clothing a luxury for most people. The 19th century
witnessed the birth of department stores and ready-to-wear
clothing thanks to the Industrial Revolution that enabled its
production at scale, which made shopping for clothes more
accessible. During the late 19th and entering the 20th century,
mail-order catalogs (see Fig. 1) became popular and allowed
customers to order clothing and benefit from delivery services
directly to their door.

Toward the end of the 20th century and into the 21st,
similarly to other consumer products, fashion has evolved
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Fig. 1. Fall and Winter, 1890-91 Fashion Catalogue - H. O’Neill and
Co. (1890). Accessed from Wikimedia Commons [2] , licensed under CC0
(https://creativecommons.org/publicdomain/zero/1.0/).

through digital transformation driven by the Internet, web tech-
nology development, and e-commerce, moving its traditional
in-store and printed-catalog-based experiences into an online
one bringing convenience, innovation, and personalization
to customers. In this context, online recommender systems
play a crucial role helping customers discover products that
are aligned with their preferences and tastes by leveraging
user interactions with e-commerce platforms, including visits,
product purchases, and reviews. This allows these platforms
to better understand customer preferences that can be used to
determine what, how, and when to recommend. At the same
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time, in today’s e-commerce ecosystem, recommender systems
have become essential: Approximately 35% of Amazon’s sales
and more than 80% of the content consumed by Netflix’s users
come from such systems [3].

Recommender systems face unique challenges when making
recommendations in the context of fashion outfits. Deldjoo
et al. [3] highlight the need to take into consideration the
compatibility of products when recommending a complete
outfit and the importance of personalization, which needs to
account for the place where the outfit will be used, the season,
occasion, and the social context of the customer. Additionally,
the limitations of existing web- and mobile-app-based inter-
actions (typically based on clicks, menu navigation, keyword
searches, etc.) make it hard to provide a closer experience to
that which clients are used to when making fashion decisions
and purchases, that is, having interactions where clients ask for
fashion advice and exchange opinions with family members,
friends, and salespeople through conversational interactions.
This paper focuses on the challenge of providing a fashion
virtual assistant, VestiME, which offers outfit recommendations
through a conversational interface. VestiME is powered by
multimodal LLMs [4] that are grounded in a catalog of
fashion products, on top of which the solution can provide
outfit recommendations based on user intents and preferences
expressed through a natural-language conversation. Our user
study involving fashion experts demonstrates the usefulness
and potential of the proposed solution, and, at the same time,
sheds light on interesting open problems and challenges that
are worth exploring further.

This paper is organized as follows. Section II presents
related work. Section III discusses the major challenges faced
by recommender systems for fashion. Next, Section IV in-
troduces VestiME, our RAG-based multimodal outfit recom-
mender agent. Section V presents the implementation and user
study we carried out to validate our proposed solution. Finally,
Section VI presents our concluding remarks and future work.

II. RELATED WORK

The fashion industry has used recommender systems for
almost as long as e-commerce has existed. Such systems have
been classified according to specific objectives, including the
recommendation of fashion products, complete outfits, advice
on sizes and measurements, and explanation capabilities for
the recommendation [3]. Fashion recommendations typically
focus on suggesting individual products that satisfy the cus-
tomers’ preferences, using techniques such as collaborative
filtering and Bayesian personalized ranking, which optimize
personalization through implicit feedback and user-product in-
teraction probabilities. Other systems focus on recommending
the clothing size that best fits customers’ body characteristics.
Systems that support explanations provide reasons for why
they recommend a specific product using text or visual mech-
anisms to augment transparency and decision-making [5].

In the context of fashion recommender systems, Fashion
Outfit Recommendation (FOR) [5] focuses specifically on
recommending outfits where the individual product items

harmonize with each other and as a whole based on product
item compatibility. A variation of FOR is the personalized
FOR (PFOR) [5], which adapts recommendations to the tastes
of customers instead of focusing solely on the harmony of
the product items that make up the outfit. In this context,
Ding et al. [6] use a fill-in-the-blank approach to combine
and score combinations of users, outfits, and product items.
A model based on Conditional Random Fields (CRF) is
trained to predict the compatibility of an outfit with a user.
Other techniques have also been used in this space including
Convolutional Neural Networks (CNN) [7] and Transformers
[8] as alternative methods.

The advancements in Natural Language Processing (NLP)
that characterized the 2010s boosted the interest in conversa-
tional user interfaces. Challenges such as fast-changing user
preferences and natural language feedback are typically at the
center of this line of research [9]. For example, Sapna et al.
[10] proposed Athena, a chatbot based on artificial neural
networks that offers recommendations based on graphs and
trends. Zhang [11] proposed Outfit Helper, a chatbot that
assists men in choosing outfits by combining NLP, computer
vision, and dialog structuring. Husak et al. [12] designed a
Telegram-based system to generate a list of clothing styles
based on user needs. The main challenges faced in this
work included issues in language interpretation due to the
use of dialects and individual communication styles. Similar
problems were common in research work published in this
space before the massive launch and democratization of access
to LLMs and GenAI technologies.

Recent progress made in the space of LLMs and GenAI
technologies has spiked the interest in leveraging such tech-
nologies to improve the experience in conversational user
interfaces. Several studies demonstrate their potential in this
context. For example, Kolb et al. [13] proposed an architecture
that combines both local and global knowledge through chat
history rewriting using Generative Pre-trained Transformers
(GPT) [8]. Forouzandehmehr et al. [14] addressed the chal-
lenge of recommending outfits based on famous people using
LLMs to obtain style information from users and prompt
engineering techniques to better understand their preferences.
While the proposed solution showed promise and produced
good results, issues were identified related to gender bias and
lack of interactive, multi-turn conversations.

While recent advances in outfit recommendations have been
promising, challenges persist when it comes to personalization
and explainability of traditional recommender systems [15],
many of which are based on generic user profiles with limited
(or no) natural language interactions, making it difficult for
such systems to recommend outfits that adapt to user taste,
preference changes, exploration and discovery, and continu-
ously changing fashion trends.

III. MAJOR CHALLENGES IN RECOMMENDER SYSTEMS
FOR FASHION

Fashion Recommender Systems have faced several chal-
lenges over the past decades, many of which are still out-



standing. In this section, we summarize major challenges that
represent relevant open research problems within this domain
as discussed by Deldjoo et al. [3].

The first such challenge is item representation in fashion.
Here, most recommender systems based on collaborative and
content-based filtering typically struggle with making good
recommendations due to the limited information they work
with, including a lack of consideration for the visual appear-
ance of the products, which is arguably the most essential
element in fashion. Recent work has started to incorporate
additional elements such as text descriptions and reviews [16],
[17], as well as product images and videos [18]–[20].

A second challenge is the compatibility of items. Questions
such as “Does this neckless go well with my dress?” or “Is
the color of my purse a good match for the color of my
belt and shoes?” are very challenging to address with today’s
fashion recommender systems. Work that tries to address this
challenge typically relies on co-purchase times [21], outfits
obtained from social media images [22], and latent style types
[23], with limited success.

Another challenge lies in fit and personalization. A good
recommendation in the fashion realm typically accounts for
aspects such as trends, season, occasion, and location [24]–
[26]. This means that recommender systems need to go beyond
just the product characteristics and take into account contextual
information [27]. Part of this context includes also fit, which
needs to consider body shapes and sizes, among other criteria
[28].

Interpretation and explainability of the recommendations
are key (but challenging) for customers to buy in. For the
most part, traditional recommender systems do not offer
explanations as to why they are making a recommendation.
Current approaches that address this problem go as far as
highlighting certain aspects of the image of the product or
its description [29], [30], providing no clear rationale behind
it.

Recent progress made in the context of multimodal LLMs
and GenAI [4], Retrieval Augmented Generation (RAG) sys-
tems [31], and Agentic AI [32] bring new opportunities
to address the core challenges listed above. For example,
item representation can be helped by multimodal LLMs by
combining text, images, and even videos; interpretation and
explainability can be explored through the use of LLMs; while
compatibility of items can be explored with RAG, reasoning
LLM, and chain-of-though (CoT) [33].

IV. VESTIME: A FASHION VIRTUAL ASSISTANT

The latest advancements in LLMs, GenAI, and agent tech-
nologies have brought unprecedented opportunities for e-
commerce and online shopping, which enable the construction
of recommender systems with conversational user interfaces
with superior capabilities (w.r.t. traditional recommender sys-
tems) to interpret and generate natural language. In this
section, we introduce VestiME, an agent-based virtual assistant
that leverages multimodal LLM and RAG technologies to

make personalized outfit recommendations that are grounded
on a catalog of fashion product items.

A. An Architectural Perspective
Fig. 2 presents an architectural view of our proposed

solution. The solution is divided into two main parts: (i)
Data preparation, embedding, and indexing (left-hand side
of the architecture), and (ii) retriever and generation agent
(on the right-hand side). In the first part, we process the
images from our catalog, extract attributes and descriptions
with the help of a large language model LLM-1 (we provide
the details of the actual models we use in Section V-A),
generate the embeddings out of them, and index them for
faster search and retrieval. In the second part, we leverage
a second large language model, LLM-2, to manage intents
and conversations, and make decisions based on prompting
techniques. This second part, in turn, consists of two phases:
(a) Gathering of user preferences, and (b) outfit generation
based on the product items found in our catalog. We will delve
into these two parts separately in the next sections.

B. Data Preparation, Embedding and Indexing
We start by first discussing the catalog of fashion product

items we use in this work, which consists in the widely used
Cleaned Maryland Dataset1. This dataset contains close to
127K product item images that are organized into 20 different
product categories spanning from outwear and dresses to neck-
wear and bracelets. While the dataset includes some metadata
about the product items, we opted to augment this metadata
through the use of multimodal LLMs to include information
such as occasion and style. After a manual inspection of the
dataset, we curated it by removing non-essential categories
such as brooches. We also removed around 20K duplicated
images, resulting in a dataset of approximately 101K product
items.

To perform this additional data curation and augmentation,
we used LLM-1, which is a multimodal LLM for summariza-
tion, chat applications, data extraction, and captioning. This
allowed us to extract additional attributes such as the name
of the product, description, category, style, materials, color,
silhouette, occasion, and season. With the use of prompting
and a few-shot [34] approach, we implemented the work-
flow presented in Fig. 2, where images were encoded using
Base64 for image processing, and instructions for Pydantic
(https://pydantic.dev/) were included in the prompt to guide
LLM-1 in the identification of attributes. We used LangChain
(https://www.langchain.com/) for the orchestration of the inter-
actions with LLM-1, which allowed us to streamline the com-
munication between LLM-1 and the Pydantic Output Parser,
which validates the outputs (in JSON format) generated by the
LLM. As an optimization mechanism for this image curation
and augmentation workflow, we leveraged LangChain’s batch
processing, with batches of sizes ranging from 50 to 100
images. This allowed us to improve image processing times

1https://github.com/AemikaChow/AiDLab-fAshIon-
Data/blob/main/Datasets/cleaned-maryland.md
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Fig. 2. Architecture of VestiME: The left-hand side of the architecture focuses on data preparation, embedding, and indexing, while the right-hand side
focuses on the retriever and generation agent.

and the handling of formatting errors. This workflow allowed
us to process all 101K images and generate the corresponding
metadata, making this dataset ready for our next steps in this
workflow: Embedding generation and indexing.

We leverage an embedding model, EMB, to generate the
embeddings from this enriched dataset. The embeddings for
each of the product items in our dataset were generated from a
paragraph that was created from the descriptions obtained from
the attributes contained in the product’s augmented metadata.
As a result, we ended up with 101K vector representations
(embeddings) of the products contained in our cleaned and
enriched catalog. As a quick validation of the quality of
the embeddings, we randomly sampled 1,000 embeddings
and performed dimensionality reduction with t-Distributed
Stochastic Neighbor Embedding (t-SNE) [35], which allowed
us to visualize the embeddings in a two-dimensional space (see
Fig. 3). We observed a clear separation among the identified
categories, which allowed us to validate that the embeddings
accurately capture the essence and semantic differences in the
product items contained in our dataset.

As a final step in this curation and augmentation workflow,
we stored and indexed the resulting embeddings in a vector
database, VEC, which allows for representing, storing, index-
ing, and retrieving data in the form of tensors that contain
synthesized text, metadata, vector representations, and unique
identifiers. With this step, we enabled our VestiME Agent
(explained next) to search for and retrieve fashion products
in order to provide outfit recommendations.

C. Retriever and Generation Agent

The right-hand side of Fig. 2 shows the flow that is followed
by VestiME to process users’ requests, starting from the

Fig. 3. Visualization of categories after applying dimensionality reduction
with t-SNE.

initial intent down to the final recommendation for the outfits.
VestiME is the core agent of our virtual assistant, managing
the conversational interactions with end-users and assuming
the role of a fashion expert to make outfit recommendations.
This agent leverages GenAI, LLM and LLM-orchestration
technologies to keep track of previous interactions with end-
users ensuring dialog coherence.

As stated previously and shown in Fig. 2, the VestiME agent
is implemented across two phases. The first phase focuses on
the interaction with the end user to gather user preferences,
which include aspects such as style, color, and occasion. These
are fundamental elements needed for the agent to recommend
an outfit. If such details are not provided by the user during
the first interaction, the agent prompts the user to collect their



preferences.
During the second phase, the agent generates the outfit with

the help of two key components: CreateOutfit and CheckIm-
ages. The first step in this flow involves the synthesis of the
user’s intent based on the information gathered during the
first phase. This synthesized information is then fed into the
CreateOutfit component, which is responsible for generating
the outfit. This component also checks whether the generated
outcome matches user’s preferences, occasion, and style. Be-
low, we summarize the core sequence of steps followed in the
CreateOutfit component:

• Analyze query: This step uses LLM-2 to generate the
description of the main product item from an outfit,
based on the synthesized user intent. This product item is
considered the main element of the outfit, such as a dress,
shirt, pants, or skirt. The underlying prompt employed
in this step uses a one-shot approach [34], providing an
example that can help guide the model. In this prompt,
we instruct the model to analyze the user’s intent and
describe a key product item (e.g. a dress or shirt) that
can help build an outfit. The selection of the remaining
product items will then be based on the compatibility with
this main product item. This step is also very useful when
dealing with loosely defined preferences, ensuring that the
recommendation process starts on a solid foundation for
the outfit construction.

• Search best item: This step uses RAG with two retrievers
(described next), which access the product catalog in
our vector database VEC and uses LLM-2 to identify
the product that best matches the product description
generated in the previous step. The first retriever performs
a semantic search based on cosine similarity, retrieving
the top 20 product items most similar to the main product
identified previously. Next, using this list of 20 products
as context, we issue a new prompt assigning the role of
an expert in women’s fashion, whose task is to select
the product description that best matches the intent. With
this resulting description, the second retriever searches for
the product that most closely matches it, without losing
valuable and relevant information.

• Get matching products: The main task for this step is
to generate a JSON output with a list of product items
that are compatible with the main element of the outfit,
taking into account its image, description, and the user’s
synthesized intent. Using one-shot prompting again, we
assign LLM-2 the role of an expert in women’s fashion,
tasked with analyzing the image of the product item and
generating a list of other items for the outfit, considering
the user preferences for style and occasion. We also
provide an example of the expected output in JSON. This
is a crucial step for structuring the outfit and facilitating
the search for product items in our database.

• Ensemble outfit: The function of this step is to assemble
the outfit starting with the main product item and the
complementary ones returned by the previous step. It

leverages key attributes from the JSON representation of
items, such as occasion, style, and gender, to generate
a suitable description of the outfit. The outcome of this
step is a list containing the ensemble (with the items and
their attributes) and a description of the overall outfit.

• Check outfit: In this final step, the agent evaluates the
generated outfit to ensure its suitability. It receives as
input the images and descriptions of the outfit, as well
as the synthesized user intent. Through prompting, we
assign LLM-2 the role of a Fashion Critic and task it
with the responsibility of analyzing the outfit’s harmony,
style, and compatibility in light of the user’s preferences
expressed in the intent. We also instruct the Fashion Critic
to reject items that are redundant or inappropriate for the
occasion. The outcome of this step is the rejection or
approval of the outfit, along with a short justification for
the decision. In case of a rejection, we use the justification
as context and rerun the entire flow up to three times. If,
by the third attempt, we do not get an approved outfit,
we notify the user that the agent could not find a suitable
outfit in the catalog.

The CheckImage component focuses on sanitizing the out-
put generated by the CreateOutfit component. Specifically, it
verifies whether the file paths of images for product items
actually exist in our database. This serves as an additional
guardrail that helps us detect potential hallucinations. The
component returns a boolean value and invokes the Create-
Outfit component when the value is false.

Finally, the VestiME agent generates a JSON document with
an explanation of the recommendation, a short description of
each product item included in the outfit, the reason for in-
cluding each item, and the URL of the corresponding images.
All this information is used to provide an answer to the end-
user, along with a visual representation of the full outfit. The
graphical user interface (GUI) of VestiME provides a chatbot-
like experience, offering end-users a familiar conversational
interface resembling ChatGPT, currenlty the most popular AI-
powered chatbot2.

V. IMPLEMENTATION AND VALIDATION

A. Implementation
VestiME was implemented with a combination of tech-

nologies, tools, and libraries commonly used in building
modern RAG systems. The actual model used for LLM-
1 in Fig. 2 is Gemini-1.5-flash3 (a multimodal LLM suit-
able for image description, captioning, and answering image-
related questions). For LLM-2, the model is GPT-4o-mini4 (a
lightweight LLM well-suited for real-time conversations and
virtual assistants), while for EMB, we used text-embedding-
3-small5 (a lightweight embedding model well-suited for effi-

2https://www.demandsage.com/chatgpt-statistics/?utm source=chatgpt.com
3https://cloud.google.com/vertex-ai/generative-ai/docs/models/gemini/1-5-

flash
4https://openai.com/index/gpt-4o-mini-advancing-cost-efficient-

intelligence/
5https://platform.openai.com/docs/models/text-embedding-3-small



cient, cost-sensitive applications). The choice of these models
provides a good combination of effectiveness, efficiency, and
cost for the purposes and budget of this research work. Our
implementation facilitates the replacement of these models
with newer and more performant alternatives. For orchestrating
these models in VestiME’s architecture and workflow, we
used LangChain. The vector database VEC, used to store the
embeddings generated by EMB, is DeepLake6.

The GUI was implemented using Streamlit
(https://streamlit.io/), which provides a framework for
web-based chatbot development. The programming language
used for the implementation is Python 3.13. Fig. 4 shows a
screenshot of VestiME’s main GUI.

B. Validation

We validated VestiME’s usability and ability to generate
personalized outfit recommendations through a user study that
followed a think-aloud protocol [36]. This method allowed us
to capture the perceptions, thoughts, and potential issues faced
by end-users while they interacted with the agent, providing
insights into its suitability and areas for improvement.

In our user study, we involved a total of four subject matter
experts with seniority ranging from mid-level to senior Fashion
Designer/Consultant. We decided to involve these participants
in order to obtain rich expert feedback on VestiME. Partic-
ipation was voluntary and non-remunerated. Participant P1
(female, 21 years old) is a 4th-year undergraduate student from
a Fashion Design program with experience using ChatGPT;
participant P2 (female, 27 years old) is a senior Fashion
Designer with more than 11 years of professional experience in
the domain with no experience with ChatGPT; participant P3
(female, 22 years old) is a 4th-year undergraduate student from
a Fashion Design program with experience with ChatGPT;
and participant P4 (female, over 40 years old) is a senior
Fashion Consultant and former University Professor with no
experience with ChatGPT. Participants were video-recorded,
and the facilitator/observer took notes during task performance
for later analysis in combination with the video recordings.

Two documents were prepared for this study. The first
document is an information sheet that describes the user
study in detail and seeks the consent of the participant to
take part in the study. The second document is a task sheet
describing the tasks to be performed by participants during
the think-aloud sessions. The whole user study was conducted
in Spanish (including the chat interactions with VestiME).
Specifically, participants were tasked with interacting with
VestiME to receive outfit recommendations for the following
five occasions:

• OC1: Job interview (in person).
• OC2: Vacations at the beach.
• OC3: Christmas party.
• OC4: Wedding.
• OC5: Open occasion (freely chosen by the participant).

6https://www.deeplake.ai/

Fig. 4. VestiME’s main GUI. This is the Spanish version of the tool used for
our user study.

C. Analysis of Results

We start by reporting on the average time (in minutes)
it took to complete each of the above tasks (see Table I).
Although we report on the average time per task accross
different participants, it is worth mentioning that experts took
considerably different amounts of time per task, which were
influenced by the amount of comments made, the number of
turns it took to accept a recommendation, and the number
of times VestiME called the CreateOutfit function to generate
a recommendation. We next analyze the results of the study
across the following themes: (i) Prompts and multi-turn dia-
logue, (ii) suitability of recommendations, (iii) domain-specific
terminology, (iv) hallucination and other limitations, and (v)
overall satisfaction with the tool.

Prompts and multi-turn dialogue
We begin our analysis of the results by examining the way

participants interacted with VestiME through prompting. One
noticeable characteristic was that participants who reported
previous experience with tools such as ChatGPT were consis-
tently more specific and detailed in writing their prompts. As a
result, the tool achieved a faster and higher success rate when
making recommendations and required fewer turns to find an
outfit that was accepted by the participant.

For example, in the case of OC1 (job interview), participant
P1 prompted the tool:

“Recommend me an outfit for a job interview. I prefer it to be
formal and in neutral colors [...].” (P1).

For OC2 (vacations at the beach), the same participant

TABLE I
AVERAGE TIME TO COMPLETE EACH TASK AND FINALLY ACCEPT THE

RECOMMENDED OUTFIT. THE REPORTED TIME INCLUDES THE COMMENTS
MADE DURING THE THINK ALOUD PROCESS.

Task Occasion Avg. time (minutes)

OC1 Job interview (in person) 6.06
OC2 Vacations at the beach 5.65
OC3 Chirstmas party 3.97
OC4 Wedding 3.02
OC5 Open occasion (freely chosen by the participant) 2.99

Avg. time accross occasions 4.34



prompted:

“I would like it (the outfit) to include sandals, without a
platform, and a loose dress with a hat. I think I would like
the colors to be pastel tones.” (P1).

In both cases, the participant not only provided context in
terms of the occasion but also gave hints on the preferred style,
explicitly stating the colors. Instead, participant P2 used the
following prompt for the same occasion:

“Hi, I’m looking for recommendations for a formal job inter-
view in banking.” (P2).

In this case, while the participant provided context for the
occasion, she did not give any indications regarding style
preferences. As a result, the tool needed additional turns to
prompt the user and inquire about her preferences for style,
colors, etc.

As participants became comfortable with the tool, they
began experimenting with the recommended outfits by chang-
ing some of the elements or styles. For example, for OC2
(vacations at the beach), participant P4 used multiple turns to
try different elements of the initially recommended outfit, e.g.
by making it explicit that she wanted:

“a crop top [...] with a thread skirt with bright colors [...].”
(P4).

Multi-turn interactions like these were common throughout
the study, demonstrated participant engagement, and helped
facilitate product item discovery in the catalog. While there
were cases where the recommended outfit was accepted on
the first attempt, in other cases where participants were more
exploratory or simply not fully satisfied with the recommen-
dation, it took up to 7 turns before they finally accepted the
recommendation.

Suitability of recommendations
We focus now on the suitability of the outfit recommenda-

tions made by VestiME. Except for a couple of cases where
the tool showed hallucination (which we will discuss in more
detail later in this section) or faced other issues (e.g. not
displaying the outfit), the outfits recommended by VestiME
were largely appreciated by the participants, in many cases
on the first attempts, or after a number of turns where they
“played” with the outfit options or provided more context. Re-
garding the latter, for OC3 (Christmas party), when participant
P1 prompted the tool, she received an outfit recommendation
made of warm clothes, to which she immediately responded:

“The outfit is very nice; I love it! But I forgot to mention that
over here (The Southern Hemisphere) we have Christmas in
summer!” (P1).

After an additional turn, where the participant further in-
dicated that she needed a cool dress for summer, she finally
received something more convincing and expressed:

“I find this very nice. It is an interesting one (the outfit)
and it includes green colors, which gives the impression of
a Christmas style.” (P1).

We learned from this that VestiME shows the ability
to understand and dynamically adapt to external conditions
(weather, season, etc.), subject to the user providing enough
contextual information.

In other cases, VestiME was able to provide outfit recom-
mendations that were immediately accepted without further
turns. For the most part, these were cases where the participant
had a clear idea and preference for the outfit and intentionally
expressed them in their prompt. For instance, for OC4 (wed-
ding), participant P2 asked for a long, yellow dress for a hot
weather, with a mix of golden and silvery accesories, and a
black purse. When reviewing the recommendation (see Fig.
5), the participant expressed:

“I like it, absolutely yes! I love it, I swear I love it! I wouldn’t
change a thing.” (P1).

The participant even went further and responded to VestiME:

“Congrats, well done! I love this outfit.” (P1),

showing a great deal of satisfaction with the outcome. Fur-
thermore, for occasion OC5 (open occasion), participant P3
opted for a romantic dinner with her fiancé and prompted:

“[...] a black dress that highlights my body shape.” (P3).

When reviewing the recommended outfit, the participant ex-
pressed with noticeable satisfaction:

“Wow, Oh my God! I now only need to find a fiancé!” (P3).

“My God, this is beautiful! I love it. Where can I buy this?”
(P3).

It is worth noting that fun, laughter, and engagement remained
consistent throughout the study for all participants.

Fig. 5. Outfit recommended to participant P2 for OC4 (wedding). Participant’s
prompt: ”I have a formal wedding, during a hot summer, I’m looking for
an elegant, yellow maxi dress, with golden and silver accesories, and black
clutch” (P2). The outfit description was translated from Spanish.



Participants also expressed satisfaction with VestiME’s abil-
ity to choose the combination of colors and tones, demonstrat-
ing a good grasp of fundamental principles of colorimetry.
For example, for occasion OC5 (open occasion), participant
P1 chose a date at a restaurant as the occasion and asked
for a dress with a romantic style. Upon receiving the rec-
ommendation, P1 expressed her satisfaction with the outcome
and emphasized that even without specifying the color, by
simply prompting that she wanted a romantic style, the tool
automatically adapted the outfit to colors aligned with the
sytle, expressing:

“It (VestiME) knows about the colors that align with the idea
of romantic.” (P1).

Domain-specific terminology
Throughout the study, participants also noticed VestiME’s

ability to describe the outfit in great detail using domain-
specific terminology. For instance, participant P2 specifically
pointed this out by expressing:

“I like that it (the description) is fairly specific, because it
says here that it is a “maxi white dress”. This is very good.
Terminologies such as maxi, mini and midi is a specific (has a
well-defined meaning) and technical term used in the fashion
domain.” (P2).

Similar impressions were shared regarding the tool’s use
of specific, technical terminology and jargon in the fashion
domain related to colorometry (e.g. by using sophisticated
colors from the color palette and their combinations), nature
and texture of fabric (e.g. chiffon, crêpe, tulle, silk), footwear
(e.g. stiletto, sandals, ankle strap heels), dress styles (e.g. v-
neckline, bodycon dress, coral off-the-shoulder top), and more.
Furthermore, participants praised not only the mere presence
of such terminology in the description of the outfit but also
the precision and coherence of its usage w.r.t. the prompted
preferences and the visual representation of the outfit.

Hallucination and other limitations
As in the majority of LLM- and GenAI-based systems,

VestiME is not completely free of potential hallucinations and
errors in the provided responses [37]. For OC4 (wedding),
participant P1 experienced problems with the tool, which
generated a description of the outfit but was unable to show
the items. We suspect that this is because the response (text)
did not match any of the product descriptions in our catalog.
In response, P1 prompted the tool:

“I cannot see the outfit, please make your suggestion once
again with the actual images (of the outfit).” (P2).

This time, the tool was able to produce an outfit descrip-
tion with the visual representation, which participant P2 was
satisfied with and accepted.

There were other situations where the tool was unable to
fully satisfy the participant’s preferences. For instance, for
OC1 (job interview), participant P2 asked for pants (preferably

beige), a white shirt, a blazer of the same color as the pants,
and black stilettos. Yet, the tool did not fully follow the
participant’s preferences recommending a white shirt, beige
blazer, black pants (which should also have been beige),
and black stilettos. After a couple of additional attempts,
the participant finally received an outfit that satisfied her
preferences.

Another limitation that we observed in some cases was that
the tool was not always successful in modifying a previously
recommended outfit. For example, it made a recommendation
with the specific requested modification but an overall outfit
that was different. This happened when, for example, partici-
pants asked for a change in color (e.g. a white purse instead of
black) or style (e.g. strapless dress instead of spaghetti straps)
of a product item.

Overall experience and satisfaction with the tool
In order to capture the participants’ perception of the overall

experience and satisfaction with VestiME, at the end of the
think-aloud session, we explicitly asked them for feedback in
this regard. All participants responded positively when asked
whether they would use this tool again and recommend it to
others. Specifically, participant P1 expressed

“[...] I would recommend this tool to everybody.” (P1),

arguing that anyone would need this type of tool and guidance
at some point. Participant P4, on the other hand, shared that
she would definitely use the tool with friends and others
because

“ [...] it would make it much easier for me to explain the outfit
to others.” (P4),

showing the potential of this tool not only as a product
recommender system in the online store and retail business
but also as an aid for fashion and image consulting.

Another pinpointed aspect was that, although the rec-
ommended outfits were widely accepted and liked by the
participants, some of these items were not very updated or
fresh. That is, the tool sometimes recommended outdated
product items that are currently not in high demand in
the fast fashion world but can be easily found in stores
such as Marshalls (https://www.marshalls.com/) and Ross
(https://www.rossstores.com/), which focus on past fashion
seasons. In light of this feedback, we clarified to the partici-
pants that this limitation is due to the fact that we are relying
on a catalog of products used in studies that date back to
the year 2022, which leads to recommendations with product
items that are not fully aligned with the most recent trends. In
this sense, one of the participants pointed out (and we fully
agree with the comment) that this would be easy to fix:

“[...] if a catalog from Forever 217 or Zara8 is used instead,
because it will feed the database with product items that are

7https://www.forever21.com/
8https://www.zara.com/



aligned with their fast fashion and weekly shifts.” (P2).

When comparing this tool with others typically used to
search for outfit ideas, one of the participants said that a
tool like VestiME is much more focused and specific than the
alternative option of looking for ideas and recommendations
in applications such as Pinterest (https://www.pinterest.com/)
where, although one can find many options, the experience
can ultimately be very frustrating. In particular, participants
appreciated the fact that VestiME is able to justify its recom-
mendations:

“It (VestiME) provides an explanation of why it is recommend-
ing the outfit. This is very important.” (P3).

We observed that having such explanations contributes to
generating confidence and trust in both the recommended outfit
and the tool.

Discussion
The user study provided expert validation of VestiME’s abil-

ity to recommend personalized outfits for different occasions.
Throughout the study, we observed a high degree of accuracy
in the recommendations, clearly reflected in the appropriate
selection of colors, styles, combinations, and the overall sat-
isfaction of the experts. In this section, we further discuss
the results from the perspective of the proposed solution’s
effectiveness, efficiency, and ease of use.
Effectiveness. In the study, all the assigned tasks were com-
pleted successfully, indicating that the tool fulfilled the ex-
perts’ expectations. We did not observe critical errors that pre-
vented them to fulfill their tasks or caused the system to halt.
However, we observed non-critical issues such as potential
hallucinations and lack of visual representation of the outfit,
which were easily overcome with further interactions (turns)
with tool by the participants. In the latter case, participants
highlighted that even when no visual representation of the
outfit was provided (which happened in a couple of cases),
the descriptions were still clear enough to provide a good
understanding of the outfit and its components.
Efficiency. Time and the number of turns required to complete
a task are two key aspect when building tools such as chatbots
and virtual assistants. The average time for VestiME to provide
a recommendation given a prompt was approximately 55
seconds. Compared to conventional chatbots, where answers
are provided in about 10 seconds [10], [11], this delay can be
considered high for end-users accustomed to faster response
times. This is a relevant area of improvement if this tool is
to be productionized and used in real settings. On the other
hand, most of the outfit recommendations were accepted by
the experts in less than three turns, with the average number
of turns being two (rounded to the nearest whole number).
This indicates a good performance by VestiME in making the
adjustments needed based on the initial prompt or requirement
from the experts.
Ease of use. We observed that during the study, the partici-
pants were able to navigate the tool intuitively and without

extensive explanations or instructions, which suggests that the
combination of a conversational interface, GUI, and standard
chatbot look and feel contributed to the familiarity with the
tool and its ease of use. As previously explained, in all cases,
participants expressed their satisfaction with the tool, stating
that they would both use it again and recommend it to others.

VI. CONCLUSION

This paper presented a RAG-based multimodal fashion
recommender system for outfits based on a catalog of single
product items. Our proposed solution aims to provide an alter-
native to traditional recommender systems, where interactions
are typically limited to keyword searches, menu navigation,
and clicks on recommended items, where the recommenda-
tions are typically based on past searches, item- and user-
based collaborative filtering and other traditional methods.
We leverage state-of-the-art multimodal LLMs, embedding
models, prompting, LLM orchestration, and RAG to propose
VestiME, our conversational agent for outfit recommendation,
exploration, and discovery.

Our user studies revealed the viability, usability, and poten-
tial of VestiME. All four experts involved in the study evaluated
the tool positively, expressing that they would use the tool
again and recommend it to others. Some of the positive aspects
explicitly highlighted by participants include the suitability
of the recommended outfits based on their expressed intents
and expectations; the correct and accurate use of terminology
and jargon from the fashion domain when presenting outfit
descriptions; a good notion of style, combination, and col-
orimetry based on the occasion, among other advantages. The
observers of the study also identified strong engagement from
participants during the interaction with the tool, and a sense
of curiosity and fun when using VestiME.

This work comes with its own limitations. First, as com-
monly happens when using LLM and GenAI technologies,
VestiME is not free from potential errors and hallucinations.
This typically results in the tool being unable to find matching
product items that fit the description of the recommended
outfit. In very few cases, we also observed that the tool was
unable to fully satisfy the user’s requirements, for example,
having pants of the same color as the blazer. At times, this is
due to the fact that we simply cannot fulfill the requirement
because we do not have such an item in the catalog (e.g. we
do have blazers in beige, but not pants in that same color);
ideally, the tool should be able to explain and clarify this
to the user when such situations happen. The tool needs to
improve its ability to modify specific items from the outfit
(while keeping the rest of the items unchanged) as per the user
request. Finally, data privacy should also be taken into account
to prevent data leakage when used in production environments.

In future work, we plan to address each of the limitations
listed above, prioritizing the errors identified in our user
study and the ability to modify specific items, which were
perceived as the most important issues. We are also interested
in exploring the possibility of evolving VestiME into a truly
Agentic AI solution that integrates with real-time APIs (for



catalogs) and domain-specific, multimodal LLMs by leverag-
ing emerging technologies such as Model Context Protocol
(MCP) [38]. Finally, we plan to expand our user validation
through quantitative research methods.
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