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Abstract: With the popularity of social media platforms in the information era, people are sharing a large volume of digital
content online, including photos and other media data. The availability of media data over the Internet makes it very attractive
to mine useful information from these data. However, for fashion image recognition, most existing datasets and methods are
limited to coarse-grained categories or a small subset of attributes, lacking a comprehensive dataset and a holistic understanding
of clothing. In this paper, we construct a fashion dataset with structured and comprehensive clothing descriptions using an
MLLM (Multimodal Large Language Model) grounded in fashion knowledge. To ensure accurate understanding by the MLLM,
we define a fashion schema and propose a schema-guided prompting strategy. Leveraging this dataset, we train a model based
on BLIP (Bootstrapping Language-Image Pre-training) to recognize category information and fine-grained attributes of clothing
images, and to learn text–image aligned representations for clothing image retrieval. Experimental results demonstrate that
our approach significantly improves both attribute recognition and cross-modal retrieval performance compared to existing
baselines.
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1 Introduction
Fashion has always been an important part of how people
define themselves and others. From what people wear, we
can find out their dressing style, clothing preferences, and
social status. This type of content has many different uses
in social media, dating, recommender systems, and surveil-
lance. In recent years, with the development of deep learning
(DL) technology, interesting works were reported where new
DL models were proposed for fashion image understand-
ing, for instance, the retrieval of similar products [1] and
making clothing suggestions based on a street shot [2], and
clothing recognition [3–7] . However, these fashion informa-
tion from images are limited to satisfy the requirement of
fashion understanding for fashion tag labeling and recom-
mendation in practical scenarios. (1) Given that a picture is
worth a thousand words in E-commerce, sellers need to un-
derstand fashion contents from images as much as possible.

(2) Existing fashion datasets are insufficient for a comprehen-
sive understanding of fashion content. Although many studies
have proposed various methods to improve the performance
of clothing recognition though different ways, such as in-
corporating clothing landmarks or addressing cross-domain
challenges, these methods still rely on datasets with lim-
ited annotations and lack a holistic representation of fashion
knowledge.

On many e-commerce platforms (e.g. ASOS, UNIQUE,
etc), several images are displayed to showcase different
characteristics of the clothing and its on-body appearance.
Figure 1 shows different types of images on the clothing web-
sites, including detail image, product-only image, part-body
image and full-body image. In addition to clothing cate-
gory and attributes information, which are studied in many
works [8, 9], the image type should also be extracted to help
sellers provide more complete visual representation of their
products. In terms of the clothing category definition, there
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is currently no standardized definition for clothing catego-
rization. DARN [4] defines 9 attribute categories of upper
clothing, which the clothes category is further divided to
20 fine-grained clothing categories. Deepfashion [5] dataset
crawled millions of images, but the annotation is coarse and
exists label noises. FashionGen [10] contains a wide range
of clothing categories, covering diverse fashion items. Each
image is paired with a corresponding textual description,
typically detailing the garment’s style, color, material, and
design. However, these labels do not fully cover all pos-
sible fashion attributes. In addition, most of the images in
the dataset are generated, which introduces a gap compared
to real-world product photos. Deepfashion2 [7] provides the
segmentation and landmarks, but only define 13 clothing cat-
egories. FashionAI defines a hierarchical structure of women
clothing from the perspective of fashion design and annotated
carefully by fashion experts. But this dataset only contains
women images. There is currently no dataset that covers both
men’s and women’s clothing images with comprehensive and
fine-grained fashion annotations, and creating such a dataset
requires significant time and labor costs.

To address these issues, this paper proposes an MLLM-
based method for learning comprehensive fashion content
from fashion images. This method includes recognizing the
types of clothing presented, as well as the categories and
fine-grained attributes of these fashion items. With the recent
development of multimodal large language models (MLLMs)
such as ChatGPT-4 and DeepSeek-2, which demonstrate
powerful capabilities in multimodal understanding, these
models have shown promise in tasks such as question answer-
ing, dialogue generation, and information retrieval. Motivated
by the success of these models in multimodal tasks, we lever-
age MLLMs to assist in the construction of our dataset. To
achieve this, we propose a fashion-schema based and reverse
validation across multiple views Chain of Thought (CoT)
approach for data annotation. The fashion-schema defines a
hierarchical tree of fashion categories and attributes, enabling
the MLLM to generate structured and comprehensive descrip-
tions for clothing items. To ensure accurate understanding,
we instruct the MLLM to analyze the attributes of different
views of a product item—such as the product-only image, de-
tail image, and local-view—according to the fashion schema.
For the image type classification, we will train a classifier to
classify the image type. The MLLM will then cross-check the
understanding across these different views and retain only the
consistent inferences, eliminating any conflicting or inaccu-
rate interpretations. Considering that different views highlight
different features of the clothing item, we instruct the MLLM
to assign higher weights to views that provide more accu-
rate and relevant information for analyzing specific attributes.
For example, the detail image may provide more precise
information about the fabric texture or stitching, while the
product-only image offers a broader view of the item’s over-
all shape and design. Finally, the structured text description
is generated for each product item by the MLLM. Then, with
the constructed data, we fine-tune a model based on BLIP
(Bootstrapping Language-Image Pre-training) for automatic
labeling of fashion images and cross-modal retrieval applica-
tions. Figure 1 shows the overall framework for understanding

fashion content from images. The major contributions of this
work include:

• A new dataset of fashion images with comprehensive and
structured clothing description are prepared using knowl-
edge of the fashion industry

• A fashion-schema based and reverse validation across
multiple views Chain of Thought (CoT) approach for auto-
matic data annotation, and a BLIP-based model is fine-tune
for automatic labeling of fashion images and cross-modal
retrieval applications;

• Systematic experimental verification for the effectiveness
of the proposed framework is presented.

2 Related Work
2.1 Clothing Recognition

In recent years, due to the popularity of online shopping,
clothing classification and retrieval has been an increasingly
popular research topic. As clothes often have large variations
in style, texture and cutting, and are easily deformed in shape
or are occluded, clothing classification and retrieval are very
difficult. Therefore, clothing classification often requires the
exact localisation of the clothing item. Because of the diffi-
culty with localisation, most of the early work on attribute
learning either assumed that the bounding box that contains
the object of interest was pre-detected or used the image as
a whole for feature extraction [11]. Later, with the improve-
ment of the accuracy of face detection and pose estimation,
most works on clothing localisation were based on face and
body detection [12], as well as pose estimation [13] to detect
the clothing region. But these methods can only handle the
condition where face or person is shown in the clothing im-
ages. Otherwise, image segmentation methods are often used
to localise the clothing region for these clothing images [14–
18]. After the pre-detection of clothing, the image feature
with regard to the location will then be extracted. A classi-
fier will learn the extracted image feature by machine learning
methods. The common features used in clothing attribute clas-
sification are colour histogram, SIFT [19], HoG [20] etc,
while the common machine learning methods used in cloth-
ing classification are Support Vector Machines (SVMs) and
Random Forest [21]. However, traditional feature extraction
descriptors are primarily hand-crafted, and are not suitable for
many kinds of clothing images. Due to the deformation, oc-
clusion and large variation of clothing, it is difficult to design
a feature descriptor to solve these problems. Moreover, these
clothing classification methods depend greatly on the cloth-
ing detector, as well as the limitation of feature extraction.
For example, the top5 classification accuracy on DeepFash-
ion dataset [5] using the traditional method [22] is less than
40% [5].

With the development of deep learning technology, some
researchers began to use deep neural networks to learn the
clothing attribute features from huge amounts of clothing
attribute data. For example, Abdulnabi et al. [12] used a multi-
task convolutional neural network to learn different attributes
on a small dataset [11] with only 1856 images and 23 bi-
nary attributes. As the dataset was too small, they combined
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Figure 1: The overall framework for understanding fashion content from images.

the attributes into four categories. Their experimental results
demonstrated the effectiveness of deep learning technology
in clothing attribute classification. However, one of the ma-
jor challenges of attribute learning using deep learning is
the lack of training data with annotated clothing attributes,
which is labour-intensive and time-consuming. To solve this
problem, Liu et al. [5] proposed a large fashion dataset with
clothing categories, attributes, locations and correspondence
of images taken under different scenarios, including stores,
street snapshots, and consumers. Based on the dataset, they
designed FashionNet to train the clothing category and at-
tribute classification and location prediction simultaneously,
which was beneficial to the mutual learning between tasks.
As the clothing localisation prediction and clothing category
and attribute classification are all in a network for end-to-end
training, the clothing category and attribute classification is
very efficient. But their method requires the training data to
be annotated with clothing locations. Dong et al. [6] pro-
posed a multi-task curriculum transfer (MTCT) deep learning
method to jointly learn all attributes for capturing the un-
derlying correlations between different attributes, and also
learn the feature similarity between cross-domain images.
Their method did not require the training data to be annotated
with clothing locations. They trained a clothing detector us-
ing Faster-RCNN [13] on an assembled clothing dataset with
bounding box annotation to pre-detect the clothing. But the
accuracy of the clothing detection was not high, around 70%
for in-the-wild images when the threshold of correct detection
Intersection over Union (IoU) is set to 0.6 [13].

2.2 Fine-Grained Attribute Classification

Unlike general classification tasks, fine-grained image clas-
sification focuses on classifying among categories that are
both visually and semantically similar (e.g., bird species,
car models, aircraft types). The task is challenging because
the same categories contain significant differences and there
are obvious similarities between different categories. A wide
range of approaches has been proposed to tackle this prob-
lem. The main approach is discriminative localization, which

can be divided into strongly or weekly supervised localization
methods. The strongly supervised methods need not only the
category annotations, but also the bounding box or part anno-
tations. For example, Part R-CNN [18] learned whole-object
and part detectors, and then localized the parts under geomet-
ric constraints and predicted a fine-grained category from a
pose-normalization representation. Lin et al. [19] proposed a
Deep LAC framework, which consists of localization, align-
ment and classification sub-networks. They also designed a
value linkage function (VLF) to connect the localization and
classification sub-networks. Part-Stacked CNN [20] used a
fully convolutional network to locate multiple object parts
and then a two-stream classification network was designed
to encode object-level and part-level cues simultaneously. In-
stead of learning object detectors, Mask-CNN [21] learned
a part segmentation model by using a fully convolutional
network to localize part regions. Based on the part segmen-
tation, a three-stream Mask-CNN model was proposed for
fine-grained recognition. However, these methods require an-
notation of the bounding box and part location, which involve
heavy manual labelling efforts, so some researchers proposed
weakly supervised methods to locate regions. Xiao et al. [23]
proposed two-level attention models for fine-grained image
classification using the bottom-up attention to generate can-
didate patches, and then trained an object-level FilterNet to
decide whether the patch was related to the basic category.
The selected patches were used to train a DomainNet for fine-
grained classification. As clustering patterns in the internal
hidden representations are found inside the DomainNet, Do-
mainNet is used to provide the part detectors for part-level
attention. The patches selected by part detectors are then input
into DomainNet to generate the activation score. They add the
activation scores of different parts and the original images are
then used to train the SVM part-based classifier. Lin et al. [24]
proposed bilinear models, which consist of two feature ex-
tractors whose outputs are multiplied using the outer product
at each location of the image and features are pooled to obtain
the bilinear vector. Fu et al. [25] proposed a novel recur-
rent attention convolutional neural network (RA-CNN) which
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recursively learns discriminative region attention and region-
based feature representation at multiple scales in a mutually
reinforced way. Zheng et al. [26] proposed a multi-attention
convolutional neural network (MA-CNN), which enables part
generation and feature learning to reinforce each other. MA-
CNN proposed channel grouping loss to generate multiple
parts by clustering.

Recently, some works have leveraged BERT [27] and
CLIP [28] model for cross-modal image retrieval in fashion
filed. For example, Gao et al. [29] proposed the Fashion-
BERT framework, which segments each image into patches
and feeds them, together with text tokens, into a BERT
model for joint representation learning. To enhance fine-
grained alignment between text and image at the patch level,
Zhuge et al. [30] proposed to integrating BERT with lo-
cal features extracted using Region of Interest (RoI) based
methods. However, the popular RoI-based methods detect
unsatisfactory region proposals, resulting in suboptimal per-
formance. To address this challenge, EI-CLIP [31], which is
based on the CLIP model, is proposed for e-commerce prod-
uct retrieval. EI-CLIP incorporates an Entity-Aware Learning
Module (EA-learner) and a Confounding Entity Selection
Module (CE-selector). Similarly, another approach based on
CLIP, FAME-ViL [32], introduces a Cross-Attention Adapter
(XAA) and a Task-Specific Adapter (TSA) to adapt the
pre-trained CLIP model for various fashion tasks within a
unified framework. However, these methods mainly focus on
category , and are limited in their ability to generate com-
prehensive and detailed descriptions. Therefore, we leverage
BLIP to fine-tune the model for caption generation, ensuring
that it produces comprehensive clothing descriptions.

2.3 Multimodal Large Language Model

Multimodal large language models have demonstrated pow-
erful abilities in multimodal understanding and have been
successfully applied to a wide range of tasks, including visual
question answering, image captioning, and open-domain mul-
timodal dialogue. A common approach is to fine-tune large
language models to enable them to handle image–text interac-
tions by learning from multimodal instructions. Representa-
tive methods, such as LLaMA-Adapter [33] and LaVIN [34],
employ parameter-efficient adapter modules or modality-
mixing strategies to achieve this while minimizing training
costs. In contrast to fine-tuning, prompting accomplishes spe-
cific tasks without updating model parameters by providing
context, examples, or instructions. Due to its train-free na-
ture, prompting has gained significant attention, particularly
for addressing multimodal chain-of-thought (CoT) reason-
ing, where prompts guide models to generate both reasoning
processes and answers. Chain-of-thought reasoning was first
introduced by Wei et al. [35], enabling LLMs to improve
accuracy on complex reasoning tasks while enhancing in-
terpretability and transparency of decision-making. Building
on this foundation, Zhang et al. [36] extended CoT rea-
soning to MLLMs to better capture intricate cross-modal
relationships and achieve robust generalization across diverse

multimodal benchmarks. Recent works further explore com-
bining CoT reasoning with reranking strategies; for example,
Wu et al. [37] proposed RankCoT, integrating reranking sig-
nals with CoT generation to improve retrieval-augmented
generation (RAG) accuracy, while JudgeRank [38] employs
explicit reasoning steps to mimic human judgment and en-
hance reranking in complex tasks. Conversely, Jedidi et al.
[39] demonstrated that standard rerankers often outperform
reasoning-based approaches, challenging the necessity of rea-
soning chains in reranking. However, few studies have ex-
plored the use of MLLMs for comprehensive and structured
annotation in the fashion field.

3 Method
3.1 Data Collection

Only a few of the publicly available image classification
datasets are focused on fashion, such as DeepFashion [5], a
database with 800,000 fashion images in 50 categories and
Deepfashion2 [7], a database with 491,000 images in 13
popular clothing categories. However, we find that these cat-
egories may not fit our use as the categorizations are not
structured in a hierarchy of levels. We therefore develop
our own dataset in this study. We crawled data from online
shopping websites, including ZALORA1, H&M2, ASOS3,
and UNIQLO4. A total of 158,211 products were crawled
from these websites, including 626,516 product images. Apart
from product images, we also obtained different product in-
formation, including product category, brand, gender, price,
and description. As the product description and category in-
formation from different websites are neither consistent nor
complete, we define a new taxonomy structure to reclassify
and unify the category and subcategories (also named fine-
grained attributes hereafter) of the fashion products. We then
performed extensive data cleaning and matched fashion im-
ages with correct labels. We excluded noisy images which
are not related to clothing, like packing box images and size
chart images, and also images that cannot be recognized by
the human eyes. After cleaning, a total of 166,087 images for
fashion items were used for model training in the experiment.

3.2 Data Labeling

We divide all clothing items into four sets, according to the
image type, including product-only, local-view, total-look and
details, as shown in Figure 1. These images show the clothes
from different views. For example, product-only images are
fashion items not being worn by people in the images, which
are for analyzing clothing features. Local-view images show
the effect of clothes with people wearing them, and we should
remove other backgrounds before analysis; total-look images
show the matching effect of different items on the person,
which is useful for analyzing clothing coordination; details
images show zoomed view of some clothing details, so they
allow the study of detailed texture information. For each
product item, we manually annotate the image type, clothing

1https://www.zalora.com
2https://www.hm.com
3https://www.asos.com
4https://www.uniqlo.com

https://www.zalora.com
https://www.hm.com
https://www.asos.com
https://www.uniqlo.com
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category, and fine-grained category, ensuring that the dataset’s
ground truth is human-verified and accurate. The defined cat-
egories and their corresponding image counts are presented in
Figure 2, while the fine-grained categories and image counts
are shown in Figure 3. For detailed attribute annotation, we
propose a fashion-schema based and reverse validation across
m ultiple views Chain of Thought (CoT) approach, which will
be detailed in this section.

Fashion schema We define a fashion schema organized
as a hierarchical tree structure, starting from general clothing
types (e.g., top, bottom, overall), which are further expanded
into categories and fine-grained subcategories. Beyond cat-
egorical classification, the schema incorporates detailed at-
tributes such as silhouette, color, style, pattern (including
presence, size, and coverage), texture, fashion style, and
usage scenario. More specifically, in the new taxonomy struc-
ture of fashion items, we defined 19 clothing categories,
including 2 categories of full-body clothing, 5 categories
of upper clothing, 4 categories of bottom clothing, 2 cat-
egories of intimates, and 6 categories of accessories. The
number of images in each category under different image
types are shown in Figure 2. As details images are not suitable
for category recognition, we retained only the product-only,
local-view and total-look images for the training of clothing
category classifier. The dataset for category classification in-
cludes a total of 129,997 clothing images. For the 13 clothing
categories, a total of 106 subclasses (also called fine-grained
attributes) are defined. With the defined fine-grained attributes
of each clothing category, all images in the category data set
are labeled with associated fine-grained attribute class labels.
For training attribute classifiers, we prepare datasets for up-
per clothing, bottom clothing, full-body clothing, and four
separate datasets for each of the accessory categories. The at-
tributes of each category and the number of images for each
attribute classification model are shown in Figure 3.

MLLM annotation Since manual annotation is highly
time-consuming and labor-intensive, we leverage an MLLM,
Qwen2.5, to automatically annotate detailed attributes and
generate structured fashion descriptions. To this end, design
a Chain-of-Thought reasoning prompt that fully leverages all
available image views of a product and incorporates a re-
verse validation mechanism to ensure accuracy. Specifically,
for each clothing item, we employ Qwen2.5 to carefully an-
alyze all images and answer the following questions step by
step:

• Silhouette: What is the silhouette or shape? (e.g., A-line,
H-shape, etc.)

• Color: What is the main color? (e.g., gray, red, blue, pink,
etc.)

• Pattern: Is there any pattern? If so, what kind? (e.g., solid,
small patterned, etc.)

• Texture: What is the texture or fabric? (e.g., silk, wool,
cotton, etc.) Style: What is the overall style? (e.g., casual,
formal, romantic, etc.) Occasion: What occasion is this
clothing suitable for? (e.g., date, party, sport, etc.)

• Other details: Are there any other notable features? (e.g.,
V-neck, long sleeves, etc.)

• If additional obvious attributes or details are observed,
please include them.

Because different types of images vary in their ability to
reveal specific attributes, we instruct the MLLM to assign
higher reference weights to views that provide more accurate
information for analyzing corresponding attributes.

Figure 2: Number of images of each clothing category.

(a) Full body clothing type

(b) Upper body clothing type

(c) Bottom body clothing type

Figure 3: Number of images for each fine-grained clothing
category.

Based on the above attributes, MLLM is prompted to con-
struct a single sentence that contains all identified features
and details of the clothing item. Since descriptions obtained
from multiple image perspectives may introduce inconsisten-
cies, we incorporate a reverse validation mechanism to check
whether the summarized attributes and generated descrip-
tion fully and accurately correspond to every provided image.
The reverse validation step is passed only when the MLLM
verifies that the annotations do not conflict with any of the
provided images. As a result, only attributes and descriptions
that meet this strict consistency criterion are retained, ensur-
ing high-quality data labeling. To further improve accuracy,
we provide illustrative examples within the prompts. Finally,
based on the attributes and final descriptions generated by
the MLLM, we perform manual reviews to further ensure the
accuracy of the annotations. Figure 4 illustrates the overall
pipeline of our MLLM-based annotation process.
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Product Only Full Body

Local View2

Detail View

Products

Annotators
Type: Clothing Category:

Fine-grained Category: Blazers & Suits

Classification Labels

Outerwear

Silhouette: Relaxed fit

Other details: Notched lapel collar, open front, asymmetric hem

Attribute Labels

Color: Cream Pattern: Flora

l

Texture: Silk Style: Casual Occasion : Daily

Structured Text Description Generator based MLLM

CoT Reasoning

1. Analyze the Characteristics of Each View;

2. Extract and Analyze Clothing Attributes;

3. Generate a Comprehensive Textual Description;

4. Reverse Validation of Attributes and Description.

Local View1 Local View3

Structured Text Description

“A cream-colored silk blazer featuring a vibrant floral pattern with 

red, orange, yellow, and purple flowers and green stems, designed 

with a notched lapel collar, an open front, and an asymmetric hem, 

suitable for a casual daily style.”

Figure 4: The pipeline for data annotation.

3.3 Fine-Tuning based on BLIP

Using the constructed clothing dataset with detailed item de-
scriptions, we train a model based on the BLIP framework
to perform image captioning and image retrieval tasks. Given
an image I and its corresponding description T , we input
them into an image encoder and a text encoder, respectively,
to extract the image embedding fI and the text embedding
fT . The image encoder consists of a set of self-attention lay-
ers followed by a feed-forward layer, and the text encoder
consists of 12 bidirectional self-attention layers followed by
a feed-forward layer. For the text encoder, a [CLS] token
is appended to the text input to summarize the text descrip-
tion. Additionally, the image embedding, together with the
text and an [Encode] token, is fed into an image-grounded
text encoder to extract a multimodal representation fm of
the image-text pair. A cross-attention layer is incorporated
between the self-attention and feed-forward network to cap-
ture the relationship between text and image embeddings. To
generate captions for the given image, a grounded text de-
coder is employed, which outputs the prediction logits for
the caption tokens. The structure of the grounded text de-
coder is similar to the text encoder, but replaces bidirectional
self-attention with causal self-attention. Figure 5 shows the
network structure of BLIP model.

The model is optimized using three objectives: the image-
text contrastive (ITC) loss computed on fI and fT , the
image-text matching (ITM) loss computed on fI and fm, and
a language modeling (LM) loss computed on the predicted
token probabilities p. The formulations are:

LossITC =− log
(

exp(sim( fI , fT )/τ)

∑
N
i=1 exp(sim( fI , fTi)/τ)

)
, (1)

where sim( fI , fT ) =
fI · fT

∥ fI∥∥ fT ∥ is the cosine similarity, τ is
a temperature parameter, and N is the number of negative
samples in the batch.

LossITM =− 1
M

M

∑
j=1

[
y j log p j +(1− y j) log(1− p j)

]
, (2)

where y j ∈ {0,1} indicates whether the image-text pair
matches, and p j is the predicted probability.

LossLM =−
T

∑
t=1

logP(wt |w<t , I), (3)

where wt is the token at position t, conditioned on previous
tokens and image features. The overall loss is computed by:

L = LossITC +LossITM +LossLM. (4)

4 Experiments
We demonstrate the effectiveness of our framework by evalu-
ating the performance of multiple tasks including image type
classification, clothing category classification, image-to-text
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Figure 5: The network structure of BLIP model.

retrieval task, text-to-image retrieval task, and image caption
task.

4.1 Implementation Details

Configuration details Given the datasets, we split the im-
ages into three sets: 80% for training, and 20% for testing.
For classification tasks, the training images are rescaled to
256×256, and augmented with a center crop to 224×224 and
horizontal flip. We trained the classification networks by fine-
tuning weights pre-trained on the ImageNet dataset with a
mini-batch stochastic gradient descent with a momentum of
0.9, and fixed learning rate of 0.001. The batch size was set to
50. For image retrieval and image caption tasks, we fine-tuned
the BLIP pre-trained on the COCO dataset with an initial
learning rate of 0.00001, weight decay of 0.05, batch size of
5. All models used in these tasks were trained on an NVIDIA
GTX 3090 GPU. During the inference phase, the input im-
age size is 224×224. For the MLLM, we employed Qwen2.5
to perform complex visual reasoning for both image type and
clothing category classification tasks.

Evaluation metrics The evaluation metrics used to assess
the performance of the network are based on the confusion
matrix, which show the difference between the predictions
and ground truths. Table 1 is an example of a confusion ma-
trix for a two-class classification problem, where the rows
(positive/negative) represent the actual value and the columns
(true/false) represent whether the prediction is true or false.
The confusion matrix can provide detailed information on the
classification results, and it also highlights the classes where
the predictions are confused. Based on the confusion matrix,
we can define the classification accuracy as follows:

Acc =
TP+TN

TP+TN+FP+FN

Additionally, the recall measures the proportion of actual
positive instances that are correctly identified by the model:

Recall =
TP

TP+FN

To evaluate generated captions in image captioning, we
use four standard metrics: BLEU-4 [40], METEOR [41],
ROUGE [42], and CIDEr [43]. BLEU-4 assesses machine-
human output correspondence, based on ‘the closer a machine
translation is to a professional human translation, the bet-
ter it is,’ using geometric mean of n-gram precisions (up
to 4-grams) with brevity penalty. METEOR evaluates via
unigram matching with exact, stem, and synonym align-
ments, computing harmonic mean of precision and recall
(recall weighted higher). ROUGE, from Recall-Oriented Un-
derstudy for Gisting Evaluation, measures summary quality
against human references via F-measure on longest com-
mon subsequence for structural similarity. CIDER provides
consensus-based image description evaluation, better aligning
with human judgments, through TF-IDF weighted n-gram co-
sine similarity (n ≤ 4) emphasizing informative terms. These
metrics collectively gauge lexical overlap, semantic fidelity,
and human alignment.

Table 1: Confusion Matrix for Clothing Type Classification

Predictions

True False

Ground-truths Positive TP FP
Negative TN FN
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4.2 Experimental results and analysis

To evaluate the performance of MLLMs in clothing im-
age understanding, we first compare a ResNet-based model
with an MLLM on image type classification and category
classification tasks. Subsequently, we assess the fine-tuned
BLIP model (denoted as BLIP-ft) on cross-modal retrieval
and image captioning.

Evaluation on image type classification We evaluate the
clothing type classification performance in this section. We
compute the total accuracy of the model of each epoch on
the validation dataset and choose the model with the high-
est accuracy as the best model. After training, we evaluate
this best model on the test set. The average accuracy on the
test data is 96.94%, and the per-class accuracy values are
compared against MLLM in Table 2. As shown, the accu-
racy values for all image types on the test data are near or
above 95% with ResNet. Specifically, the accuracy for the
local-view and product-only images is nearly 98% and 97%,
respectively, both of which are quite high. However, MLLM
performs particularly poorly on local-view images. One pos-
sible reason for this discrepancy is the difference in the
definitions of ‘local-view’ and ‘total-look’. In our definition,
‘total-look’ refers to an image that must include a complete
outfit, whereas ‘local-view’ may not necessarily adhere to
this full clothing ensemble. Furthermore, this performance
discrepancy highlights a divergence in feature learning mech-
anisms. The ResNet model, trained via supervised learning,
effectively captures dataset-specific visual biases, such as
cropping patterns and textural distributions intrinsic to the
‘Local-view’ class. Conversely, the MLLM relies on zero-
shot semantic reasoning; without fine-tuning, it struggles to
distinguish the arbitrary boundary between a ‘Local-view’
and a ‘Product-only’ image. This demonstrates that super-
vised learning remains essential for aligning models with
precise, domain-specific taxonomic standards.

Table 2: Evaluation results on image type classification.

Image Type ResNet50 MLLM

Total-look 94.68% 98.96%
Local-view 97.77% 33.15%
Product-only 96.83% 96.68%

Total 96.94% 67.66%

Evaluation on clothing category classification To study
the ability of MLLM on clothing category classification,
we also compare the performance of the model fined on
ResNet-50 and MLLM. The comparison results are shown in
Table 3. It can be observed that both models perform simi-
larly in terms of mean accuracy. However, MLLM exhibits
more extreme results: it performs exceptionally well in cer-
tain categories, such as Sunglasses & Glasses and Shirts, but
performs poorly in others, such as Overalls and Tops, with ac-
curacy dropping below 30%. This suggests that while MLLM
demonstrates a strong understanding of common knowledge,
it still lacks a deep understanding of more specialized fashion-
related knowledge. Specifically, the performance difference in

categories like ‘Tops’ and ‘Overalls’ highlights the gap in cat-
egory definitions. In general training data, terms like ‘Top’ are
often used as broad labels for various upper-body clothes. In
contrast, our dataset uses a strict classification system where
these categories do not overlap to ensure precision. The gen-
eral MLLM is not aware of these specific definitions, whereas
the supervised model effectively learns the clear class bound-
aries defined in our dataset. In future work, we plan to adopt
a semi-supervised approach by manually labeling a subset of
detailed attributes to train a deep learning model for attribute
recognition. At the same time, we will guide the MLLM to
understand these attributes, ensuring consistency between the
two models’ outputs. Any discrepancies will be manually
reviewed and corrected.

Table 3: Evaluation results on clothing category classifica-
tion.

Clothing Category ResNet50 MLLM

Belts 77.78% 100%
Dresses 89.25% 89.12%
Headwear 92.12% 79.20%
Jeans 75.56% 78.42%
Outerwear 73.53% 50.52%
Overalls 56.32% 22.30%
Pants & Trousers 79.78% 78.20%
Scarves & Shawls 64.16% 95.91%
Shirts 93.58% 97.89%
Shoes 98.75% 100%
Shorts 74.55% 78.97%
Skirts 71.18% 86.06%
Sleepwear 46.56% 64.08%
Socks 94.16% 98.14%
Sunglasses & Glasses 99.33% 100%
T-Shirts 88.39% 89.98%
Tanks & Camisoles 77.25% 62.76%
Tops 52.55% 28.99%
Underwear 92.62% 95.18%

Total 86.68% 84.90%

Evaluation on image retrieval Table 4 and Table 5 show
the results on the image-to-text retrieval and text-to-image
retrieval tasks. It can be seen that BLIP-ft outperforms the
original BLIP trained on general images by a large margin on
both tasks. Specifically, compared to BLIP, BLIP-ft achieves
higher recall at all ranks, with improvements of +3.4% at
R@1, +14.5% at R@5, and +16.8% at R@10 for image-
to-text retrieval, and +2.6% at R@1, +15.3% at R@5, and
+18.9% at R@10 for text-to-image retrieval. This substan-
tial improvement is directly driven by the model’s ability
to leverage the comprehensive fine-grained annotations pro-
vided in our dataset. Unlike standard pre-training which
targets coarse-grained objects, our fine-tuning process aligns
visual features with precise attribute descriptors (e.g., specific
textures or collar types). This granular alignment optimizes
the embedding space, enabling the model to effectively distin-
guish between visually similar items, thereby validating the
effectiveness of our fine-grained annotation strategy.
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Table 4: Evaluation results on Image-to-Text retrieval.

Model R@1 R@5 R@10 R@mean

BLIP 10.9% 48.4% 62.2% 40.5%
BLIP-ft 14.3% 62.9% 79.0% 52.1%

Table 5: Evaluation results on Text-to-Image retrieval.

Model R@1 R@5 R@10 R@mean

BLIP 14.0% 49.0% 60.7% 41.2%
BLIP-ft 16.6% 64.3% 79.6% 53.5%

Evaluation on image caption Table 6 shows the com-
parison results for the image captioning task. As shown, the
original BLIP performs poorly across all metrics, includ-
ing BLEU-4, METEOR, ROUGE and CIDEr, indicating that
the original BLIP struggles with clothing descriptions, par-
ticularly with providing comprehensive descriptions. After
fine-tuning, the performance shows significant improvement:
BLEU-4 increased from 0.9 to 7.8, METEOR improved from
6.2 to 17.3, and CIDEr rose from 2.7 to 28.9. This demon-
strates that fine-tuning enhanced the model’s understanding
of the clothing domain, improving the grammatical structure,
vocabulary choice, and semantic consistency of the generated
text. Figure 6 presents a qualitative comparison of the gener-
ation results. While the original BLIP produces brief captions
that often lack detail, BLIP-ft delivers more comprehensive
and accurate descriptions with superior information density.
This improvement stems from the incorporation of our pro-
posed Fashion Schema during fine-tuning, which guides the
model to prioritize a logical hierarchy of attributes—from
global silhouettes to intricate design details. Consequently,
the model effectively grounds the generation in visual evi-
dence, ensuring the outputs are both structurally coherent and
faithful to the specific product characteristics.

Table 6: Evaluation results on image caption.

Model Bleu-4 METEOR ROUGE CIDEr
[40] [41] [42] [43]

BLIP 0.9 6.2 18.6 2.7
BLIP-ft 7.8 17.3 33.1 28.9

Figure 6: Qualitative comparison results on image caption.

4.3 Ablation Study

We conduct qualitative ablations by comparing the full
pipeline with versions that omit one component at a time,
allowing us to isolate the effects of Multi-View Fusion,
Chain-of-Thought Prompting, Fashion Schema, and Reverse
Validation.

Effect of Multi-view Fusion Integrating multi-view im-
ages is essential for reducing hallucinations in occluded re-
gions and enhancing the faithfulness of garment-construction
descriptions. As shown in Figure 7, the method without
multi-view inputs exhibits severe hallucinations: it incorrectly
predicts a front zipper closure and overlooks the navy-blue
and white striped side panels, instead generating a generic
floral description. In contrast, our proposed pipeline aggre-
gates complementary information from different viewpoints,
correctly identifying the back zipper closure and accurately
capturing the side-panel details. These results demonstrate
that multi-view inputs effectively prevent unsupported in-
ference of invisible features and are thus indispensable for
reliable attribute extraction.

Effect of Chain of Thought Prompting As shown in
Figure 8, the method without CoT tends to hallucinate
fine-grained subcategories, misclassifying the item as ‘mater-
nity peg trousers’ and fabricating a ‘black stretch panel’ based
solely on the presence of an elastic waistband. In contrast, our
proposed method systematically methodically extract core
features, correctly characterizing the item as standard ‘Peg’
silhouette trousers with a high, elasticated waist.This demon-
strates that CoT effectively suppresses the model’s impulse to
over-associate generic visual features with niche categories,
resulting in more precise and generalizable terminology.

Effect of Fashion Schema Figure 9 presents compari-
son examples between our proposed pipeline and the pipeline
omitted the Fashion Schema. It can be observed that the
pipeline without explicit schema constraints tends to con-
flate physical attributes with abstract stylistic classifications,
leading to information redundancy and indexing failures.
For instance, the pipeline lacking the Fashion Schema in-
correctly populates the Style field with physical descriptors
such as ‘Sleeveless’ and ‘Fitted Bodice,’ whereas the method
equipped with the Fashion Schema, guided by the ontology,
correctly assigns these physical characteristics to the Other
details field while filling the Style field with an appropri-
ate abstract label, ‘Casual to semi-formal.’ This demonstrates
that the structured Fashion Schema plays a pivotal role in
maintaining semantic consistency and ensuring adherence to
field-specific definitions in the generated output.

Effect of Reverse Validation The Reverse Validation
module functions as a critical filter for visual hallucinations,
particularly those arising from biases in the training data dis-
tribution. As shown in Figure 10, the method without Reverse
Validation misclassifies the silhouette as ‘A-line,’ likely rely-
ing on the high prior probability of this cut for sleeveless tops
in the dataset rather than grounding its decision in concrete
visual cues. With Reverse Validation enabled, the MLLM
re-evaluates the visual evidence—such as the button-down
front and chest pockets—and accordingly revises the predic-
tion to the correct ‘H-shape’ (straight cut). This demonstrates
that Reverse validation compels the model to align its outputs
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Experiment Name Type Silhouette Color Pattern Texture Style Occasion Other details

baseline Upper clothing H-shape White with pink, navy blue, and 
gray accents Floral and geometric mixed print Lightweight fabric, likely 

cotton or viscose blend Casual, bohemian Casual outings, summer 
wear, beach

V-neck, thin adjustable straps, back zipper closure, 
side panels with navy blue and white stripes, floral 
and geometric patterns

W/O Multi-view Upper clothing A-line Multicolor (predominantly pink, 
white, navy blue, and gray) Floral and geometric mixed print Lightweight fabric, likely 

chiffon or crepe Casual, romantic Casual wear, summer 
outings, beach, date

Thin adjustable straps with metal rings, V-neckline, 
front zipper closure at neckline, side panels with 
striped and polka dot patterns

Experiment Name Type Silhouette Color Pattern Texture Style Occasion Other details

baseline Bottom 
clothing Peg Beige Solid Cotton blend Casual Daily wear High waist, elastic waistband, cuffed hems, side pockets

W/O CoT Bottom 
clothing Peg Trousers Beige Solid Smooth, lightweight fabric 

with a slight sheen

Maternity peg 
trousers with a 
high, elasticated 

waistband designed 
to accommodate a 

growing belly, 
featuring cuffed 

ankles and a slim, 
tapered fit from 

knee to hem

Casual, everyday wear, 
maternity wear

The trousers feature a black, stretchy, high-waisted 
panel that sits over the bump, providing support and 
comfort. The main fabric is beige and appears to be a 
soft, flowing material. The waistband includes a white 
elasticated inner band for added comfort. The legs are 

tapered and end in neatly cuffed hems.

样本 1：多视⻆的重要性 (Ablation w/o Multi-view)
样本 ID: 048994 (Camisole / 吊带背⼼)
分析点： 这是⼀个最典型的例⼦，展示了单视⻆模型（No Multiview）因为看不到背⾯和侧⾯细节⽽产⽣的严重幻觉。
Baseline (正确): 能够看到所有视⻆的图⽚。

它准确指出了 "back zipper closure"（后背拉链闭合）。
它准确描述了侧⾯的细节 "side panels with navy blue and white stripes"（侧⾯有海军蓝⽩条纹拼接）。

Ablation_no_multiview (错误): 只能看到⼀张产品图。
它错误地推断（幻觉）为 "front zipper closure"（前拉链闭合）。这是典型的因为缺少背⾯视⻆⽽产⽣的猜测错误。
它完全漏掉了侧⾯的条纹拼接细节，只泛泛⽽谈是 "floral and geometric"。

结论： Baseline 利⽤多视⻆融合，避免了对不可⻅区域的错误猜测，保证了产品构造（Construction）描述的真实性。

样本 3：思维链与反思的重要性 (Ablation w/o CoT & RevRef)
样本 ID: 050300 (Peg Trousers / 锥形裤)
分析点： 展示了 Baseline 在提取核⼼特征时的精准度，⽽消融模型容易过度解读或啰嗦。
Baseline (精准): 抓住了核⼼特征。

Type: "Bottom clothing" / Silhouette: "Peg"
描述简洁有⼒："Beige solid cotton blend peg trousers..."，直接点明了⾼腰、松紧腰带和卷边裤脚。

Ablation_no_cot (过度解读/幻觉): 缺乏推理步骤，导致对视觉特征的错误归因。
它将裤⼦的⾼腰松紧设计（elastic waistband）过度解读为 "Maternity peg trousers"（孕妇裤），并详细描述了 "black stretch panel that sits over the bump"（腹部的⿊⾊弹⼒板）。
缺陷： 虽然描述很详细，但如果这只是⼀条普通的松紧腰休闲裤（从 Baseline 的判断来看），CoT 的缺失导致模型直接跳跃到了“孕妇装”的结论，这是⼀种特定领域的过拟合或误判。

结论： Baseline 通过 CoT 的分步推理和 Review 模块的校验，有效地抑制了模型对某些视觉特征（如松紧腰头）的过度联想，输出了更通⽤、更准确的时尚术语。

Experiment Name Type Silhouette Color Pattern Texture Style Occasion Other details

Ours Upper clothing H-shape White with pink, navy
blue, and gray accents

Floral and geometric
mixed print

Lightweight fabric,
likely cotton or viscose
blend

Casual, bohemian Casual outings, sum-
mer wear, beach

V-neck, thin adjustable straps, back zipper
closure, side panels with navy blue and
white stripes, floral and geometric patterns

W/O Multi-view Upper clothing A-line Multicolor (predomi-
nantly pink, white, navy
blue, and gray)

Floral and geometric
mixed print

Lightweight fabric,
likely chiffon or crepe

Casual, romantic Casual wear, summer
outings, beach, date

Thin adjustable straps with metal rings, V-
neckline, front zipper closure at neckline,
side panels with striped and polka dot pat-
terns

Figure 7: Qualitative analysis of the effect of Multi-view Fusion.

Experiment Name Type Silhouette Color Pattern Texture Style Occasion Other details

baseline Upper clothing H-shape White with pink, navy blue, and 
gray accents Floral and geometric mixed print Lightweight fabric, likely 

cotton or viscose blend Casual, bohemian Casual outings, summer 
wear, beach

V-neck, thin adjustable straps, back zipper closure, 
side panels with navy blue and white stripes, floral 
and geometric patterns

W/O Multi-view Upper clothing A-line Multicolor (predominantly pink, 
white, navy blue, and gray) Floral and geometric mixed print Lightweight fabric, likely 

chiffon or crepe Casual, romantic Casual wear, summer 
outings, beach, date

Thin adjustable straps with metal rings, V-neckline, 
front zipper closure at neckline, side panels with 
striped and polka dot patterns

Experiment Name Type Silhouette Color Pattern Texture Style Occasion Other details

baseline Bottom 
clothing Peg Beige Solid Cotton blend Casual Daily wear High waist, elastic waistband, cuffed hems, side pockets

W/O CoT Bottom 
clothing Peg Trousers Beige Solid Smooth, lightweight fabric 

with a slight sheen

Maternity peg 
trousers with a 
high, elasticated 

waistband designed 
to accommodate a 

growing belly, 
featuring cuffed 

ankles and a slim, 
tapered fit from 

knee to hem

Casual, everyday wear, 
maternity wear

The trousers feature a black, stretchy, high-waisted 
panel that sits over the bump, providing support and 
comfort. The main fabric is beige and appears to be a 
soft, flowing material. The waistband includes a white 
elasticated inner band for added comfort. The legs are 

tapered and end in neatly cuffed hems.

样本 1：多视⻆的重要性 (Ablation w/o Multi-view)
样本 ID: 048994 (Camisole / 吊带背⼼)
分析点： 这是⼀个最典型的例⼦，展示了单视⻆模型（No Multiview）因为看不到背⾯和侧⾯细节⽽产⽣的严重幻觉。
Baseline (正确): 能够看到所有视⻆的图⽚。

它准确指出了 "back zipper closure"（后背拉链闭合）。
它准确描述了侧⾯的细节 "side panels with navy blue and white stripes"（侧⾯有海军蓝⽩条纹拼接）。

Ablation_no_multiview (错误): 只能看到⼀张产品图。
它错误地推断（幻觉）为 "front zipper closure"（前拉链闭合）。这是典型的因为缺少背⾯视⻆⽽产⽣的猜测错误。
它完全漏掉了侧⾯的条纹拼接细节，只泛泛⽽谈是 "floral and geometric"。

结论： Baseline 利⽤多视⻆融合，避免了对不可⻅区域的错误猜测，保证了产品构造（Construction）描述的真实性。

样本 3：思维链与反思的重要性 (Ablation w/o CoT & RevRef)
样本 ID: 050300 (Peg Trousers / 锥形裤)
分析点： 展示了 Baseline 在提取核⼼特征时的精准度，⽽消融模型容易过度解读或啰嗦。
Baseline (精准): 抓住了核⼼特征。

Type: "Bottom clothing" / Silhouette: "Peg"
描述简洁有⼒："Beige solid cotton blend peg trousers..."，直接点明了⾼腰、松紧腰带和卷边裤脚。

Ablation_no_cot (过度解读/幻觉): 缺乏推理步骤，导致对视觉特征的错误归因。
它将裤⼦的⾼腰松紧设计（elastic waistband）过度解读为 "Maternity peg trousers"（孕妇裤），并详细描述了 "black stretch panel that sits over the bump"（腹部的⿊⾊弹⼒板）。
缺陷： 虽然描述很详细，但如果这只是⼀条普通的松紧腰休闲裤（从 Baseline 的判断来看），CoT 的缺失导致模型直接跳跃到了“孕妇装”的结论，这是⼀种特定领域的过拟合或误判。

结论： Baseline 通过 CoT 的分步推理和 Review 模块的校验，有效地抑制了模型对某些视觉特征（如松紧腰头）的过度联想，输出了更通⽤、更准确的时尚术语。

Experiment Name Type Silhouette Color Pattern Texture Style Occasion Other details

Ours Bottom clothing Peg Beige Solid Cotton blend Casual Daily wear High waist, elastic waistband, cuffed
hems, side pockets

W/O CoT Bottom clothing Peg Trousers Beige Solid Smooth,
lightweight fab-
ric with a slight
sheen

Maternity peg trousers
with a high, elasticated
waistband designed to ac-
commodate a growing belly,
featuring cuffed ankles and
a slim, tapered fit from knee
to hem

Casual, everyday wear, maternity wear The trousers feature a black, stretchy,
high-waisted panel that sits over the
bump, providing support and comfort.
The main fabric is beige and appears to
be a soft, flowing material. The waist-
band includes a white elasticated inner
band for added comfort. The legs are
tapered and end in neatly cuffed hems.

Figure 8: Qualitative analysis of the effect of CoT prompting.

Experiment Name Type Silhouette Color Pattern Texture Style Occasion Other details

baseline Full-body 
clothing A-line Black, Red Solid

Smooth, lightweight fabric 
(likely cotton or polyester 

blend)

Casual to semi-
formal

Casual outings, semi-
formal events, smart 

casual occasions

Sleeveless with thin spaghetti straps, scoop neckline, 
knee-length hem, pleated skirt, elastic waistband

W/O Fashion Schema Dress A-line Black, Red Solid Smooth, Lightweight

Sleeveless, Thin 
Spaghetti Straps, 

Fitted Bodice, 
Pleated Skirt

Casual, Semi-Formal Round Neckline, Simple and Elegant Design

样本：结构化约束的重要性 (Ablation w/o Schema)
样本 ID: 042289 (A-line Dresses / A字裙)
分析点： 这个例⼦展示了 Schema 模块的核⼼作⽤：字段定义的⼀致性 (Field Definition Adherence)。如果没有 Schema 明确定义
每个字段应该填什么（例如：Style 应该是抽象的氛围词，Details 应该是物理构造词），模型就会把所有观察到的特征混在⼀起乱填。
•Baseline (结构清晰、可索引): 模型准确理解了不同字段的语义边界。

• Style (⻛格): 输出了 "Casual to semi-formal"（休闲⾄半正式）。这是正确的抽象分类，适合作为电商⽹站的筛选
标签（Filter）。

• Other details (细节): 输出了 "Sleeveless with thin spaghetti straps..."（⽆袖、细肩带）。这些是物理构造。
• 优势: 结构清晰，逻辑分明。

•Ablation_no_schema (字段污染、不可索引): 缺乏约束，模型把“⻓什么样的”填进了“什么⻛格的”字段⾥。
• Style (⻛格): 错误地输出了 "Sleeveless, Thin Spaghetti Straps, Fitted Bodice, Pleated Skirt"（⽆袖、细肩带、修⾝

胸⾐、百褶裙）。
• 缺陷:

• 索引失效: 如果⽤户搜索“休闲⻛”的裙⼦，这条数据会被漏掉；如果系统统计“⻛格”，会出现“细肩带⻛格”这
种荒谬的分类。

• 信息冗余: 这⾥的 Style 内容与后⾯的 Description 和 Details ⾼度重复，浪费了结构化字段的意义。
结论： Baseline 证明了 Schema 不仅仅是规定输出 JSON 格式，更重要的是它强制模型遵守数据本体（Ontology）的语义定义。它确
保“⻛格”字段只包含美学范畴的词汇，⽽将物理特征限制在“细节”字段中，这对于构建⾼质量、可检索的商品知识图谱⾄关重要。

Experiment Name Type Silhouette Color Pattern Texture Style Occasion Other details

Ours Full-body clothing A-line Black, Red Solid Smooth,
lightweight fabric
(likely cotton or
polyester blend)

Casual to semi-
formal

Casual outings,
semi-formal events,
smart casual occa-
sions

Sleeveless with thin spaghetti
straps, scoop neckline, knee-
length hem, pleated skirt, elastic
waistband

W/O Fashion Schema Dress A-line Black, Red Solid Smooth,
Lightweight

Sleeveless, Thin
Spaghetti Straps,
Fitted Bodice,
Pleated Skirt

Casual, Semi-
Formal

Round Neckline, Simple and
Elegant Design

Figure 9: Qualitative analysis of the effect of Fashion Schema.

with actual visual observations rather than probability-driven
intuition, thereby correcting errors that may appear plausible
but are ultimately unsupported.

4.4 Generalization Analysis

To assess the cross-domain robustness of the proposed frame-
work and reduce potential domain bias introduced by stan-
dardized e-commerce datasets, we conduct a qualitative eval-
uation on unconstrained street-style scenarios. As shown in

Figure 11, the model preserves high fidelity in attribute ex-
traction when transitioning from studio-controlled imagery
to complex real-world environments characterized by back-
ground clutter, environmental noise, and non-uniform light-
ing. In the pink jacket example on the left, the system
successfully isolates the primary garment from substantial
background distractions—including non-fashion objects such
as toys and tableware—and accurately identifies fine-grained
construction details such as the fur collar and front toggle
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样本：反思的重要性 (Ablation w/o RevRef)
样本 ID: 059790 (Tank / 背⼼) from ablation_results.json
分析点： 这个例⼦展示了模型在没有反思机制时，容易受到“常⻅分布”的影响⽽产⽣幻觉。
•Ablation_no_rev_val (惯性误判):

• Silhouette (版型): 错误地判断为 "A-line"（A字型）。
• 原因推测: 在⼥装数据集中，⽆袖上⾐（Tanks）⾮常多是 A 字版型的（下摆宽松）。模型在第⼀遍⽣成时，凭借概

率直觉猜了 "A-line"。
• 后果: 这个判断与⾐服的实际款式（⼯装⻛、有⼝袋、纽扣）不符，⼯装⻛通常是直筒的。

•Baseline (⾃我纠错):

• Silhouette (版型): 准确纠正为 "H-shape"（H型/直筒）。
• 机制: Baseline 的反思模块（Reflection）在⽣成初步结论后，会回看图⽚进⾏校验：“等⼀下，这件⾐服有纽扣前襟

（button-down）和胸前⼝袋，⽽且腰部没有明显外扩，它应该是⼀个直筒的⼯装背⼼，⽽不是A字裙摆。”
• 结果: 输出了更符合视觉事实的 H-shape。

结论： 这个例⼦证明了 RevRef 模块是**“视觉幻觉的过滤器”**。它强迫模型在下定论之前，再次⽐对视觉特征（Visual Evidence），
从⽽修正那些“虽然概率很⾼但实际上错了”的判断。

Experiment Name Type Silhouette Color Pattern Texture Style Occasion Other details

baseline Upper clothing H-shape navy blue solid cotton or cotton blend casual yet chic
casual outings, casual 

office wear, semi-casual 
events

V-neckline, button-down front, two chest pockets, 
sleeveless, fitted waist

ablation_no_rev_val Upper clothing A-line dark blue solid cotton or cotton blend casual
casual outings, casual 

office wear, smart-casual 
events

sleeveless, V-neckline, button-up front, pockets on either 
side of the chest

Experiment Name Type Silhouette Color Pattern Texture Style Occasion Other details

Ours Upper clothing H-shape navy blue solid cotton blend casual yet chic casual outings, casual
office wear

V-neckline, button-down front, two chest
pockets, sleeveless, fitted waist

W/O Reverse Validation Upper clothing A-line dark blue solid cotton blend casual casual outings, casual
office wear

sleeveless, V-neckline, button-up front,
pockets on either side of the chest

Figure 10: Qualitative analysis of the effect of the Reverse Validation.

Sample Group Type Silhouette Color Pattern Texture Style Occasion Other details

Left Upper clothing A-line pink solid satin cute casual

fur collar, black drawstring, front 
toggle closures, lace-trimmed pockets, 

ruffled lace hem, long sleeves with 
elastic cuffs

Right Full-body 
clothing A-line off-white solid

lightweight 
fabric with lace 

trim
romantic casual, date layered ruffles, lace hem, elastic 

waist

Sample Group Type Silhouette Color Pattern Texture Style Occasion Other details

Left Upper clothing A-line pink solid satin cute casual fur collar, black drawstring, front tog-
gle closures, lace-trimmed pockets, ruffled
lace hem, long sleeves with elastic cuffs

Right Bottom clothing A-line off-white solid lightweight fabric
with lace trim

romantic casual, date layered ruffles, lace hem, elastic waist

Figure 11: Generalization to unconstrained, less controlled real-world settings.

closures. Similarly, in the dynamic outdoor street-scene ex-
ample on the right, the model exhibits strong adaptability to
natural lighting variations and non-standard poses, correctly
capturing the layered ruffles and A-line silhouette and assign-
ing an appropriate ’sophisticated romantic’ style label. These
observations indicate that the integration of the structured
Fashion Schema and Chain-of-Thought reasoning effectively
prevents the model from overfitting to clean data distributions.
By enforcing strict semantic boundaries and maintaining log-
ical grounding, the framework mitigates domain bias and
demonstrates practical utility for diverse downstream appli-
cations such as social media trend analysis and unconstrained
street-style annotation.

4.5 Discussion

By leveraging the capabilities of MLLMs on multimodal data,
we can automatically generate comprehensive clothing de-
scriptions for apparel items, which improves the performance
of image captioning and cross-domain retrieval. However,
we observed that while MLLMs demonstrate strong un-
derstanding of general knowledge, they lack expertise in
domain-specific knowledge, where supervised learning meth-
ods perform significantly better. This suggests that a hybrid
approach combining the strengths of both paradigms could
be highly effective. In future work, we plan to adopt a semi-
supervised approach by manually labeling a subset of detailed
attributes to train a deep learning model for detailed attribute
recognition. At the same time, we will instruct the MLLM
to understand these attributes, ensuring consistency between

the two models’ outputs. Any discrepancies will be manually
reviewed and corrected.

5 Conclusion
This paper proposes a novel framework leveraging Multi-
modal Large Language Models (MLLMs) for comprehensive
fashion understanding from images. We construct a fashion
dataset with structured and detailed descriptions, manually
annotating image type, category, and fine-grained category for
each clothing item. Detailed descriptions are generated us-
ing a fashion-schema-based approach combined with reverse
validation across multiple views through a Chain-of-Thought
(CoT) process. Using this dataset, we fine-tune BLIP (denoted
as BLIP-ft) and evaluate its performance on image caption-
ing and cross-modal retrieval tasks. For future work, we aim
to further enhance description quality by integrating deep
learning models with MLLMs in a semi-supervised manner.
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CoT Reasoning Prompt for Structured Text Description Generator based MLLM

You are given {image count} images for single product, which include full body image, part body image, product only
image, and details image (not all available). Its category is {category}, and its fine-grained category is {fine grained}.
Please follow the steps below:

1. Extract and Analyze Clothing Attributes
For the main clothing item only, carefully examine all images and answer the following questions step by step, ignoring
any other clothing items, outfits, or styling elements present in the images. Focus exclusively on the attributes of the
single main clothing item. Each attribute must have a value. Please fully utilize the characteristics of these four views
(not all available) of full body image, part body image, product only image, and details image, and give higher refer-
ence weights to views that can more accurately analyze corresponding attributes.
The following constraints must be followed:

• Type: Full-body clothing, Upper clothing, Bottom clothing, or Accessories & Shoes.
• Silhouette: What is the silhouette or shape? (e.g., A-line, H-shape, etc.)
• Color: What is the main color? (e.g., gray, red, blue, pink, etc.)
• Pattern: Is there any pattern? If so, what kind? (e.g., solid, small patterned, etc.)
• Texture: What is the texture or fabric? (e.g., silk, wool, cotton, etc.)
• Style: What is the overall style? (e.g., casual, formal, romantic, etc.)
• Occasion: What occasion is this clothing suitable for? (e.g., date, party, sport, etc.)
• Other details: Are there any other notable features? (e.g., V-neck, long sleeves, etc.)

If you observe other obvious attributes or details, please add them.

2. Generate a Comprehensive Textual Description
Based on the above attributes, construct a single sentence that contains all identified features and details of the main
clothing item only, ensuring the description covers attributes consistent across all images while excluding any refer-
ences to other clothing items, outfits, or styling pairings.

3. Reverse Validation of Attributes and Description
Check whether the summarized attributes and the generated description perfectly cover each image provided, focusing
solely on the main clothing item.

• If the attributes and description accurately represent the main item in every image, proceed.
• If there is any uncertainty or mismatch, include the word ‘Uncertainty’ in the Description field.

4. Return as JSON Format
Output all attributes, the lists of full-body images, and the final description in the following JSON format:

{
"Type": "",
"Silhouette": "",
"Color": "",
"Pattern": "",
"Texture": "",
"Style": "",
"Occasion": "",
"Other details": "",
"Description": ""

}

Figure A1: The detailed CoT reasoning prompt designed for the MLLM to perform hierarchical fashion attribute extraction,
structured text description and reverse validation.
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