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Fig. 1: GarmentAligner is capable of producing high-quality garment images accurately
depicting the quantity and spatial alignment of components specified in the provided
captions.

Abstract. General text-to-image models bring revolutionary innovation
to the fields of arts, design, and media. However, when applied to garment
generation, even the state-of-the-art text-to-image models suffer from
fine-grained semantic misalignment, particularly concerning the quan-
tity, position, and interrelations of garment components. Addressing this,
we propose GarmentAligner, a text-to-garment diffusion model trained
with retrieval-augmented multi-level corrections. To achieve semantic
alignment at the component level, we introduce an automatic compo-
nent extraction pipeline to obtain spatial and quantitative information
of garment components from corresponding images and captions. Subse-
quently, to exploit component relationships within the garment images,
we construct retrieval subsets for each garment by retrieval augmenta-
tion based on component-level similarity ranking and conduct contrastive
learning to enhance the model perception of components from positive
and negative samples. To further enhance the alignment of components
across semantic, spatial, and quantitative granularities, we propose the
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Fig. 2: The failures of state-of-the-art text-to-image model Midjourney in the text-to-
garment task. The misalignment is primarily attributed to the quantities and spatial
positions of components, thereby making it difficult to generate garments that meet
the expected fine-grained details.

utilization of multi-level correction losses that leverage detailed compo-
nent information. The experimental findings demonstrate that Garmen-
tAligner achieves superior fidelity and fine-grained semantic alignment
when compared to existing competitors.
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1 Introduction

Text-to-garment generation, as one of the downstream tasks of text-to-image
generation [24, 29, 31], has emerged as a promising technology in the field of
computer vision, offering the potential to revolutionize the fashion industry by
providing creative inspirations and accelerating the design process.

Despite the rapid developments in general text-to-image models [24, 29, 31],
adapting these advanced models for garment generation tasks presents significant
challenges. On the one hand, the visual semantics in the fashion domain signif-
icantly differ from those in general text-to-image generation. Garment captions
possess specific textual structures and professional modifiers. Existing text-to-
image models [24, 29, 31] struggle to achieve high consistency between textual
descriptions and the generated garment images, as illustrated in Fig. 2. While
some methods for garment generation [11,33,37,43,44] to capture the semantic
structure of garment captions, thereby partially alleviating textual disparities,
achieving fine-grained alignment still remains challenging. On the other hand,
garment components, as crucial elements within garments, encompass distinct
attributes and intricate interconnections, posing a challenge in the accurate gen-
eration of authentic garment images that satisfy the diverse requirements of
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Fig. 3: The illustration of misalignment is addressed by retrieval-augmented con-
trastive learning. By assimilating insights from positive and negative samples retrieved
via component-level similarity ranking, the model enhances its perception of compo-
nent relationships.

these components. While several existing methods [37, 41, 43, 44] emphasize the
importance of garment components, they primarily focus on the visual semantic
aspect, neglecting the exploration of more extensive details such as component
positioning and quantity.

Our key insight is to explore semantic information at various levels within
garment images and their corresponding captions to enhance the overall quality
and fine-grained details of generated garment images. To realize this objective,
we initially devise an automated component extraction pipeline aimed at re-
trieving spatial and quantitative information of garment components from the
associated images and captions. Nevertheless, optimizing the model directly us-
ing text-image pairs falls short of fully exploiting component-level information.
This limitation confines the model to comprehend garment semantics solely at
a holistic level.

To address this issue, we propose a training strategy integrating retrieval-
augmented multi-level corrections to effectively adapt the general text-to-image
diffusion model to the text-to-garment generation task. To enhance garment se-
mantics and perception of component relationships, we implement a multi-level
semantic similarity ranking approach for each sample. This approach utilizes
extracted component-level information to construct its retrieval subset. Subse-
quently, pairs of positive and negative samples are extracted from the retrieval
subset for contrastive learning, expanding the available training samples and
learning the inherent relationship between components. The misalignment ad-
dressed by retrieval-augmented contrastive learning is shown in Fig. 3. Addition-
ally, we propose corrections from three perspectives: visual perception, spatial
alignment, and component quantity. Specifically, we utilize the CLIP Score [12]
as the reward function for visual corrections, align spatial positioning using at-
tention maps derived from text-conditioned cross-attention coupled with com-
ponent segmentation, and ensure the generated components match the quantity
specified in captions by conducting component detection during the training
phase. The contributions of GarmentAligner can be summarized as follows:

� GarmentAligner introduces a retrieval-augmented contrastive learning strat-
egy for the text-to-garment generation task, fully leveraging the rich informa-
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tion extracted from garment components to enhance both the optimization
of garment semantics and the perception of component relationships.

� GarmentAligner employs three component-level corrections, addressing vi-
sual, spatial, and quantitative aspects, thereby enhancing the �ne-grained
multi-level alignment of the text-to-garment model.

� Extensive comparative experiments conducted on the CM-Fashion dataset
[43] with existing methods [5, 6, 8, 24, 28, 31, 34, 39, 43, 44] demonstrate the
superiority of GarmentAligner in �ne-grained multi-level semantic alignment
for garment components, and detailed ablation studies validate the e�ective-
ness of di�erent parts of GarmentAligner.

2 Related Work

Text-guided image Generation. Many profound deep generative models [24,
28, 29, 31, 32] have emerged in the �eld of text-to-image generation, especially
large-scale auto-regressive models and di�usion models. In the realm of autore-
gressive models, DALL-E [28] exhibited remarkable zero-shot capability, while
Parti [42] illustrated the potential for scaling up autoregressive models. How-
ever, di�usion models, renowned for their capacity to progressively synthesize
images from random noise, are predominantly favored due to their high diver-
sity and sample quality. Notably, DALL-E 2 [27] operates within the image space
of CLIP [25]to generate images, while Imagen [32] underscores the signi�cance
of leveraging pre-trained language models, employing a frozen T5 encoder [26].
The latent di�usion model [31] advocates encoding images with an autoencoder
and subsequently utilizing di�usion models to generate continuous feature maps
in latent space, thereby enhancing e�ciency. Improving text-image consistency
and enhancing image quality are fundamental objectives within the text-to-image
generation domain. Numerous techniques have been explored for this purpose,
including textual inversion [9], attention modulation [5], spatial control [1, 35],
and human feedback [16, 36, 38] and so on, all yielding promising results. De-
spite these advancements, persistent �ne-grained semantic imperfections remain
in the generated outputs, particularly regarding the accurate positioning and
quantity of depicted objects.
Garment Generation. As text-to-image generation emerges as one of the most
impressive and promising applications in computer vision, downstream tasks in
various scenarios are also rapidly evolving. Text-to-garment generation, as one of
the downstream tasks, has garnered considerable attention due to its potential
commercial value in the fashion design industry. Some text-to-garment meth-
ods [2,18,19,22,37,41] focus on the generation and manipulation of garments on
human bodies, while others like [11,43,44] directly convert given captions into in-
shop garment images. Most of these methods [2,11,22,33,44] adopt pre-trained
text-to-image latent di�usion model [31] as the backbone, adapting pre-trained
models to the domain of text-to-garment through adjustments to captions or text
embeddings or �ne-tuning the backbone. Some e�orts have focused on the signif-
icance of clothing components. Di�cloth [44] and ARMANI [43] utilize divided
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captions and semantic segmentation of garment images to achieve component-
level alignment. HieraFashDi� [37] partitions hierarchical design concepts to en-
able editing of components of garments worn by models. Fashion-Di�usion [41]
introduces a dataset annotated at the component level. Despite numerous explo-
rations in the domain of text-to-garment generation, results still exhibit gran-
ularity semantic �aws, with spatial positioning and quantity alignment being
particularly severe.
Retrieval Augmentation. Retrieval augmentation is initially introduced to
alleviate out-of-distribution performance degradation in language modeling and
natural language processing. These methods [4,10,14,17] typically employ a re-
triever to extract pertinent documents from an external database, subsequently
employing a generator to reference these documents for prediction. By external-
izing a model's knowledge, retrieval augmentation o�ers advantages in accuracy,
controllability, and scalability. Consequently, many methods have since incor-
porated this mechanism into computer vision tasks. For instance, RAFIC [20]
utilizes retrieval augmentation to enhance few-shot image classi�cation perfor-
mance. RDMs [3] introduce the retrieval-augmented mechanism to di�usion
models by training a conditional generative model through neighbor retrieval and
�exible external conditioning inference. Re-Imagen [7] substitutes KNN neigh-
bors for distance in latent space, allowing retrieved neighbors to consist of both
images and text. RA-CM3 [40] proposes a uni�ed approach to retrieve and gen-
erate any combination of text and images. Inspired by these methodologies,
we implement retrieval augmentation at multiple levels on the text-to-garment
dataset to generate samples for contrastive learning, thereby guiding holistic
perception enhancement within the model.

3 Method

The primary objective of GarmentAligner is to enhance the alignment between
input text prompts and generated garment images across multiple semantic
levels in both holistic perception and �ne-grained semantics. To achieve this,
GarmentAligner integrates pre-trained latent di�usion models [31] as backbones
to exploit their inherent knowledge and �netune the pre-trained text-to-image
backbone with retrieval-augmented multi-level corrections to adapt it to the
text-to-garment generation domain. Besides, an automatic component extrac-
tion pipeline (refer to Sec. 3.1) is adopted to attain in-depth component-level
information from garment images with advanced open-domain detection and seg-
mentation methods [15, 21, 30]. The overview of the proposed training strategy
is depicted in Fig. 4.

The proposed GarmentAligner comprises two key parts:

� A retrieval-augmented contrastive learning approach (refer to Sec. 3.2) to
utilize positive and negative samples retrieved from a subset constructed via
semantic similarity ranking. This approach leverages an extensive sample
pool to enhance the pre-trained model's semantic perception capabilities.
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Fig. 4: The overview of the proposed GarmentAligner. During training, retrieval sam-
ples are systematically constructed, utilizing multi-level semantic similarity ranking
for contrastive learning, with the objective of attaining global perceptual alignment.
Simultaneously, multiple correction losses are employed to re�ne the visual semantics,
spatial positions, and the quantity of garment components, thereby augmenting the
granularity of details.

� Multi-level corrections (refer to Sec. 3.3) to address the de�ciency in �ne-
grained semantic alignment of garment components across perceptual, spa-
tial, and quantitative perspectives.

3.1 Automatic Component Extraction Pipeline

The CM-Fashion dataset [43] consists of images depicting in-shop garments ac-
companied by corresponding textual descriptions. However, these textual de-
scriptions primarily emphasize overall characteristics, lacking detailed component-
level quantity and spatial information. Consequently, models trained on this
data often encounter misalignment issues when tasked with incorporating such
speci�cs, thereby impeding the generation of high-quality garment images.

To attain comprehensive component-level insights, we utilize open-domain
detection and segmentation models on garment images to meticulously identify
and segment garment components. Speci�cally, we initially preprocess garment
images with GroundingDINO [21] to obtain bounding boxes of the targeted com-
ponents. Subsequently, we determine the quantity of each component by counting
these boxes, and the position of each target component is discerned by comput-
ing the geometric center of the boxes. For the segmentation at the component
level, we �rst deploy the garment parsing model [43] for primary segmentation
results. We then apply SAM [15], in conjunction with the garment image and
the acquired boxes, to enhance the segmentation of components not previously
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Fig. 5: The illustration of proposed Retrieval-augmented Contrastive Learning. Re-
trieval for each sample is performed within a randomly selected subset containing N
samples, based on component-level semantic similarity ranking. Subsequently, the re-
trieval outcomes undergo global assessment �ltering to acquire positive and negative
samples for contrastive learning.

addressed by [43]. Finally, we align the information extracted from images with
the textual descriptions to enrich the textual annotations with additional, precise
component-level quantitative and spatial information.

Through this process, we establish a text-to-garment dataset based on the
CM-Fashion dataset [43] comprising garment images, detailed captions, compo-
nent segmentation, position, and quantity information.

3.2 Retrieval-augmented Contrastive Learning

While we have constructed a high-quality text-to-garment dataset, its scale falls
signi�cantly short in comparison to general text-to-image tasks. To address
the issue of data scale, we propose a retrieval-augmented contrastive learning
approach for �ne-tuning the text-to-garment model with even limited avail-
able data. Fig. 5 illustrates the process and details of the proposed retrieval-
augmented contrastive learning.

Given a garment sample, we conduct the retrieval among a random subset
with N samples by semantic similarity ranking. The semantic similarity is com-
puted utilizing extracted information concerning component-level quantity and
semantics. Speci�cally, for a pair of samples(x; y), comprising quantities (qx

i ; qy
i )

and text descriptions (tx
i ; ty

i ) for the i -th component, the similarity score for the
i -th component between(x; y) can be expressed as:

S(x; y; i ) =
1

jqx
i � qy

i j + Jaro(tx
i ; ty

i )
; (1)
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