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Abstract

Effective cross-modal retrieval is essential for applications like information retrieval and recommendation systems,
particularly in specialized domains such as manufacturing, where product information often consists of visual
samples paired with a textual description. This paper investigates the use of Vision Language Models(VLMs)
for zero-shot text-to-image retrieval on fabric samples. We address the lack of publicly available datasets by
introducing an automated annotation pipeline that uses Multimodal Large Language Models (MLLMs) to generate
two types of textual descriptions: freeform natural language and structured attribute-based descriptions. We
produce these descriptions to evaluate retrieval performance across three Vision-Language Models: CLIP, LAION-
CLIP, and Meta’s Perception Encoder. Our experiments demonstrate that structured, attribute-rich descriptions
significantly enhance retrieval accuracy, particularly for visually complex fabric classes, with the Perception
Encoder outperforming other models due to its robust feature alignment capabilities. However, zero-shot retrieval
remains challenging in this fine-grained domain, underscoring the need for domain-adapted approaches. Our
findings highlight the importance of combining technical textual descriptions with advanced VLMs to optimize
cross-modal retrieval in industrial applications.
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1. Introduction

The retrieval of relevant content from databases is a fundamental task crucial for applications like
information retrieval and recommendation systems. Effective retrieval enables efficient access to the
vast amounts of daily generated data, allowing users to quickly find matching information or items [1].

Recent advancements in deep learning, particularly the development of aligned language and visual
representations through contrastive pretraining [2], have significantly improved cross-modal matching
between images and textual descriptions [3]. This progress enables efficient retrieval of visual informa-
tion using text queries and vice versa, opening new possibilities for applications in various domains. In
the manufacturing industry, where vast amounts of data are available in the form of production sample
images, such as those featured in online stores, this capability allows for seamless retrieval of visual
content based on textual descriptions, streamlining search and analysis processes.

Building on our work within the PNRR-funded “Intrecci Digitali” project, this paper focuses on
zero-shot text-to-image retrieval, investigating how manipulating textual queries can enhance the
retrieval accuracy of fabric samples. To conduct our study on text-to-image retrieval in the fabric
domain, we identified a lack of suitable publicly available datasets. To address this, we utilized an
existing fabric image dataset and generated corresponding textual prompts to enable our experiments.
Specifically, we explore the use of MLLMs for automatically generating detailed image descriptions,
allowing for a more robust evaluation of retrieval performance. We consider multiple types of textual
prompts, including freeform and template-based descriptions incorporating fabric-specific attributes.

Our study highlights that to achieve the best retrieval accuracy, it is necessary to use both a technical
attribute-based description and a powerful model that can effectively use such a description.
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Fabric Image

Prompt: \

For the given fabric sample, generate two types of descriptions.

Freeform

Attribute-based template

Here's the required format:

1. Free-form Description: A unique natural description of the fabric.

2. Attribute-based Template: A description using the following
exact template:
"A <texture> fabric with <list of colors>, a <weave type> weave,
<geometric pattern> and < non-geometric motif> patterns, and
<fabric material> material."

Important:

- The <list of colors> should be a sorted list of colors **from

most dominant to least**, based on their visible area in the imw

5 ¢ 7

Response: )

freeform_description: An intricate fabric showcasing a blend of earthy tones and vibrant purples
woven together in a harmonious design.,

attribute_based_template: A textured fabric with beige, purple, and black, a loose weave,
speckled geometric and nature-inspired patterns, and cotton material. )

a) b)

Figure 1: Visualization of our descriptions generation and retrieval process. (a) Shows the input fabric image,
the prompt given to ChatGPT, and the resulting generated description. (b) Displays the Top-5 image retrieval
results using two types of generated descriptions across three models: CLIP, LAION-CLIP, and the Perception
Encoder (PE). R1, R2, etc., indicate the ranked order of retrieved images based on similarity scores.

2. Related Works

Text-to-Image Retrieval The development of VLMs like CLIP [2] has enabled effective cross-modal
retrieval by learning to associate images and text within a shared embedding space. Trained on large-
scale image-text datasets, these models align visual and textual information simultaneously, supporting
tasks such as text-to-image retrieval. Earlier works [4, 5] in fabric image retrieval have primarily focused
on image-to-image retrieval and are often limited to one or two specific attributes (e.g., texture, color).
These approaches struggle with complex fabrics like printed textiles, where texture alone is insufficient
to capture the full visual diversity. Recent advances in multimodal understanding-such as the pipeline
proposed in [6]-demonstrate the effectiveness of combining MLLMs with VLMs for fine-grained visual
reasoning. This integration enhances semantic alignment across modalities, which is crucial for cross-
modal retrieval tasks requiring nuanced interpretation of visual attributes. Only a few recent studies,
such as [7], have explored text-to-image fabric retrieval, proposing a training-based framework that
leverages VLMs (e.g., CLIP [2]). In contrast, this work analyzes the zero-shot performance of VLMs on
domain-specific cross-modal retrieval tasks such as fabric image retrieval, considering multiple visual
attributes. Related analyses, such as [8], have shown that including expressive terms reflecting the
’tone’ of a scene can enhance the alignment between text and image representations in natural images,
suggesting the importance of descriptive richness in query formulation.

3. Analysis of cross-modal fabric retrieval

In cross-modal text-to-image retrieval, the goal is to identify an image in a database that corresponds to a
given text description. Quantitatively evaluating this task requires high-quality data, as each image must
be paired with a description that uniquely distinguishes it from all others. This challenge is particularly
difficult for fabric images due to several factors: the lack of publicly available annotated datasets,
the underrepresentation of fabric images in large-scale VLMs training data, and the inherent visual
similarity among fabric samples, which makes them difficult to describe in a distinctive manner. To
address the missing annotations in fabric image datasets, we introduce an automatic annotation pipeline
that generates two distinct description types using LLMs: freeform natural language descriptions
that describe the fabric holistically, and structured technical descriptions where predefined attribute
templates are populated. In this study, we evaluate three VLMs using both description paradigms on



fabric imagery, determining which combination of textual representation and embedding model proves
most effective for this specific retrieval task.

Dataset. We use the Fabric-Image-Data (FID)'[9], which comprises 12,181 wool fabric images catego-
rized into four splits: lattice (3,128 images), pattern (768 images), solid (4,169 images), and stripe (4,116
images). Each image has a resolution of 420 x 570 pixels. While the original dataset is designed for
fabric image classification, we adapt it for the task of text-to-image retrieval. To support this task, we
generate two types of textual descriptions for each image. The detailed description generation process
and the prompts used are described in the following section.

Description Generation. Descriptions are generated using ChatGPT-40-mini based on the input
prompt shown in Figure 1a. For the ’Attribute-based template’ description, the attributes are selected
from ChatGPT-40-mini’s response to a separate, image-independent prompt: "List the top 5 attributes
to distinguish a fabric image." On average, the model generates each response in approximately 2.6
seconds.

Experimental Setup. We evaluate the retrieval performance of the models using both types of
descriptions. For each model, we first pre-compute and store the image embeddings for all images
in a given split. Then, for each textual description, we extract its text embedding using the model’s
text encoder. We compute the cosine similarity between the description’s embedding and every image
embedding in the split, ranking the results in descending order based on similarity. We report the results
in terms of Hit-Rate @ Rank K (H@QK), where the HQK for each query is 1 if the image corresponding
to the description is among the first K images and 0 otherwise. The final score is computed by averaging
HQK across all descriptions in the split. We report the scores with ranks: 1,5,10, and 20.

Compared Vision-Language Models. We compare three text-image embedding models: the CLIP?[2]
model from OpenAl; LAION-CLIP?, which is a version of the CLIP model trained on LAION2B data[10];
and Perception Encoder?[11], a recent model from Meta for image and text alignment.

Results Discussion. We evaluate the retrieval performance of three pre-trained models (CLIP, LAION-
CLIP, and Perception Encoder) using two types of automatically generated descriptions: free-form
and attribute-based template. Attribute-based descriptions were chosen for their ability to encode
structured, fine-grained visual cues-such as color, weave, and pattern-that are critical for distinguishing
highly similar fabric images. As shown in Figure 2, these structured descriptions lead to consistently
higher retrieval accuracy across all models, with the greatest improvements observed in visually
complex fabric classes like "lattice" and "printed." Among the models, the Perception Encoder delivers
the strongest performance, benefiting significantly from attribute-based inputs. This suggests that
its strong performance is driven by both a large training corpus and the use of intermediate feature
representations, which enhance visual-text alignment through richer embeddings.

4. Conclusions

In this study, we report our findings on using pretrained Vision Language Models for Text-to-Image
cross-modal retrieval on data from the fabric industry. Given the lack of manually annotated data in this
domain, we propose a framework for the automatic labeling of fabric samples via the use of Chat-GPT
to evaluate the performance of Text-to-Image retrieval systems.

Our findings highlight two critical factors for optimizing retrieval accuracy: First, retrieval accuracy
improves substantially when fabric descriptions are technical and structured, incorporating details such
as color, weave type, and patterns, rather than freeform, as evidenced by consistent gains across all
tested models. Second, model choice plays a decisive role: while CLIP, the de facto standard academic
VLM, performs poorly on fabric data even with augmented training (e.g., Laion-CLIP), the Perception
encoder proves more adept at extracting relevant features from structured textual inputs. Nonetheless,
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Figure 2: Retrieval Hit-rate analysis on the four fabric classes of FID. We compare three models: CLIP, LAION-
CLIP, and Perception Encoder, using both Freeform descriptions and an Attribute-based template description.

absolute retrieval accuracy still is limited. Even with the most advanced model and descriptive input,
zero-shot retrieval on fine-grained, domain-specific data such as fabrics remains a challenging task. In
future works, we will continue to explore ways to improve performance in this particular domain.
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