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Abstract: Fashion curation is a system that recommends coordination outfits that are tailored to users’ situation and envi-
ronment. Unlike traditional fashion recommendation systems that rely on user profile and survey information to rec-
ommend single clothing items, fashion curation assembles multiple items based on the user’s context and environment. 
This approach requires the availability of access to various types and wide range of user information. Personalized fashion                 
curation can be automated by linking item characteristics and fabric attributes of user preferences based on Q&A inter-
actions regardings between the AI coordinator and the user. Over time, the performance of the model can be continuously 
improved through the accumulation of conversation data, which enables ongoing retraining. Accordingly, a text-embedding 
pre-processing framework is essential, as it enables the AI coordinator to interpret and integrate both user conversations 
and fashion item information. This study proposes a conversational data pre-processing method for training an automated 
fashion curation model using a dataset that includes conversations between the AI coordinator and the user, as well as 
fashion item information. When using the proposed conversation data pre-processing method, both the Weighted Kendall 
Tau(WKT) Sum and WKT Avg exhibited significant improvements. The highest performance was achieved when both 
user conversations and fashion item information were pre-processed.
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1. Introduction

As the Fourth Industrial Revolution progresses, the impor-

tance of personalized solutions is being emphasized. This trend 

is impacting the fashion industry, especially evident in the field 

of online personal styling services. Services like Stitch Fix are 

leading innovation and experiencing rapid growth in this sec-

tor(Kim et al., 2022). These services provide users with per-

sonalized fashion styling and product design recommendations 

based on stylist analysis. However, as the fashion industry shifts 

online, while users have more choices, it is becoming increas-

ingly challenging to effectively combine various clothing items 

into coherent outfit sets. Consequently, there is a growing need 

for a systematic system that can automatically curate outfits 

considering individual circumstances and environments.

Recently, AI chatbot services like ChatGPT, based on Ope-

nAI’s Large Language Model(LLM), are gaining attention in 

various fields. These services are being widely adopted in call 

centers, websites, shopping malls, healthcare, and more. As part 

of the conversational systems, AI chatbots preprocess and ana-

lyze user utterances to understand and generate appropriate 

responses(Chen et al., 2018; Young et al., 2018). Particularly, 

integrating such AI chatbots into fashion recommendation sys-

tems can effectively collect user preferences and requirements. 

By combining user utterance data with existing clothing item 

information, it is possible to automate personalized outfit cura-

tion tailored to an individual’s circumstances and environment. 

Additionally, as conversation data accumulates over time, this 

data can be used to continuously retrain the AI model, enhanc-

ing the accuracy of the automated outfit curation system. How-

ever, processing utterance and clothing item data requires text 

embedding, a process of converting text into numerical data. 

Without proper preprocessing of the data before embedding, the 

noise in the data can make it difficult to build a high-quality 

curation system. Therefore, the preprocessing of data before 

embedding is crucial for AI training. 

In this paper, we propose a data preprocessing method for 

text embedding in an automated fashion curation system using 

the FASCODE dataset, which includes utterance information 

between an AI coordinator and users, as well as clothing item 

information provided by the Electronics and Telecommunica-
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tions Research Institute (ETRI). By applying the proposed pre-

processing method to a conversation-based fashion curation 

recommendation system, it is possible to automate personalized 

fashion curation and retrain the model using the accumulated 

data.

2. Related Research

Current fashion recommendation systems primarily use con-

tent-based approaches and collaborative filtering. Content-based 

approaches recommend items by analyzing similarities between 

users based on user profiles, survey responses, and clothing 

attributes (Bellini et al., 2013; Bellini et al., 2014; Walek & 

Spackova, 2018). On the other hand, collaborative filtering 

employs user interaction data such as ratings, purchase history, 

site visits, and test responses to make recommendations using 

neighborhood methods and latent factor models(Omprakash et 

al., 2019; Koren et al., 2009). This process involves techniques 

like matrix factorization to understand and characterize the rela-

tionships between items and users. However, traditional col-

laborative filtering based systems mostly rely on static data, 

which tends to focus recommendations around high-exposure 

products. To overcome these limitations, techniques using 

machine learning models like clustering have been developed, 

but there are still challenges in providing personalized fashion 

item recommendations tailored to individual user’s specific cir-

cumstances and environments(Bellini et al., 2023). Specifically, 

the integration of multimodal information and the development 

of digital curation techniques have emerged as dominant 

research areas. Since fashion items are inherently a visual and 

emotionally driven domain, precisely capturing user preference 

is challenging using only simple text or quantitative data (Deld-

joo et al., 2025). Consequently, multimodal recommendation 

systems that integrate both visual and textual features have 

appeared as a crucial solution. A neural architecture combining 

visual and textual information was proposed by Chen et al. 

(2019). They demonstrated the utility of the multimodal atten-

tion network particularly in sparse interaction scenarios or 

during the recall stage of the recommendation pipeline. Fur-

thermore, the study by Li et al.(2021) developed an attribute-

aware complementary fashion recommendation model based 

on the BERT framework. This model significantly improved 

recommendation accuracy and user trust by integrating multi-

modal features and attention mechanisms to generate attribute-

based outfit matching explanations. 

Most recently, research is evolving toward utilizing dialogue 

and generative AI to accurately reflect users' complex and 

nuanced preferences. The study by Deldjoo et al.(2025) out-

lined a research agenda for systems supporting scenarios beyond 

static queries, aligning with the LLM era. They specifically pro-

posed the Agentic Mixed-Modality Refinement (AMMR) pipe-

line. Moreover, Deldjoo et al.(2025) emphasized that because 

the fashion industry is characterized by rapid trend fluctuations, 

subjective aesthetic preferences, and high return rates, standard 

recommendation pipelines are inadequate. They stressed that 

systems capable of responding sensitively to newly emerging 

styles and fine-grained user intent are essential.

There is also research that proposes an item-set measurement 

learning framework to calculate the similarity between previ-

ously introduced items and newly introduced items by using 

information obtained from the user’s social media to provide 

more information for fashion recommendations. Although this 

approach can utilize a slightly larger amount of data compared 

to existing systems, it has limitations, such as the inability to 

make recommendations for users who do not use social net-

works(Haitian et al., 2021). An automated fashion curation sys-

tem that uses conversational data containing various information 

is needed for outfit recommendations tailored to specific user 

needs and situations. 

3. Methods

In this study, we study a fashion recommendation system and 

text embedding. Section 3.1 describes the dataset used in the 

experiments. Section 3.2 briefly describes the conversation-

based fashion system and its operating principles. Section 3.3 

describes the data preprocessing method using conversation 

data and clothing item data. The programming language, librar-

ies, computing environment, and file formats used in this study 

are shown in Table 1, and the overall data pipeline is shown in 

Fig. 1.

3.1. Dataset 

The FASCODE(FAShion CoOrdination DatasEt) dataset is 

provided by the ETRI during the ‘2020 ETRI Autonomous 

Table 1. Specifications used in this study 

Category Specification

Programming language Python 3.8

Morphological analyzer kkma(from KoNLPy version 0.5.2)

Embedding model FastText(from Gensim version 3.8.3)

Computing environment

CPU:Intel Core i7-13700K, 

RAM: 64GB, 

GPU: NVIDIA GeForce RTX 4070 Ti

Data format TSV(Tab-Separated Values)
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Growth Artificial Intelligence Competition(https://edr.etri.re.kr/

data/7b46de7e-42ca-48e4-9018-7dc6f370c2e3)’. FASCODE is 

available in two versions: one with token separation applied and 

one without token separation. It consists of four components: a 

training dataset containing conversation information between 

the AI coordinator and users, clothing metadata containing 

meta information of clothing items, clothing images, and model 

validation data. This paper utilizes the version without token 

separation, employing three components: the training conver-

sation set for outfit recommendations, clothing metadata, and 

validation data, excluding the clothing images. The training 

conversation dataset(ddata) from FASCODE contains 7,325 

conversation entries between the AI fashion coordinator and 

users. Excluding 710 entries where recommendations failed, a 

total of 6,525 entries are used. 

Fig. 2 demonstrates the flow of dialogue between the AI 

coordinator and the user, culminating in an Outfit Set recom-

mendation based on successive item suggestions. The data 

begins with fashion coordination recommendation questions 

that consider specific situations and environments, such as 

’Please help me coordinate an outfit for my first day at uni-

versity.’ The AI fashion coordinator recommends items one by 

one to the user and generates responses based on the user’s 

feedback. Ultimately, a recommended outfit set consisting of 

‘outerwear’, ’top,’ ’bottoms,’ and ’shoes’ is created once the 

user is satisfied, and the conversation concludes. 

Fig. 1.  The overall data pipeline. ETRI Vector: The provided Acbot.wordlist.fasttext.wemb, MY_MODEL:Model developed using FastText, CRC 

set:Coordination recommended conversation.

Fig. 2. Example of learning coordination recommended conversation set (ddata).   
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The format of the training conversation dataset is as shown in 

(Table 2). The conversation number represents the order 3 of 

the conversation. ”t” represents the tab key and is used as a 

delimiter in the for mat. ”CO” represents the coordinator,”US” 

represents the user, and ”AC” represents the outfit items rec-

ommended by the coordinator. Each conversation entry ends 

with a TAG, which includes the meaning of the conversa-

tion(Table 3). 

The clothing metadata (mdata) comprises various informa-

tion such as types and features of outfits including sweaters and 

shirts, materials, colors, and emotions, organized based on out-

erwear, tops, bottoms, and shoes(Table 4). The clothing ID rep-

resents the unique number of the item, and OTBS stands for 

outerwear, tops, bottoms, and shoes, respectively. The clothing 

type includes 13 categories ranging from coats and cardigans to 

shirts and shoes. FMCE represents features, materials, colors, 

and emotions, respectively(Table 5). 

The clothing metadata for each item is composed of various 

FMCE information(Fig. 3). This shows how a single fashion 

item is comprehensively defined by multiple FMCE attri-

butes(Features, Materials, Colors, Emotions) in the dataset, 

which is crucial for contextual matching.

The model validation data consists of 200 validation entries, 

each paired with the correct answers. Each validation entry is 

composed of a conversation between the coordinator and the 

user, along with three recommended outfit sets (outerwear, top, 

bottoms, shoes). The method of using the model validation data 

Table 2. Format of learning coordination recommended conversation set        

(ddata)

Format

Conversation Number ⟨t⟩⟨CO⟩|⟨US⟩|⟨AC⟩⟨t⟩Conversation⟨t⟩TAG

Table 3. TAG types of learning coordination recommended conversation        

set (ddata)

TAG Describe

INTRO

EXP RES *

USER SUCCESS 

USER SUCCESS PART 

USER FAIL 

FAIL

ASK *

CONFIRM *

SUCCESS

CLOSING

WAIT

SUGGEST *

NONE

HELP

Conversation Introduction

Recommended outfit description

Recommended outfit success

Some recommended outfits were successful 

Recommended outfit failed

Fashion recommendation failed

Questions about the clothing type, style, color, 

etc. that the user wants

Confirmation question

Fashion recommendation success

 End conversation

 Wait request

 Suggestion utterance

 No clothing

 User support

Table 4. Format of clothing metada(mdata)

Format

Clothing ID ⟨t⟩O|T|B|S⟨t⟩ClothingType⟨t⟩F|M|C|E⟨t⟩Describe

OTBS stands for Outerwear, Tops, Bottoms, and Shoes. FMCE stands    

for Features, Materials, Colors, and Emotions, which are the main    

attributes describing the clothing item.

Table 5. Format type category of clothing metada(mdata)

Clothing Type(Describe

CT:Coat, CD:Cardigan, VT:Vest, JK:Jacket, JP:Hood, KN: Jersey, 

SW:Sweater,

 SH:Shirt, BL:Blouse, SK:Skirt, PT:Pants, OP:One piece, SE:Shoes

CT:Coat, CD:Cardigan, VT: Vest, JK:Jacket, JP:Hood, KN:Jersey,    

SW:Sweater, SH:Shirt, BL:Blouse, SK:Skirt, PT:Pants, OP:One-piece,    

SE:Shoes.

Fig. 3.  Example of clothing metadata(mdata).  
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involves the recommendation system analyzing the conversa-

tion and ranking the three recommended outfit sets based on 

user satisfaction, which can then be compared with the correct 

answer for evaluation. In this paper, the training conversation 

dataset is defined as ’conversation data’ and the clothing meta-

data as ‘clothing data’.

3.2. Conversation-based fashion recommendation system

We introduce a conversation-based fashion recommendation 

system that combines conversation data and clothing data. Fig. 

4 illustrates the architecture of the system using the validation 

data from ’FASCODE’ to recommend outfit sets. This diagram 

illustrates the system pipeline, from applying morphological 

analysis to the conversation and clothing data, calculating sim-

ilarity between tokens and items, and finally ranking the Outfit 

Sets(R1, R2, R3) using aggregated scores.

After removing duplicates among the item numbers R1, R2, 

and R3 provided as examples, a list of clothing items is created. 

After preprocessing the conversation and clothing data, the text 

embedding process generates tokens and vector values for the 

items. The similarity between these tokens and items is then 

calculated. The calculated similarities for R1, R2, and R3 are 

summed to compute the Score values for R1, R2, and R3, 

respectively. Finally, the values of R1, R2, and R3 are ranked 

from highest to lowest, allowing the system to recommend an 

outfit set that suits the specific situation and environment. 

The core of a conversation-based fashion recommendation 

system is the calculation of similarity using text-embedded val-

ues. The performance of text embedding influences the accu-

racy of recommendations. To improve the performance of text 

embeddings, the data preprocessing step is crucial. Conversa-

tion data contains more diverse information compared to con-

ventional static information and has a different structure, thus 

requiring new preprocessing methods to handle it.

3.3. Proposed preprocessing method

We propose preprocessing methods for conversation and 

clothing data for text embedding in the automated clothing 

curation system. The conversation data undergoes a five-step 

process, while the clothing data goes through a three-step pro-

cess. Fig. 5 flowchart outlines the five steps for conversation 

data preprocessing and the three steps for clothing data pre-

processing, designed to optimize the raw conversational and 

metadata for text embedding.

Data preprocessing is the process of cleaning data before 

analysis or the development of artificial intelligence models. 

Currently used natural language datasets utilize various meth-

ods in the preprocessing stage, such as ‘morphological analy-

sis’, ‘Part-of-Speech(POS) tagging’, and ‘'stop word removal’. 

Since the composition and format of natural language datasets 

Fig. 4. Architecture of conversation-based fashion recommendation system.  
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vary depending on the topic, there is no single standard or ‘text-

book’ method. Data science efforts are mostly carried out by 

trying various combinations of the aforementioned ‘morpho-

logical analysis’, ‘POS tagging’, etc., to find the optimal approach. 

Therefore, this study proposes a preprocessing configuration 

method—5 stages for conversation data and 3 stages for cloth-

ing data—which was found to yield the best performance 

through various experimental attempts. This result has been 

validated through a recognized challenge.

3.3.1. The preprocessing of conversation data

The preprocessing of conversation data involves five steps: 

‘morphological analysis’, ‘removal of unnecessary sentences’, 

‘part-of-speech extraction’, ‘removal of tokens with a length of 

one or less’, and ‘data augmentation’. 

The AI coordinator recommends individual items such as 

‘outerwear’, ‘tops’, ‘bottoms’, and ‘shoes’ to users through con-

versation, progressively creating a complete outfit set. If a user 

is satisfied with the recommended clothing item, the ‘USER 

SUCCESS’ tag is applied. Conversely, if the user is not satis-

fied, the ‘USER FAIL’ tag is assigned. 

In the first step, conversation data is segmented into para-

graphs based on the ‘USER SUCCESS’ and ‘USER FAIL’ 

tags, and morphological analysis is performed on each segment. 

A morpheme, the smallest meaningful unit of language, forms 

the basis of this analysis. Sentences in the conversation data are 

composed of various morphemes combined, and morphologi-

cal analysis involves tokenizing speech into morphemes. 

Unlike English, Korean can be tokenized by performing mor-

phological analysis. In this study, the specialized Korean 

‘KKMA Morpheme Analyzer’ is used. 

In the second step, unnecessary sentences are removed from 

the conversation sentences. conversations in the dataset begin 

with an ‘INTRO’ tag and end with a ‘CLOSING’ tag. These 

tags, along with sentences associated with them, are irrelevant 

to clothing recommendation and are therefore removed. Addi-

tionally, tags such as ‘WAIT’ and ‘SUCCESS’ are also removed. 

In the third step, parts of speech that are highly relevant to 

clothing recommendation are extracted. When morphological 

analysis is conducted, morphemes are segmented, and the parts 

of speech for these segmented morphemes are also defined. 

Parts of speech such as NNG (general nouns), NNP (proper 

nouns), NR (numerals), VA (adjectives), MAG (general adverbs), 

and XR (roots) that are highly relevant to clothing recommen-

dation are extracted. In the fourth step, tokens with a length of 

one or less are removed because they are difficult to attribute 

meaningful interpretation to. Currently, steps 1 to 4 are con-

ducted separately on paragraphs distinguished by ‘USER SUC-

CESS’ and ‘USER FAIL’ tags. 

While these steps allow for understanding individual clothing 

items within each paragraph, they make it difficult to compre-

hend a complete set of conversation that starts with an ‘INTRO’ 

tag and ends with a ‘CLOSING’ tag. To fully understand a con-

versation set and the recommended outfit sets, all parts of the 

conversation must be understood. Therefore, in step 5, data 

augmentation is performed using the existing conversation set 

data. This involves combining the item numbers associated 

with ‘USER SUCCESS’ tags, where the user is satisfied, into 

one outfit set data. Additionally, the various paragraphs from a 

conversation set and the newly created outfit set data are com-

bined to augment the data. When the five-step preprocessing is 

applied to a conversation set in Fig.  2, it is divided into six 

paragraphs by ‘USER SUCCESS’ and ‘USER FAIL’ tags. 

Steps 1~4 are then carried out to produce six separate data 

Fig. 5. Proposed data preprocessing stages.
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pieces. The clothing items associated with ‘USER SUCCESS’ 

tags are combined to create a coordinated set data. 

Fig. 6 shows an example of preprocessing conversation data. 

Here, we demonstrate how the raw conversation is segmented 

and refined after five stages of preprocessing, highlighting the 

process of extracting relevant tokens and augmenting satisfied 

items into sets. Finally, the preprocessing process combines the 

six processed data fragments with the adjusted set data, result-

ing in a total of eight data items.

3.3.2. The preprocessing of Clothing Metadata 

Fig. 7 illustrates the preprocessing process for clothing meta-

data. It shows the structured and refined output after three 

stages of preprocessing the attributes of a single clothing item. 

This output is ready for text embedding.

The clothing data(mdata) comprises various attributes from 

the type of clothing item to color, features, and material. Typ-

ically, one clothing item is represented by more than ten attri-

butes(Fig. 3). After preprocessing, it is essential to bundle the 

attributes that represent a single clothing item together. The pre-

processing of clothing data involves three steps: ‘morphological 

analysis,’ ‘part-of-speech extraction,’ and ‘removal of tokens 

with a length of one or less.’ The steps are identical to those 

used for conversation data. After preprocessing a single cloth-

ing item as shown in Fig. 3, data as depicted in Fig. 7 can be 

generated.

4. Experimental

To compare and analyze the impact of preprocessing con-

versation data and clothing data on text embedding, experi-

ments were conducted using the ‘FASCODE’ dataset at each 

stage of preprocessing, with performance compared across 

stages. 

The experiments were set up to progress step by step, inter-

weaving the five stages of conversation data preprocessing with 

the three stages of clothing data preprocessing, resulting in a 

total of 15 experimental outcomes. The learning model 

employed was the FASTTEXT model capable of word embed-

ding, with the word dimension set at 300, a minimum fre-

quency of 1, a training window size of 136, epochs set to 100, 

and consistently configured for the Skip Gram model. As an 

evaluation metric, the Weighted Kendall Tau(WKT) was used. 

The WKT is a type of rank correlation coefficient that calcu-

lates the association between two variables by comparing their 

rankings. The experiments are conducted as follows: The model 

is trained using preprocessed conversation data and clothing 

data for each stage. 

The conversation set of the model validation data generates 

conversation set tokens through tokenization. The rank sets 

(R1, R2, R3), composed of outerwear, tops, bottoms, and shoes, 

are divided by item unit, and duplicates are removed to create 

an item list. Using the trained model, the similarity is calculated 

by using the embedded vector values of the generated tokens 

and each item in the item list. Once the similarity scores are cal-

culated for each item, the scores are summed for each rank set, 

and the set with the highest total similarity score is ranked the 

highest. Evaluation is performed using the correct rank and the 

WKT evaluation metric.

5. Results

The results of the step-by-step comparative analysis of the 

impact of preprocessing conversation data and clothing data on 

Fig. 6. Example of preprocessed conversation data.

Fig. 7. Example of preprocessed clothing metadata. 
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text embedding are as follows(Table 6). 

Conversation data preprocessing is conducted in five stages: 

‘morphological analysis’, ‘removal of unnecessary sentences’, 

‘part-of-speech extraction’, ‘removal of tokens with a length of 

one or less’, and ‘data augmentation’. When only basic toke-

nization was applied to the conversation data and clothing data, 

the WKT Sum was 23.45, and the WKT Avg was 0.11, show-

ing the lowest performance. Even compared to using conver-

sation stage 4 and clothing item stage 1, which showed the 

lowest performance among the cross-experiments of prepro-

cessing stages (WKT Sum 49.00 and WKT Avg 0.24), the basic 

tokenization method’s performance was significantly lower. 

The results of the conversation data preprocessing stage 

experiments show that performance improved as stages were 

added up to stage 2(“Removing Unnecessary Sentences”) after 

stage 1(“Morphological Analysis”). This suggests that both 

stage 1 and stage 2 help model training by removing unnec-

essary elements from the conversation data. On the other hand, 

performance declined as stages 3(“Part-of-Speech Extraction”) 

and 4 (“Removing Tokens with Length Less Than 1”) were 

added. This decline is likely due to the reduction in the size of 

the training data as useful content was removed during stages 3 

and 4. However, stage 5(“Data Augmentation”) increased the 

overall training data size, leading to a synergistic effect with the 

previous stages and resulting in the highest performance. For 

clothing data preprocessing, stage 3 showed the highest per-

formance in most experiments, although there was little differ-

ence between stage 1(“Morphological Analysis”), stage 2 

(“Part-of-SpeechExtraction”), and stage 3(“Removing Tokens 

with Length Less Than 1”). Clothing items are expressed with 

various details such as features, materials, colors, and senti-

ments. However, most users, being non-experts, engage in con-

versations using relatively simple keywords, such as “Recommend 

clothes for a spring picnic.” Therefore, the tokens of clothing 

items containing many specialized key words did not signifi-

cantly affect performance. 

Consequently, using both the five-stage conversation data 

preprocessing and the three-stage clothing data preprocessing 

methods proposed in this paper resulted in a WKT Sum of 

82.18 and a WKT Avg of 0.41, the highest performance among 

all experiments. Additionally, compared to the performance of 

the basic method without preprocessing (WKT Sum of 23.45 

and WKT Avg of 0.11), there was a significant improvement. 

6. Discussion and Implications

The core of this research lies in successfully processing com-

plex conversational data to significantly enhance numerical per-

formance(WKT); however, its implications can be expanded 

beyond mere technical boundaries into the human and aesthetic 

realms of fashion. This will be discussed further by expanding 

the analysis across three perspectives: the evolution and con-

ceptual contribution to fashion informatics, the consumer psy-

chological implications regarding preference articulation and 

personalization perception, and the alignment with the aesthet-

ics of coordination. 

First, examining the evolutionary process of data-driven fash-

ion informatics reveals that initial research primarily focused on 

utilizing static and structured data, based on information such as 

user purchase history, ratings, basic profile information, and 

survey results. However, the outcomes of these studies failed to 

reflect the inherent visual and emotional characteristics of fash-

ion and struggled to grasp contextual preferences based on a 

user's situation or mood. Subsequently, the introduction of mul-

timodality and attribute enrichment became necessary, as research 

leveraging the visual features of fashion items alongside deep 

learning advancements gained importance. Research in this 

phase is still ongoing, but its limitation lies in the fact that user 

preferences are often confined to predefined attributes or static 

images, failing to capture the complex or subtly changing user 

intent in real-time, which remains a challenge to be addressed. 

Most recently, the field has evolved towards “Conversation & 

Table 6. Performance comparison using WKT at successive preprocessing        

stages

Preproces Stage Evaluation Metrics

Conversation Clothing Item WKKT Sum WKT Avg.

- - 23.45 0.11

1 1 65.45 0.32

1 2 66.72 0.33

1 3 62.45 0.31

2 1 63.36 0.31

2 2 59.90 0.29

2 3 67.18 0.33

3 1 55.54 0.27

3 2 56.81 0.28

3 3 55.81 0.27

4 1 49.00 0.24

4 2 55.81 0.27

4 3 55.18 0.27

5 1 73.99 0.36

5 2 75.54 0.37

5 3 82.18 0.41

WKT(Weighted Kendall Tau) is the primary ranking correlation       

coefficient used to evaluate the model's performance.
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Dynamic Curation,” centering on dialogue data to improve user 

experience and satisfy complex needs. That is, it dynamically 

grasps the user's context and subtle preferences by integrating 

conversational data between the user and the AI coordinator 

with existing clothing metadata. This study corresponds to this 

latest third stage. It moves beyond simple item recommenda-

tion to curate personalized Outfit Sets that reflect the user's sit-

uation (weather, location, activity) and psychology, and makes 

the recommendation process itself interactive via conversa-

tional AI. By presenting an empirical preprocessing framework 

that effectively handles complexly structured dialogue data(a 

gap in prior research) and integrates it with clothing attributes, 

this research has established the technical foundation to lead 

fashion informatics into the era of conversation-based dynamic 

curation. This evolution demonstrates the fashion industry's 

shift toward providing personalized consumer experiences 

through data-driven decision-making. 

Next, examining the consumer psychological implications, 

conversation-based curation brings about a fundamental change 

in how fashion consumers articulate preferences and perceive 

personalization. Fashion inherently relies heavily on situational 

dressing behavior. Dialogue captures user requirements regard-

ing specific situations and environments, and our preprocessing 

methodology refines this subtle, contextual informationto link it 

with item attributes (FMCE). This achieves a high level of per-

sonalization by reflecting the fine-grained needs of customerst-

hat traditional systems overlooked. Fashion is a means of self-

expression and is intrinsically an emotional domain. This sys-

tem utilizes the ‘USER SUCCESS / USER FAIL’ information 

to when users are satisfied or dissatisfied, allowing the model to 

learn subjective user satisfaction rather than purely algorithmic 

results. This provides an interactive experience akin to con-

sulting with a real stylist, granting the user a sense of control 

and emotional attachment, thereby further enhancing the per-

ception of personalization regarding the recommendations. 

Finally, this study directly contributes to the aesthetic value of 

coordination as it ultimately recommends an “Outfit Set,” moving 

beyond simple item similarity calculations. Although the sys-

tem technically ranks outcomes via the WKT score, underlying 

this are aesthetic principles such as Color Harmony, Fabric 

Compatibility, and Feature(Design Consistency). The system 

successfully internalizes the aesthetic rules of fashion coordi-

nation based on data learning by matching contextual keywords 

(e.g., ‘neat’, ‘feminine’) extracted from the dialogue with the 

item attributes(FMCE). This provides significant cross-disci-

plinary value, linking technical achievement with the research 

domains of fashion design and styling.

7. Conclusions

This paper proposes and compares the performance of pre-

processing methods for training data for text embedding in an 

automated clothing curation system. Unlike conventional text 

data, the complexly structured conversation data demonstrated 

that the proposed preprocessing methods were effective. When 

conversation data and clothing metadata were combined and 

used together, good performance was observed. 

The proposed preprocessing methods are expected to enable 

the development of an interactive recommendation system, 

advancing beyond traditional fashion recommendation systems 

that recommend individual clothing items. This paper makes 

significant contributions both academically and industrially. 

Academically, the study presents a novel and reproducible pre-

processing framework tailored for Korean conversational data, 

merging natural language processing and fashion informatics, 

thereby providing a foundation for future multimodal or lin-

guistic AI research in the fashion domain. This work contrib-

utes to elevating the academic value in the field of fashion data 

processing by proposing and experimentally validating an 

effective preprocessing methodology for complexly structured 

dialogue data, which enhances the performance of automated 

fashion curation systems and provides an optimized data prepa-

ration method for model training. Industrially, we believe this 

paper can contribute to the successful completion of the digital 

transformation of the fashion industry by bringing practical 

improvements—specifically, enhancing the performance and 

automation of AI fashion curation systems—across relevant 

industry sectors, including e-commerce, digital styling, and vir-

tual fitting platforms.

The significance of this study lies in successfully internaliz-

ing aesthetic rules for fashion coordination based on data learn-

ing, matching contextual keywords with item attributes rather 

than simply extracting simple words from conversations 

between consumers in online fashion shopping malls. This pro-

vides significant interdisciplinary value by connecting the tech-

nical achievements of AI learning to the fields of fashion design 

and styling research.

In the future, the addition of clothing image data is planned to 

explore preprocessing methods utilizing multimodal data.
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