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ABSTRACT

The advancement of intelligent agents has revolutionized problem-solving across diverse domains,
yet solutions for personalized fashion styling remain underexplored, which holds immense promise
for promoting shopping experiences. In this work, we present StyleTailor, the first collaborative
agent framework that seamlessly unifies personalized apparel design, shopping recommendation,
virtual try-on, and systematic evaluation into a cohesive workflow. To this end, StyleTailor pioneers
an iterative visual refinement paradigm driven by multi-level negative feedback, enabling adaptive
and precise user alignment. Specifically, our framework features two core agents, i.e., Designer for
personalized garment selection and Consultant for virtual try-on, whose outputs are progressively
refined via hierarchical vision-language model feedback spanning individual items, complete outfits,
and try-on efficacy. Counterexamples are aggregated into negative prompts, forming a closed-loop
mechanism that enhances recommendation quality. To assess the performance, we introduce a
comprehensive evaluation suite encompassing style consistency, visual quality, face similarity, and
artistic appraisal. Extensive experiments demonstrate StyleTailor’s superior performance in delivering
personalized designs and recommendations, outperforming strong baselines without negative feedback
and establishing a new benchmark for intelligent fashion systems.

1 Introduction

Multimodal learning [[1} 2, 3, 4] has achieved remarkable breakthroughs in recent years, enabling models to seamlessly
integrate and process diverse data modalities, thereby transforming their role in practical applications. Intelligent agents,
built upon these advancements, represent a powerful paradigm for creating automatic workflows for complicated and
originally human-interactive tasks [} 16} (7} I8 9. For example, agents have significantly streamlined paperwork-related
activities by enabling automatic chart generation [8]], paper-to-code conversion [[6], and the creation of scientific posters
from manuscripts [[7]. Beyond administrative automation, agents are also transforming scientific disciplines that demand
specialized expertise, such as computational fluid dynamics simulation [5, O]. These applications underscore the
versatility and impact of agent-based systems.

Although substantial advancements have been made, the development of a unified agent framework for personalized
fashion styling remains unaddressed. By tailoring recommendations to user preferences and appearance characteristics,
personalized styling systems streamline decision-making, elevate user satisfaction, and are pivotal for increasing
e-commerce traffic and operational efficiency 10, [11 [12]].
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Figure 1: We present StyleTailor, the first agentic framework for personalized fashion styling that, given a full-body
photo and dressing preferences, outputs virtual try-on results, curated garment images, and shopping links in a unified,
closed-loop pipeline, advancing user-centric, interactive fashion recommendation.

However, constructing a collaborative agent framework for personalized fashion styling presents considerable technical
difficulties owing to the intricate, fine-grained nature of the task. Despite significant progress in vision-language
models (VLMs), existing systems continue to suffer from limited reasoning capabilities and persistent hallucination
effects. Disparities in training data distributions and architectural differences among various VLMs further exacerbate
inconsistencies, resulting in unreliable and highly domain-dependent outputs [[13, (14, [15]. Consequently, ensuring
robust reliability, accuracy, and trustworthiness in VLM-based applications remains a substantial challenge.

Accordingly, the effective coordination of multiple agents to exploit the complementary advantages of heterogeneous
VLMs constitutes a critical and unresolved research problem. Prevailing agentic frameworks predominantly rely on
simplistic, repetitive selection or random output refinement strategies, which incur substantial computational cost yet
often yield limited qualitative improvement [16]. Thus, establishing principled mechanisms for efficient feedback
integration is an essential challenge for advancing collaborative agent systems in complex, user-centric scenarios.

To address these challenges, we introduce StyleTailor, the first collaborative agent framework with a hierarchical
negative feedback mechanism to seamlessly integrate individualized garment design, shopping recommendation, virtual
try-on, and systematic evaluation within a unified pipeline. The proposed framework is composed of two principal
modules, i.e., Designer and Consultant. As illustrated in Fig. [T} StyleTailor receives a user-provided reference image
and dressing style preference description, and outputs virtual try-on visualization, associated garment visuals, and direct
purchase links, providing an end-to-end solution for personalized fashion experiences.

The Designer employs a cascade of sequential expert agents, each interpreting the inputs by a VLM to generate a
standardized set of fine-grained garment specifications across clothing components. Leveraging these attributes, a
search engine (e.g., Google Custom Search API) retrieves curated garment images and associated product links. To
enforce text-outfit consistency and enable iterative refinement, we incorporate a two-level negative feedback mechanism:
(1) at the item level, during the search phase, a VLM analyzes discrepancies between unsatisfactory results and the
original prompt, converting them into negative prompts to guide subsequent searches; and (ii) at the outfit level, where
the current expert proposes a complete outfit set—if deemed unsatisfactory, the next expert is activated, incorporating
prior suboptimal outputs as explicit negative examples, continuing until convergence on a high-quality result.

The Consultant utilizes an advanced image-editing model to enable virtual try-on, synthesizing photorealistic images
of the user in recommended outfits conditioned on both visual inputs, i.e., user and garment images, and textual
prompts. To achieve precise fashion evaluation and alignment with user preferences, we introduce a higher-level
negative feedback paradigm that iteratively refines try-on visualizations. The suboptimal results are scrutinized by a
VLM to identify discrepancies, which are then converted into negative prompts guiding subsequent generations until
optimal consistency and quality are attained.

To comprehensively evaluate our effectiveness, we propose an assessment suite comprising complementary metrics
tailored to personalized fashion styling. Style consistency is quantified via VQAScore [17], assessing alignment between
synthesized images and user preferences. Visual quality is evaluated using IQAScore [18], verifying high-fidelity
generative outputs. Face similarity is measured with InsightFace [19]], ensuring minimal identity distortion. Finally,
aesthetic appraisal leverages VLM-based evaluators for a holistic artistic and stylistic critique. This suite establishes a
robust benchmark for agent-driven fashion systems, enabling precise validation of refinement mechanisms.
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Figure 2: Overview of our agent framework StyleTailor. The Designer module analyzes the user-provided image and
style preferences, generates garment specifications, and retrieves suitable clothing images. Two hierarchical negative
feedback mechanisms within the Designer refine retrieval at the item and outfit levels. The Consultant module generates
virtual try-on results and applies higher-level feedback to further improve alignment with user requirements. The
Critic quantitatively evaluates the final outputs. This multi-stage feedback ensures the system progressively optimizes
recommendations.

Our main contributions can be summarized as follows.

* We introduce StyleTailor, the first collaborative agent framework that seamlessly integrates personalized
fashion design, shopping recommendation, virtual try-on, and systematic evaluation into a unified pipeline,
addressing a key gap in multimodal computer vision for user-centric applications.

* We propose a hierarchical negative feedback mechanism embedded within the agent system, spanning three
progressive levels: item-specific refinement, outfit-level coordination, and virtual try-on optimization. This
iterative approach leverages vision-language models to enhance accuracy, mitigate hallucinations, and enable
adaptive visual refinement.

* We present a comprehensive evaluation suite, assessing style consistency, visual quality, facial similarity, and
holistic aesthetic appraisal, thereby establishing a robust benchmark for agent-driven fashion systems.

2 Related Works

2.1 Multimodal Agents

The recent surge in intelligent agents has demonstrated their versatility across domains such as software engineering,
scientific computing, and visual content creation. These agents, often powered by large language models (LLMs),
excel at decomposing complex tasks into actionable steps, enabling sequential reasoning, dynamic interaction, and
multi-modal generation [20} [21]. For example, agents have been developed for generating slides and posters [22] [7]],
creating scientific charts [8], writing code for research or software development [6]], and supporting scientific
simulations in physics and chemistry [3}[9]. These applications highlight the powerful generalization and coordination
capabilities of LLM-driven agents. Despite these advances, little attention has been given to agent-based solutions
for personalized fashion workflows, which require coordinated garment design, recommendation, and virtual try-on.
Moreover, existing agents often lack explicit mechanisms for iterative refinement and user feedback integration, limiting
their adaptability in fashion-related tasks.
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2.2 Fashion Virtual Try-on Models

Virtual try-on (VTON) methods can be broadly categorized into two paradigms based on input modality: image-based
and text/prompt-based. Image-based models receive a user image and a reference garment to generate try-on results.
Early approaches such as VITON [24] and CP-VTON introduced warping and composition networks under GAN
frameworks, followed by flow-based [25] and 3D-aware models [26] that improved alignment and realism. Recently,
diffusion-based methods [[10, [11} [12] have achieved high-fidelity synthesis with progressive denoising, while others
enhance flexibility by handling pose variation [27] or relaxing paired-data constraints [28]. Prompt-based models use
textual or multimodal prompts to guide clothing manipulation. Text2Human [29] formulates the task as text-to-image
synthesis, while multimodal systems [30] combine text and reference images for joint control. With the rise of diffusion
frameworks such as Stable Diffusion [31] and ControlNet [32]], text-guided editing has become more precise and
scalable. In this work, we adopt FLUX.1.Kontext [33] as the core image-editing model for virtual try-on. This powerful
framework supports joint conditioning on both visual and textual modalities, enabling fine-grained control over garment
rendering and accessory augmentation through seamless multimodal guidance.

3 StyleTailor

3.1 Problem Formulation

We define personalized fashion styling as a collaborative generation and selection task. Given a full-body reference
image of the user I and a natural language description of their dressing preference P, the objective is to generate
a realistic try-on image [ of the user dressed in a complete outfit, along with the corresponding garment images
{G,} X | and their shopping links {L;} X . This task involves multiple challenges, including accurate interpretation of
the multimodal input (1o, P), retrieval of fine-grained garments G; that align with the described style, composition
of coherent outfits across different clothing components, and photorealistic synthesis of the try-on result I that
preserves user identity. To address these challenges, our framework 7~ adopts an iterative refinement strategy driven by
vision-language feedback, progressively optimizing garment selection and try-on quality to ensure alignment with user
intent and enhance the overall personalization experience.

3.2 Framework Overview

As illustrated in Fig. [2] StyleTailor consists of two core agents: Designer and Consultant, which collaboratively
drive the personalized fashion styling workflow. The Designer module, denoted as 77, receives the user’s reference
image Iy and their style preference description P. It then retrieves a set of garment images {G;}X, along with
corresponding shopping links {L;}X ;. These garments are selected to align with the user’s intended aesthetic and
are ready for visualization or purchase. The Consultant module, denoted as 75, takes the initial user image I and the
retrieved garments {G; }£ , as input and synthesizes a photorealistic try-on image I, allowing the user to preview the
recommended outfit on themselves. Although the Designer and Consultant operate independently, their integration
forms a unified pipeline where the output of the Designer naturally serves as input to the Consultant. This modular
yet cohesive design enables personalized, end-to-end fashion recommendation and virtual try-on in a structured and
adaptive manner.

3.3 Designer

In fashion shopping, a good advisor translates abstract user preferences into specific garment selections. Inspired by
this, our Designer agent serves as a virtual stylist that interprets user intent and retrieves suitable clothing items from
real-world sources. To enhance accuracy and flexibility, we construct a pool of Design Experts, each comprising a Style
Interpreter and a Shopping Advisor, coordinated by a sequential mechanism.

Style Interpreter. Users often express dressing intentions in vague or imaginative terms, rather than specific clothing
attributes. The Style Interpreter leverages a vision-language model (VLM) to transform the user’s input into a structured
representation of garment components. Let I denote the user’s full-body reference image and P the textual description
of their desired style. The VLM used by the ¢-th expert is denoted as V;, and two prompt templates ¢; and to are
designed for first-time generation and feedback-refined iterations, respectively. For the first expert (i = 1), only the
raw input (1o, P) is provided, while for subsequent experts (i > 1), we also include a negative selection set {s; };;11
representing previously rejected results. Each expert generates a set of category-description pairs {c;, d; } X |, where ¢;
refers to the name of a garment component (e.g., "dresses") and d; its professional-level description:

Vi(Io, P, t1) ifi=1
iy d; fi = . i : !
{C ) } =1 {‘/2(107 _P7 t27 {SJ 3;11) otherwise. ( )
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The interpreter also produces concise summaries for each component, used by the downstream virtual try-on module.

Shopping Advisor. Given the structured garment descriptions, the Shopping Advisor performs web-based retrieval to
simulate an online shopping process. Let d denote the textual description of a garment component. A custom search
engine G, built on Google Custom Search API, returns a set of candidate garment images {g; }?£, and corresponding
shopping links {/;} :

{gi 1i}21 = G(d), &)
Each candidate is evaluated using VQAScore, which measures the visual-semantic consistency between the retrieved
image g; and the intended description d. The best-matching image is selected as:

go = arg max VQAScore(gi, d). 3)

We introduce an item-level feedback to iteratively refine the searching results. If the highest score exceeds a predefined
threshold 7, the result is accepted. Otherwise, we use a VLM to analyze mismatches between gy and d, extract
undesirable features as negative cues, and rerun the search with negation terms. This process is repeated until a
satisfactory result is found or a preset iteration limit is reached.

While the Shopping Advisor ensures alignment for individual items, it cannot guarantee global coherence across
the outfit. We address this by implementing an outfit-level feedback to assess the quality of each full outfit using
VQAScore. For each generated garment GG; and its corresponding component description d;, we compute a raw
alignment score s; = VQAScore(G;, P), then normalize it by the garment-specific threshold 7; to obtain a bounded
score s; = min(s;/7;, 1). Assuming independence across components, we aggregate scores using the geometric

average:
K O\ K
S0 = <Hs§> : “)
i=1

If the final score sy exceeds an acceptance threshold w, the result is accepted. Otherwise, the next expert in the ranked
pool is invoked, using the failed attempts as additional negative context. Experts are ordered by their VLM capability
(e.g., leaderboard performance), enabling a greedy strategy that balances accuracy and computational efficiency. This
multi-level feedback ensures that the generated garments are not only locally relevant but also globally consistent with
the user’s style intent.

3.4 Consultant

After shopping, trying on clothes is a crucial step in determining whether the selected garments truly align with the
user’s needs and expectations. The Consultant module is designed to simulate this virtual try-on process, enabling
systematic visual evaluation of the outfit generated by the Designer.

Progressive Try-on Generation. Let I, denote the original user image and {G; } X | the set of selected garment images.
The Consultant module F generates the final try-on result /i by sequentially replacing each garment through K

independent sub-processes {F; } X |, each responsible for updating one clothing component:

F=FioFro0---0Fk. (®)]
Each sub-process F; receives the image I;_; from the previous step and produces the updated output /;:
I =F(li-1) (1<i<K). (6)

To reduce visual interference during editing, garments are sorted in descending order of region size—Ilarger components
(e.g., outerwear) are replaced first, followed by smaller ones (e.g., accessories).

VLM-Guided Visual Refinement. Each sub-process JF; is implemented using the image-editing model
FLUX.1.Kontext[33], denoted K. The model takes as input the current user image I;_1, the corresponding gar-
ment image GG;, and a textual prompt z; summarizing the desired appearance, which is produced by the Style Interpreter
of the Designer. Let P(z;) represent a prompt formatting function. We concatenate I;_; and G;, and generate [ try-on
candidates:

{Oi}fizl = ’C(COI‘ICZ\I(L;_l7 Gz), 'P(ZZ)) 7

To select the most accurate result, we apply OpenPose [34, 135,136, 137]] and HumanParsing [38] models to identify the
region corresponding to the target category ¢;, and extract that region from each generated image. We then compute the
CLIPScore [39] between the masked try-on image and the original garment, and choose the best-matching candidate:

Op = arg max CLIPScore(maske, (O;), G;). (8)

If the score of Oy exceeds a predefined threshold o, the result is accepted. Otherwise, the current candidate and garment
are passed into a VLM to diagnose visual inconsistencies. These differences are converted into a negative prompt and
injected into K for regeneration. This try-on-level feedback process iterates until the output meets the quality threshold
or the maximum number of attempts is reached. The final image Ik is obtained by applying this process to all garments
as defined in Eq. (5).
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Figure 3: Qualitative comparison between our method and the baseline under two conditions: (1) The same user image
with different descriptions; (2) The same description with different user images. The visualization results demonstrate
both the personalized design capacity of our approach and its superior performance in comparison with the baseline
method. The red text indicates the apparently inappropriate garment retrieval by the baseline.

4 Experiments

4.1 Settings

Dataset. To build the evaluation dataset, we require both the input images and the text prompts. To effectively balance
the data inclusivity with the testing efficiency, we set the dataset size to be 64. We select input images from an open
dataset, LookBook [40], which contains a wide variety of high-quality images showcasing different models in various
garments. Subsequently, the text prompts are created through an LLM using the few-shot method [1]]. The text prompts
include both specific and abstract requests for suits, dresses, shoes, and other minor accessories. The composed dataset
consists of images of 32 male and 32 female models. Furthermore, it can be partitioned for each gender according to
the criteria mentioned below to enhance diversity:

 Face Status of the model is classified into two groups: shown and hidden, maintaining a balanced 1:1 ratio for
each gender.

* Body Status of the model indicates if the complete body is portrayed or not. Full-body and half-body images
are distributed in a 3:1 ratio, retaining uniformity across face status types.

Baseline. We take the workflow without any negative feedback mechanisms as a strong baseline. This allows us to
verify the effectiveness of our proposed feedback strategies while ensuring the functional completeness of our agent.

4.2 Evaluation Metrics

As illustrated in the Critic part of Fig.[2] we apply four metrics to conduct a comprehensive evaluation of the generated
image I .

Style Consistency. To ensure the alignment between the generated image [ and the user’s preferences P, we send the
user’s original image Iy into a VLM V to extract human-related attributes excluding the garments, and convert them
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Figure 4: Visualizations of diverse user images and style descriptions, along with the corresponding outputs produced
by our StyleTailor. These examples demonstrate StyleTailor’s ability to effectively handle various user appearances and
styling preferences, highlighting its robustness and adaptability to complex, real-world input scenarios.

Models | Style Consistency | Visual Quality | Face Similarity | VLM Artist
Baseline 0.650 0.699 0.362 7.35
w/o Item-level Negative Feedback 0.697 0.767 0.484 8.41
w/o Outfit-level Negative Feedback 0.688 0.758 0.532 8.16
w/o Try-on-level Negative Feedback 0.781 0.708 0.351 8.22
Ours 0.906 0.764 0.544 8.60
Table 1: Quantitative comparison. Bold indicates the best performance, underline indicates the

second-best performance.

into text descriptions. We then concatenate these descriptions with the user’s initial preferences and input the combined
text along with the generated image to compute VQAScore(Ix, (V(Ip) + P)).

Visual Quality. To evaluate the generation quality of the generative models, we apply IQAScore[18] 41}, 42] to assess
the final generative quality of the output images.

Face Similarity. The human face constitutes the most critical feature for personal identification. To measure the
difference between the faces of the original image I and the generated image I, we use a pre-trained model from
InsightFace[19] to extract facial features and calculate the cosine similarity to reveal the facial similarity.

VLM Artist. Besides the alignment between the generated images and the user preferences, as well as the image
quality of generative models, we further implement a vision-language model (VLM) artist—specifically, a VLM-based
evaluation agent—designed to conduct a comprehensive aesthetic assessment of the final garment synthesis results.
This VLM artist is tasked with evaluating four distinct aspects of the image (detailed below), to provide both a short
cohesive explanation and a fair integer rating from 1 to 10.

* Design Score encompasses aesthetic evaluations of individual garment pieces, including cut (silhouette and
tailoring) and elements (decorative accents and embellishments).

* Fitness Score quantifies the degree of fit between the garments and the wearer’s physical attributes (e.g., body
shape, proportions).
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* Coherence Score measures the compatibility and stylistic consistency across different garment pieces in the
ensemble.

* Mood Score evaluates the overall mood, stylistic identity, and visual impact conveyed by the entire garment
set.

These scores, ranging from 1 to 10, are assigned according to detailed criteria described in the Appendix, and their
mean constitutes the final output of the VLM artist evaluation.

This multi-dimensional evaluation suite comprehensively assesses both the overall quality of the agent’s outputs and
their alignment with user preferences.

4.3 Comparison with State-of-the-art Methods

Qualitative Comparison. As shown in Fig. 3] the experiments on the same individual with different descriptions
revealed that our StyleTailor can align well with each description. Using the same description for different individuals,
StyleTailor can still provide personalized solutions tailored to the unique characteristics of each person. Furthermore,
by comparing the experiments within each group, we observe that: in the first group, the baseline shows a noticeably
weaker alignment between the shoes and the textual description compared to ours; in the second group, the alignment
between the pants and the text is also significantly inferior to ours. It indicates that our item-level and outfit-level
negative feedback play a critical role in the garment retrieval process. Additionally, baseline results had inconsistent
pant colors and accessories, and unreasonable changes in facial features and body posture, underscoring the significance
of the negative feedback mechanism in virtual try-on.

Quantitative Comparison. As shown in Tab. [I] we found that our StyleTailor consistently outperforms the baseline
across the board through quantitative analysis. The improvement in Style Consistency suggests that the item-level and
outfit-level negative feedback integrated into the Designer module effectively enhances the alignment between textual
descriptions and generated images. Furthermore, the gains observed in the Visual Quality and Face Similarity metrics
indicate that the try-on negative feedback within the Consultant module contributes by filtering out implausible results
during generation.

The evaluation conducted by the VLM Artist reflects an overall assessment of the generated outputs, demonstrating that
our method aligns more closely with general aesthetic preferences compared to the baseline. On the other hand, we
report the corresponding score change tendency of our multi-level negative feedback in Fig. [5] It showcases that the
metrics for all negative feedback exhibit a consistent increase over successive iterations. This pattern, when viewed
from the standpoint of the execution process, substantiates the efficacy of our negative feedback mechanism.

4.4 Diversity

This section aims to demonstrate the adaptability and transferability of our method across complex and diverse tasks.
For the user images, we selected images of different genders, various body part presentations, and some celebrities.
Regarding users’ preferences, we employed descriptions of different styles (e.g., cyberpunk, pirate, vacation, outdoor
military). As illustrated in Fig. ] our method produced highly adaptive results and performed well across these
variations.

4.5 Ablation Study

We conduct ablation experiments by respectively removing the proposed negative feedback from our full configurations,
as depicted in Tab. [} We assess the outputs using the metrics proposed above, analyzing the contribution of each
negative feedback.

Effect of Item-level Negative Feedback. The experiment demonstrates the crucial role of Item-level Negative Feedback
in our framework. Removing this component results in a significant decrease in Style Consistency (from 0.906 to 0.697)
and VLM Artist score (from 8.60 to 8.41), confirming that this feedback is essential for accurately aligning garment
retrieval with user style preferences.

Effect of Outfit-level Negative Feedback. The results of w/o Outfit-level Negative Feedback show that the outfit-level
feedback is key for ensuring the overall coherence of multi-garment ensembles. Removing this component leads to
significant decreases in Style Consistency (0.906 to 0.688) and VLM Artist score (8.60 to 8.16), indicating that outfit-level
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Figure 5: The score changes w.rt. iterations activated by corresponding negative feedback. The consistent improvements
demonstrate the effectiveness of our hierarchical negative feedback mechanism.

feedback is crucial for optimizing the global harmony of recommended outfits, complementing the fine-grained control
provided by the item-level feedback.

Effect of Try-on-level Negative Feedback. Tab.[I|demonstrates that when Try-on-level Negative Feedback is removed,
both Visual Quality (from 0.764 to 0.708) and Face Similarity (from 0.544 to 0.351) experience their most significant
declines across all ablations, confirming that high-level feedback at the try-on stage is essential for maintaining clothing
fidelity and minimizing unintended facial changes in the generated results. Unlike item- or outfit-level feedback, which
primarily refines garment retrieval and global style, this feedback directly supervises the generative model, ensuring
both the realism and identity preservation in the final synthesized images. Accurate and realistic virtual try-on results
are essential for enabling users to objectively and reliably evaluate how garments and accessories will actually appear
when worn, thereby supporting more informed fashion decisions.

5 Conclusion

In this paper, we present StyleTailor, the first agent framework to integrate fashion design, shopping recommendation,
and virtual try-on within a unified system. Furthermore, we introduce a multi-level negative feedback mechanism,
which enables the agent to continually enhance its reasoning capabilities and iteratively refine its outputs. To ensure
comprehensive performance assessment, we propose a set of evaluation metrics tailored to the unique challenges of
personalized fashion styling. Extensive experiments demonstrate that StyleTailor offers substantial application potential
in real-world scenarios. The effectiveness and impact of our framework are expected to further expand, opening new
directions for intelligent, user-centric fashion and beyond.
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Appendix

A Dataset Creation Details

Dataset creation requires both inclusiveness and practicality. In our elementary experiments, we have noticed that
FLUX.1 Kontext, our base model, has a tendency to generate parts of the hidden human body despite not being explicitly
asked to. Therefore, a prominent aim of the dataset should be accounting for this phenomenon. To achieve this, we
design the dataset to include both images with shown and hidden faces and those with a full body view and with some
parts missing. Regarding the generation process of text input, it is generally a laborious but not a difficult task. After
some deliberation, we notice that nearly all requests can be classified into three types:

* Specific. Specific prompts call for a specific combination of garments. For example, “I want to wear a white
T-shirt and blue jeans.” This type of prompt is the most common and the expected usage of our pipeline.

* Referential. This type of prompt relies on referencing existing combinations or character designs. For
example, “I want to be like Harry Porter.” Finding reference is also a common method for people to consider
their dress code; therefore, similar requests should be represented in the dataset.

* Vague. Though previously improbable to synthesize, due to the ever-enhancing capabilities of base models,
our agent should aim to achieve, to a degree, the capability of coping with requests similar to “I don’t know
what to wear.” Therefore, this type of prompt should also be somewhat represented.

After deciding on the categories and their respective definitions, it is not difficult to instruct modern LLMs to generate
ideal text after prompting the models with a limited set of examples. We performed thorough manual examinations on
the generated prompts and have come to the conclusion that the text data is satisfactory.

The specific prompt for instructing the LLM to generate text is as follows:

S Prompt: Dataset Creation

You are a dataset generator that generates high-quality sample requests for a virtual try-on system. You should
output in JSON and follow the following format:

{

"idq": 1, 2, 3...,
"request": YOUR REQUEST
+

Template

1. You need to generate requests for certain garments for the virtual try-on system to pick and apply to an
image. For example, "I want to wear a white T-shirt" is a valid request.

2. The data should be comprised of 32 entries for both men and women and include 3 categories, specific,
referential and vague.

3. Specific samples should be the majority, calling for a certain composition of garments. Example: "I want a
blue shirt, black pants and a white hat."

4. Referential samples should refer to an existing character, occupation, etc. Example: "I want to dress like
Harry Porter."

5. Vague samples should be requesting the system to do the decision based on some abstract hints. Example:
"Just give me something cute."

Now output your dataset for men and women separately.

U

We have also included the dataset generated using the above method in the supplementary materials.

J
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B Implementation Details

B.1 Implementation Overview

The experiments were conducted on a machine with version Ubuntu 22.04, equipped with an NVIDIA RTX 6000 Ada
GPU. The clothing categories currently supported in the experiments are: upper body garment, lower body garment,
dress, shoes, hat, glasses, belt and, scarf.

B.2 Designer’s Implementation

B.2.1 Style Interpreter’s Implementation

In the outfit-level negative feedback, we have prepared four expert systems, each centered on claude-sonnet-4, gemini-
2.5-pro, llama-4-maverick, and gwen-vl-max in sequence. The threshold w for the outfit-level is 0.65

B.2.2 Shopping Advisor’s Implementation

During the search engine call, we use the Google Custom Search API, setting the search scope to four online shopping
sites—Amazon, Taobao, Walmart, and Etsy and limiting each search to return 10 images. We then set the item-level
negative feedback trigger thresholds 7 for the following garment categories: upper body garment, lower body garment,
dress, shoes, hat, glasses, belt, and scarf to [0.7,0.7,0.7,0.6, 0.6, 0.6, 0.6, O.G}T. What’s more, we set the item-level
negative feedback mechanism VLM for providing suggestions as gwen-vI-max.

B.3 Consultant’s Implementation

We use FLUX.1.Kontext as the backbone model in virtual try-on and generate 3 images per inference. On the NVIDIA
RTX 6000 Ada GPU, each inference takes about 2 minutes. We set the try-on-level negative feedback trigger thresholds
o for the following garment categories: upper body garment, lower body garment, dress, shoes, hat, glasses, belt, and
scarf to [0.7,0.7,0.7,0.5,0.5, 0.6, 0.6, O.G}T. Furthermore, we set the try-on-level negative feedback mechanism VLM
for providing suggestions as gwen-vil-max.

B.4 Critic’s Implementation

In the VLM Artist module, the VLM we use is gwen-vl-max.

C More Analysis

C.1 Efficiency Anaylysis
C.1.1 Designer’s Efficiency

We assume that each time we find three garments for the user. Therefore, in the Designer module, the runtime of an
expert system is the time spent querying the VLM plus the time required for four search engine calls and downloading
the corresponding garment images. The time for a single VLM call is about 10 seconds, and the time for a single
search engine call and image downloading is 25 seconds. Furthermore, in the Shopping Advisor, the item-level negative
feedback mechanism leads to an additional average of 0.6 searches, along with 0.6 additional queries to the VLM. The
expert system is called an average of 1.8 times, so the average runtime of the Designer module is:

Tesigner = 1.8 X [104 3 x (1.6 x 25 4 0.6 x 10)] = 266.4s ~ 4.44min

C.1.2 Consultant’s Efficiency

We further assume that there are also three garments for the virtual try-on process, with each try-on taking 2 minutes.
Due to the outfit-level negative feedback mechanism, the system performs an additional 0.4 try-ons on average, along
with 0.4 additional queries to the VLM. Thus, the average runtime of the Consultant module is:

Teonsuttant = 3 % (1.4 x 2 x 60 + 0.4 x 10) = 5155 ~ 8.6min
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C.1.3 Overall Efficiency

In the critic module, two additional VLM calls are required, which take 20 seconds in total (7 ,;+;.). Therefore, the
total average time for one round of inference and testing is:

Toverall = Tdesigner + Teonsultant + Teritic = 266.4 + 515 + 20 = 801.4s ~ 13.36min

C.2  Cost Analysis

The VLMs we use — claude-sonnet-4, gemini-2.5-pro, llama-4-maverick, and gwen-vl-max — are all from the
OpenRouter platform, and the search engine calls are made using the official Google API. Therefore, our cost analysis
is based on the OpenRouter’s API pricing and the Google Custom Search API pricing as of August 2025.

C.2.1 Designer’s Cost

According to the Efficiency Analysis section, assuming three garments are generated, this module requires 8.64 queries
for the search engine, 3.24 calls to the VLM (gqwen-vi-max) for the item-level negative feedback and 1.8 queries to the
VLMs (mixture of claude-sonnet-4, gemini-2.5-pro, llama-4-maverick, and gwen-vl-max) for the outfit-level negative
feedback. When calculating the cost of outfit-level negative feedback, we assign weights w = (0.4,0.3,0.2,0.1) T to
each component according to the order in which they are called. Therefore, the cost of a single call triggered by the
outfit-level negative feedback is:

4 4 4
!/ !/ !
( input? C()utput B} Cimage) = E w; Cinputi ) E wj Coulputi 9 E w; Cimagei
i=1 i=1 i=1

_ (1.685USD 9.44USD 3.704 USD
~ \_ M tokens ' M tokens’ K imgs

During the item-level negative feedback, 460 tokens and one image are taken as input and 10 tokens are taken as output.
During the outfit-level negative feedback, 1060 tokens and one image are taken as input and 40 tokens are taken as
output. Thus the cost of Designer module is as follows:

Cdesigner = 8.64 x Csearch +3.24 x (460 X C’input +10 x Coutput + Cimage)
+ 1.8 x (1060 X Cippue + 40 X Cypur + Cimage)

image

+3.24 % (460 W 08 32 1.024>

— 8.64
8.64 x 1000000 * 1000000 1000

1.685 9.44  3.704
—— +40 x +
1000000 1000000 1000

= 0.0432 + 0.004614 + 0.010562 = 0.058376 USD = 0.058 USD

1000

+ 1.8 x (1060 X

C.2.2 Consultant’s Cost

According to the Efficiency Analysis section, assuming three garments are generated, this module requires 1.2 queries
to gwen-vl-max. The input per query consists of approximately 500 tokens and two images, with an output per query of
10 tokens, so the cost is:

Cconsultant =12x (500 X C(inpul + 10 x C1oulpul +2 X C’image)

0.8 3.2 1.024
— 1.2 T T IR B SV i
x (500 * T000000 T 1% To00000 T2 % 1000)

= (0.002976 USD ~ 0.003 USD
C.2.3 Critic’s Cost

In the critic module, two additional VLM calls to gwen-vil-max are required. The first VLM for Style Consistency
requires about 440 tokens and one image as input and 10 tokens as output, while the second for VLM Artist requires
about 780 tokens and one image as input and 20 tokens as output. Thus, the cost is:
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Ccritic — Cl + C(2
= (440 + 780) X Cinpur + (10 4+ 20) X Couput + 2 X Cimage
0.8 3.2 1.024
— 1220 X —— 0 2
0> To00000 2 * 1000000 T2 To00
— 0.003088 USD ~ 0.003 USD

C.2.4 Overall Cost

Thus, the overall cost is the total of the designer’s cost, the consultant’s cost and the critic’s cost.

C= Cdesigner + CYconsultant + Ccrilic
= 0.058 + 0.003 + 0.003 = 0.064 USD

D Limitations and Future Work

Since this work adopts a training-free approach, the overall performance relies on the capabilities of the pre-defined
models within the system. Currently, the limitations of VLM performance are also reflected in our system. However,
from another perspective, as VLMs continue to evolve and improve, the performance of our system will also keep
advancing. Furthermore, our framework can incorporate additional considerations, such as price, clothing size, and
other factors. These can be integrated into user preferences or used as constraints to prune the search process, enabling
more powerful and flexible functionalities.

E Prompt Templates

E.1 Designer’s Prompt

E.1.1 Style Interpreter’s Prompt

When invoking the first expert, the prompt provided to the VLM within the expert is as follows:

S Prompt: Initial Sequential Expert System Query

System Prompt:

You are a clothing prompt generator that converts user clothing requests and their full-body images given to you
into detailed text2image prompts for training data generation. You must analyze the user’s physical attributes such
as gender, ethnics, build, etc. and mix in the user’s requests in text to choose suitable clothes for them. You have to
follow specific format requirements.

Your Task:

1. Analyze the user’s clothing description and full-body image
2. Your ONLY output must be a single, valid JSON string.
3. Generate a detailed prompt in JSON format that describes:

* The requested clothing with rich detail following the template: [style (informal/formal/comic, etc.)],
[color],[pattern (dots/stripes, etc.)], [build (slim/wide, etc.)], [texture (wool/silk/artificial, etc.)], [other
important details]

 Technical specifications for consistent generation
¢ Clothing type classification
* You can choose the style from [formal, informal, mode, natural, rock, street, retro, casual, conservative,
ethnic, comic]
4. Extract clothing details including fabric types, fit, color, style category, and decorations

5. Classify as either "upper body" plus "lower body" or "dresses". Then identify if there are "shoes", "hat",
"glasses", "belt" or "scarf" existing.
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6. Output a simple tagged description that could be used to search for the required clothes in online shops.
Tags should include descriptions about design details like:

» Color and texture (global features) design

* Collar and sleeve (large features) design

» Button or zipper (small functional features) design
* Style and decorative features

 Other valid design tags such as size for hats and heels for shoes for each type of garment you are
asked to generate

7. Also include a shortened, integrated version of the description required.
Template:
1. Analyze the user’s clothing description: " user clothing description "
2. Examine the provided full-body image to understand physical attributes
3. Generate detailed clothing prompts in Mandarin Chinese following the format requirements
4

. Your output MUST BE a single, valid JSON string. Do NOT include any additional text, explanations, or
markdown code blocks (e.g., json)

5. The JSON structure should be exactly as follows:
{

"category": [a list of all valid categories that you see from "upper body",
— "lower body", "dresses", "shoes", "hat", "glasses", "belt" or "scarf"],
"prompts": {
"gender": "[MUST HAVE the person's gender, man / woman]",
"upper body": "[MUST HAVE tagged upper garment description IN ENGLISH if
< you see upper and lower clothes else emptyl",
"upper body short": [MUST HAVE shortened version of the description of
— upper body IN ENGLISH if you see upper + lower clothes else emptyl,
"lower body": "[MUST HAVE tagged lower garment description IN ENGLISH if
< you see upper + lower clothes else emptyl",
"lower body short": [MUST HAVE shortened version of the description of
<~ lower body IN ENGLISH if you see upper + lower clothes else empty],
"dresses": "[MUST HAVE tagged dress description IN ENGLISH if category is
< dress else empty]",
"dresses short": [MUST HAVE shortened version of the description of
— dresses IN ENGLISH if category is dress else empty],
"shoes": "[tagged shoes description IN ENGLISH if you see shoes else
< emptyl",
"shoes short": [shortened version of the description of shoes IN ENGLISH
— if you see shoes else emptyl],
"hat": "[tagged hat description IN ENGLISH if you see hat else emptyl]",
"hat short": [shortened version of the description of hat IN ENGLISH if
< you see hat else empty],
"glasses: "[tagged glasses description IN ENGLISH if you see glasses else
< emptyl",
"glasses short": [shortened version of the description of glasses IN
— ENGLISH if you see glasses else empty],
"belt": "[tagged belt description IN ENGLISH if you see belt else emptyl",
"belt short": [shortened version of the description of belt IN ENGLISH if
< you see belt else emptyl],
"scarf": "[tagged scarf description IN ENGLISH if you see scarf else
— empty]",
"scarf short": [shortened version of the description of scarf IN ENGLISH
— 1if you see scarf else empty]
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6. Each full length prompt section should include gender preference, type, design, build and other valueable
details in short phrases and should end with HD, no model.

7. YOU MUST INCLUDE THE TYPE OF CLOTHES TO SEARCH like shirt, T-shirt, jeans, pants,
dress, skirt or something else.

8. Examples are given below:

* For upper body: "Men’s, white, 100 percent cotton, mandarin collar, long sleeves, formal shirt, loose
cut, chest pocket, HD, no model."

* For upper body short: "long-sleeved mandarin collar white shirt with a pocket."

* For lower body: "Women'’s, dark blue, denim, high-waisted, straight-leg jeans, slim cut, distressed
detailing, HD, no model."

¢ For lower body short: "blue high-waist long straight-leg jeans with details."

* For dresses: "Women'’s, pink, silk, pleated, slim cut, short tail, chequered decor, HD, no model."

* For dresses short: "pink silk pleated dress."

9. Always ensure valid JSON output

10. "upper body" + "lower body" or "dresses" and their shortened version are MUST HAVES. Other categories
are optional depending on the image

User clothing request: user clothing description

Now consider the given image of their portrait given alongside their requests.
Jinja Args:

- user clothing description )

(&

When the output result of the previous expert is unsatisfactory, the prompt provided to the VLM of the next expert is as
follows:

S Prompt: Outfit-level negative feedback

System Prompt: You are a clothing prompt generator that converts user clothing requests and their full-body
images given to you into detailed text2image prompts for training data generation. You must analyze the user’s
physical attributes such as gender, ethnics, build, etc. and mix in the user’s requests in text to choose suitable clothes
for them. You have to follow specific format requirements.
Your Task:

1. Analyze the user’s clothing description and full-body image

2. Your ONLY output must be a single, valid JSON string.

3. Generate a detailed prompt in JSON format that describes:

 The requested clothing with rich detail following the template: [style (informal/formal/comic, etc.)],
[color], [pattern (dots/stripes, etc.)], [build (slim/wide, etc.)], [texture (wool/silk/artificial, etc.)],
[other important details]

* Technical specifications for consistent generation
* Clothing type classification
* You can choose the style from [formal, informal, mode, natural, rock, street, retro, casual, conservative,
ethnic, comic]
4. Extract clothing details including fabric types, fit, color, style category, and decorations
5. Classify as either "upper body" + "lower body" or "dresses". Then identify if there are "shoes", "hat",
"glasses", "belt" or "scarf" existing.
6. Output a simple tagged description that could be used to search for the required clothes in online shops.
Tags should include descriptions about design details like:
» Color and texture (global features) design
* Collar and sleeve (large features) design
* Button or zipper (small functional features) design
 Style and decorative features
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 Other valid design tags such as size for hats and heels for shoes for each type of garment you are
asked to generate

7. Also include a shortened, integrated version of the description required.
Template: Instructions:
1. Analyze the user’s clothing description: " user clothing description "
2. Examine the provided full-body image to understand physical attributes
3. Generate detailed clothing prompts in Mandarin Chinese following the format requirements
4. Your output MUST BE a single, valid JSON string. Do NOT include any additional text, explanations, or

e

markdown code blocks (e.g., “‘json).
5. The JSON structure should be exactly as follows:

{
"category": [a list of all valid categories that you see from "upper body",
— "lower body", "dresses", '"shoes", "hat", "glasses", "belt" or "scarf"],
"prompts": {
"gender": "[MUST HAVE the person's gender, man / woman]",
"upper body": "[MUST HAVE tagged upper garment description IN ENGLISH if
< you see upper + lower clothes else emptyl",
"upper body short": [MUST HAVE shortened version of the description of
— upper body IN ENGLISH if you see upper + lower clothes else emptyl,
"lower body": "[MUST HAVE tagged lower garment description IN ENGLISH if
< you see upper + lower clothes else emptyl",
"lower body short": [MUST HAVE shortened version of the description of
< lower body IN ENGLISH if you see upper + lower clothes else emptyl],
"dresses": "[MUST HAVE tagged dress description IN ENGLISH if category is
— dress else empty]",
"dresses short": [MUST HAVE shortened version of the description of
— dresses IN ENGLISH if category is dress else empty],
"shoes": "[tagged shoes description IN ENGLISH if you see shoes else
— emptyl",
"shoes short": [shortened version of the description of shoes IN ENGLISH
— if you see shoes else empty],
"hat": "[tagged hat description IN ENGLISH if you see hat else empty]",
"hat short": [shortened version of the description of hat IN ENGLISH if
< you see hat else empty],
"glasses: "[tagged glasses description IN ENGLISH if you see glasses else
— emptyl",
"glasses short": [shortened version of the description of glasses IN
— ENGLISH if you see glasses else empty],
"belt": "[tagged belt description IN ENGLISH if you see belt else empty]",
"belt short": [shortened version of the description of belt IN ENGLISH if
— you see belt else emptyl],
"scarf": "[tagged scarf description IN ENGLISH if you see scarf else
— empty]",
"scarf short": [shortened version of the description of scarf IN ENGLISH
— if you see scarf else empty]
}
}

6. Each full length prompt section should include gender preference, type, design, build and other valueable
details in short phrases and should end with HD, no model.

7. YOU MUST INCLUDE THE TYPE OF CLOTHES TO SEARCH like shirt, T-shirt, jeans, pants,
dress, skirt or something else.

8. Examples are given below:

* For upper body: "Men’s, white, 100 percent cotton, mandarin collar, long sleeves, formal shirt, loose
cut, chest pocket, HD, no model."
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* For upper body short: "long-sleeved mandarin collar white shirt with a pocket."

* For lower body: "Women'’s, dark blue, denim, high-waisted, straight-leg jeans, slim cut, distressed
detailing, HD, no model."

* For lower body short: "blue high-waist long straight-leg jeans with details."

* For dresses: "Women'’s, pink, silk, pleated, slim cut, short tail, chequered decor, HD, no model."

* For dresses short: "pink silk pleated dress."

9. Always ensure valid JSON output

10. "upper body" + "lower body" or "dresses" and their shortened version are MUST HAVES. Other categories
are optional depending on the image

User clothing request: user clothing description
In addition, here are some examples where the user is not satisfied about. Please use them as reference and consider
avoiding these answers: negative examples]
Please think carefully and provide your clothing recommendation.
Jinja Args:
- user clothing description
- negative examples
g p Y,

(&

E.1.2 Shop Advisor’s Prompt

When the retrieved image does not meet the requirements, the prompt provided to the VLM for generating negative
feedback on the current image is as follows:

S Prompt: Item-level negative feedback

System Prompt You are part of a garment search system that analyzes search results to identify issues with retrieved
images. Your task is to create abstract negative prompts that prevent similar problems in future searches.
Your Responsibilities:

1. Compare the text description with the retrieved search result image

2. Identify discrepancies between the requested garment and the actual image

3. Focus on abstract, generalizable issues rather than specific details

4. Generate symmetrical positive/negative prompt pairs

5. Return results in valid JSON format with "positive prompt" and "negative prompt" keys
Requirements:

1. Be abstract and generalizable to any search situation

2. Focus on fundamental issues like image quality, garment type accuracy, style matching

3. Avoid overly specific details that won’t apply broadly

4. Ensure positive and negative prompts are complementary opposites

5. Keep prompts under 3 words each

6. YOU SHOULD ONLY GENERATE ONE PAIR OF PROMPTS AT A TIME
Template: Chain of Thought Process:

1. Analyze the text description: What garment characteristics were requested?

2. Examine the search result image: What is actually shown?

3. Identify the primary discrepancy: Is it about image quality, garment type, style, color, or other attributes?

4. Abstract the issue: What general category does this problem fall into?

5. Formulate prompts: Create positive guidance and negative prevention that applies broadly
Example scenarios and outputs:

* Example 1:
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Description: "Shoes, Women's, dark brown, leather, high heels, ankle strap,
< elegant style, HD, no model"
Image: Very low resolution shoes
Issue: Poor image quality
Output:
{
"positive prompt": ["high resolution"],
"negative prompt": ["low resolution"]

}
* Example 2:

Description: "Men's formal shirt, white, cotton, long sleeve"
Image: Women's blouse
Issue: Wrong gender category
Output:
{
"positive_prompt": ["correct gender"],
"negative_prompt": ["wrong gender"]

}
» Example 3:

Description: "Black leather jacket, motorcycle style"
Image: Fabric blazer
Issue: Wrong material and style
Output:
{
"positive prompt": ["correct material'],
"negative prompt": ["wrong material"]

}

Now analyze the provided description and search result image: "user clothing description”

Follow the CoT process above and provide your response in the specified JSON format that hold lists of prompts.
Jinja Args:

- user clothing description )

&

E.2 Consultant’s Prompt

For garment images containing a human body, the input prompt for FLUX.1.Kontext is as follows

= Prompt: Garment with figure for virtual-try-on model

System Prompt: Make the gender on the left side wear the description. Ignore the model wearing the description.
Keep the style and design of the description the same. Special notice to correct the clothes color after you conduct.

Remove the clothes and the right side model from the scene.
Jinja Args:

- gender

- description

For garment images without a human body, the input prompt for FLUX.1.Kontext is as follows

S Prompt: Garment without figure for virtual-try-on model

System Prompt: Make the gender wear the description. Keep the gender’s pose the same. Keep the style and
design of the description the same. Correct the clothes color after you conduct. Remove the clothes from the scene.

Jinja Args:
- gender
- description
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When the post-try-on image does not meet the requirements, the prompt provided to the VLM for generating negative
feedback on the current image is as follows:

S Prompt: Try-on-level negative feedback

1.
2.
3.
4.
5.

1.
2
3
4.
5
6.

System Prompt: You are part of a virtual try-on agent that analyzes user description and Al generated images to
identify issues with Al-generated clothing changes. Your task is to create abstract negative prompts that prevent
similar problems in future generations.
Your Responsibilities:

Compare the original description with the virtual try-on result

Identify discrepancies between the requested clothing description and the generated result

Focus on abstract, generalizable issues rather than specific details

Generate symmetrical positive/negative prompt pairs

Return results in valid JSON format with "positive prompt" and "negative prompt" keys being list items
Requirements:

Be abstract and generalizable to any situation

Focus on fundamental issues like body consistency, garment type accuracy, style matching

Avoid overly specific details that won’t apply broadly
Ensure positive and negative prompts are complementary opposites

Keep prompts under 3 words each

Template: Chain of Thought Process:
Analyze the original description: What might be the person’s key physical characteristics?
. Examine the generated result: What clothing was actually produced?
. Compare with the requested description: "user clothing description”

Identify the primary discrepancy: Is it about garment type, fit, style, color, or something else?
. Abstract the issue: What general category does this problem fall into?
Formulate prompts: Create positive guidance and negative prevention that applies broadly
Example scenarios and outputs:

Example 1:

Description: "women's dress"
Generated: Man in dress
Issue: Gender inconsistency

Output:
{
"positive_prompt": ["consistent gender"],
"negative_prompt": ["inconsistent gender"]
}
Example 2:

Description: "formal blazer"
Generated: Person in casual hoodie
Issue: Formality level mismatch
Output:

{

"positive_prompt": ["correct formality", "correct style"],

"negative_prompt": ["wrong formality", "wrong style"]
}
Example 3:
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Description: "blue hat"
Generated: Person in red hat
Issue: Color mismatch
Output:
{
"positive_prompt": ["blue"],
"negative_prompt": ["not blue"]

}

Now analyze the provided image and clothing description: "user clothing description"
Follow the CoT process above and provide your response in the specified JSON format.
Remember to comment on the garment that loosely corresponds to the description. Be generally ABSTRACT but
you can also comment on any detailed discrepancies.
Jinja Args:

- user clothing description

(S

J

E.3 Critic’s Prompt

In this section, the Style Consistency metric requires a VLM to extract the physical appearance features of the user
image (excluding garments).

S Prompt: VLM Artist

System Prompt: You are a person description generator that analyzes full-body images to extract detailed physical
and facial attributes for Al clothing change evaluation metrics.
Your task:

1. Analyze the user’s full-body image to extract comprehensive physical attributes
2. Generate a detailed description that focuses on:
* Facial features and characteristics
* Body proportions and physical build
* Pose and positioning
 Skin tone and hair details
 Overall appearance markers for consistency tracking
3. Ignore all clothing items and accessories
4. Output detailed physical description in natural English
5. Maintain 50-100 words for consistent evaluation
6. Use proper XML tags to enclose description sections
Template: Instructions:
1. Examine the provided full-body image to identify:

* Facial structure: round, oval, square, heart-shaped, angular, etc.

» Eye characteristics: size, shape, color if visible, eyebrow shape

* Nose features: size, shape, bridge characteristics

* Mouth and lip features: size, shape, expression

* Hair: color, length, texture, style, hairline

¢ Skin tone: fair, medium, olive, tan, dark, etc.

* Body proportions: height indicators, shoulder width, waist-to-hip ratio
* Build: slim, athletic, curvy, stocky, muscular, petite, etc.

* Pose: standing position, arm placement, leg stance, body angle

* Overall physique and distinctive features

2. Generate comprehensive person description excluding all clothing and accessories
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Output in the following format in English: <person description>A [ethnicity] [gender] with [facial struc-
ture] face shape, [eye description], [nose description], [mouth description], [hair description], [skin
tone] complexion, [height build description], [body proportions], [pose description], [distinctive phys-
ical features], full body visible, natural pose, clear facial features, consistent person identity</person
description><evaluation focus>[facial/body/pose]</evaluation focus>

Ensure description is 50-100 words in length
Use <evaluation focus >facial </evaluation focus >for: primarily face-focused analysis

Use <evaluation focus >body </evaluation focus >for: body proportion and build focus

Use <evaluation focus >pose </evaluation focus >for: posture and positioning focus

J

Besides, the VLM Artist metric requires a VLM for evaluation. The following is its prompt.

S Prompt: VLM Artist

System Prompt: You are a fashion and garment aesthetics evaluator that analyzes clothing and styling in images
of people wearing garments. Your focus is exclusively on the clothing design, fit, styling, and overall aesthetic
coherence.

Your Task:

1.

. Assess how well the garments work together as a cohesive outfit.

. Comment on the mood, style, and visual impact of the clothing.

. Never comment on the person’s physical appearance, body, or personal attributes.
. Focus solely on the garments, their design, fit, and styling choices.

N0 U AW

8.
Template:
1.

2
3.
4.

Analyze the garment(s) and styling in the provided image.
Evaluate clothing design elements, fit quality, and aesthetic appeal.

Provide constructive fashion analysis with ratings and comments.

Output your evaluation in valid JSON format.

Instructions:

* Garment design: silhouette, cut, structure, design details

 Color palette: harmony, contrast, seasonal appropriateness

 Fabric and texture: quality appearance, drape, finish

* Fit assessment: how well garments conform to the wearer’s form

* Style coherence: how pieces work together thematically

* Styling choices: layering, proportions, styling techniques

* Mood and aesthetic: casual, formal, edgy, romantic, minimalist, etc.
¢ Overall visual impact and fashion-forward appeal

Focus exclusively on clothing and styling - avoid any personal commentary.
Rate each category from 1-10 (1 = poor, 10 = excellent).
Criteria for each category.

* Detailed description of each score for design rating:
1: Impossible to make
2: Very bad design choice
3: Bad design choice such as improper material usage
4: Minor design issue
5: Accpetable but not good
6: Decent design with no mistakes
7: Good design with highlights such as inspiring cut
8: Very good design with innovations
9: Award-winning and impressive design
10: Masterclass in garment designing
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¢ Detailed description of each score for fit rating:
: Unwearable
: Very bad fit
: Bad fit such as incorrect body ratio
: Minor fitting issue
: Accpetable but not good
: Correct fit with no mistakes
: Good fit with beautiful wearer presentation
: Very good fit with innovations
: Near perfect fit
10: Appears custom tailored with perfect fit
* Detailed description of each score for coherence rating:
: Not a set at all
: Very bad coherence
: Bad coherence such as mismatched formality
: Minor coherence issue
: Accpetable but not good
: Decent coherence with no mistakes
: Good coherence with the set looking natural and complete
: Very good coherence with innovations
: Great set that seems designed as a whole
10: Awesome set that shines on a grand stage
* Detailed description of each score for mood rating:
: Impossible to understand
: Very bad mood control
: Bad garment mood that can not fulfil its purpose
: Minor mood issue
: Accpetable but not good
: Decent mood control with no mistakes
: Good mood building with generally memorable visuals
: Very good mood building
: Great mood and atmosphere that impacts the eye
10: Awesome mood building that feels real and immersive

5. Output in the following JSON format:
{

"design": "Analysis of individual pieces including silhouette, cut, design
— elements, fabric appearance, and construction quality",

"design rating": 1-10,

"fit": "Evaluation of how well the garments fit the wearer's form, including
— proportion balance and silhouette enhancement",

"fit rating": 1-10,

"coherence": "Assessment of how the pieces work together as a complete outfit,
— 1including color harmony, style consistency, and thematic unity",
"coherence rating": 1-10,

"mood": "Description of the overall mood, style category, and visual impact
— created by the clothing ensemble",

"mood rating": 1-10,

"overall comment": "Summary of the outfit's strengths and areas for

— improvement, focusing on the complete aesthetic package",

"overall rating": 1-10

}

6. Ensure comments are concise but informative (50 words each).

NelleBEN lo NV I - RO I NS NN lo NV I SNROS I S

Nello RN lo NV I ROV S e

7. Opverall rating should reflect the average of individual ratings.
8. Focus on constructive analysis that evaluates fashion merit.
Below is the image to comment on:

(&
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