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Abstract. Diffusion models, as a paradigm shift in artificial intelligence, have demon-
strated outstanding capabilities in image processing and modeling, marking a significant
breakthrough in knowledge discovery and visual content creation. However, achieving pre-
cise alignment between textual prompts and the semantic and visual attributes of generat-
ed images remains a key challenge. To address this, we propose a diffusion-based text-to-
image generation framework – AMAC-T2I – that aims to improve fine-grained attribute
control and text-image consistency under textual guidance. The framework consists of
two main components: the Attribute Correction Module (ACM) and the Attribute Repair
Module (ARM). ACM incorporates prior image information via the multimodal encoder
Q-Former, enabling a more targeted and guided generation process. It also uses adver-
sarial loss as supervision to dynamically correct attribute discrepancies. ARM combines
Q-Former with a cross-attention mechanism to effectively extract correspondence features
between text and image and leverages the UNet network to generate category masks and
calculate attention loss. This design addresses attribute omissions and mapping errors,
thereby enhancing the generalization and consistency of generated results. Extensive ex-
periments conducted on two authoritative attribute-level datasets, T2I-CompBench and
DPG-Bench, demonstrate that AMAC-T2I significantly surpasses existing state-of-the-
art methods in attribute alignment accuracy, generation controllability, and text-image
alignment flexibility, highlighting its superior performance and broad application poten-
tial.
Keywords: Diffusion model AMAC-T2I, ACM, ARM, Text-to-image generation, Visual
attributes

1. Introduction. In recent years, diffusion models have made remarkable progress in
the field of text-to-image generation [1]. Compared with earlier approaches such as Gen-
erative Adversarial Networks (GANs) and autoregressive models, diffusion models not
only generate images with higher resolution and richer details but also exhibit significant
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advantages in authenticity and semantic alignment [2,3]. A high-quality generated image
often encompasses a variety of visual attributes, including fine brushstroke textures, care-
fully designed composition, and realistic lighting effects [4,5]. The effective management
and precise expression of these visual attributes are critical, as they not only determine
the aesthetic standard of the image but also significantly enhance its emotional appeal and
persuasive power in real-world applications – ranging from digital art creation and prod-
uct design previews to advertising, self-media modeling, and virtual scene construction
[6-9]. Consequently, enhancing the capacity of diffusion models for fine-grained attribute
control has emerged as a key research challenge in the text-to-image generation domain
[10,11].
At the same time, recent advances in generative models, especially GANs and diffusion-

based frameworks, have achieved impressive performance in tasks such as image recon-
struction, style synthesis, and image enhancement. For instance, Zhao et al. proposed
a GAN architecture with improved batch normalization and feature extraction modules
for image super-resolution, which significantly improves reconstruction quality under low-
resolution settings [12]. Chen et al. developed a local expression diffusion model capable of
synthesizing natural and controllable facial expressions through fine-grained modeling of
local facial regions [13]. Furthermore, Zhao et al. introduced a dehazing GAN for remote
sensing imagery that integrates color feature restoration, achieving superior clarity and
structural consistency in degraded environments [14]. These studies demonstrate the im-
portance of combining architectural innovations with task-specific conditioning strategies
to enhance image generation quality and semantic controllability.
Despite recent progress, existing diffusion models still face limitations in capturing

and expressing fine-grained attributes, such as color, texture, pose, lighting effects, and
artistic styles [5,6]. These attributes are crucial across various real-world applications. For
instance, the realistic depiction of material texture and lighting directly impacts the relia-
bility of design previews, while in art creation, the detailed rendering of brushstroke styles
and color schemes shapes the aesthetic value and visual impact of the work [10,11,15].
Models such as BERT and LSTM, known for their strong sequential modeling and contex-
tual reasoning capabilities, have been integrated into image generation pipelines [16], with
BERT, in particular, widely adopted due to its superior semantic modeling capacity [17].
However, most current diffusion models still struggle with accurate attribute regulation,
often resulting in mismatched or missing attributes in generated images, which limits
their practical utility in areas like advertising, digital art, and film production [10,15].
To address this, some studies have proposed fine-grained attribute control techniques

for specific objects. These methods attempt to systematically analyze how a given object
and its attributes manifest across different contexts, aiming to improve generalization and
control accuracy [18,19]. However, such techniques are often limited to object-attribute
pairs seen during training and exhibit poor generalization to unseen combinations, mak-
ing them difficult to deploy in open-world applications [7]. Other approaches introduce
auxiliary control signals such as style labels, color templates, or spatial layout guidance to
direct the diffusion process [20-22]. Yet, these methods typically work only in predefined
datasets or controlled environments, and their performance degrades significantly when
applied to new or complex scenarios [23,24].
Moreover, many existing methods fail to consider the consistency and divergence of

attribute descriptions across different images. That is, they often neglect the challenge
of accurate attribute matching under multi-scene and multi-attribute conditions, which
leads to attribute mismatches or omissions during generation [25,26]. Some recent research
attempts to mitigate this issue by introducing external knowledge, such as extracting
structured priors from literary texts, knowledge graphs, or large-scale image-text corpora
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[10,15,22,23]. These approaches often explicitly model object-attribute relationships to
enhance attribute comprehension and alignment. However, their dependence on manually
designed matching rules increases system complexity and limits scalability to novel object-
attribute configurations [18,27,28].

With the rapid advancement of Large Language Models (LLMs), recent work has ex-
plored leveraging their semantic reasoning capabilities to decompose complex text prom-
pts into granular visual attributes, which are sequentially grounded during image genera-
tion [6,24]. While this step-by-step conditioning strategy improves global text-image align-
ment, it still suffers from ambiguity and semantic overlap among attributes. Consequent-
ly, errors or omissions in individual attribute expression remain common, limiting the
effectiveness of fine-grained attribute control [25].

To tackle these challenges, we propose a novel framework: AMAC-T2I (Attribute Match-
ing and Attribute Correction for Text-to-Image), which aims to enhance the controllability
of fine-grained attributes and improve text-image alignment consistency in diffusion-based
generation. The framework integrates two key components: the Attribute Correction Mod-
ule (ACM) and the Attribute Repair Module (ARM).

The ACM, inspired by LED [13], introduces a discriminator and adversarial loss on top
of a Denoising Diffusion Probabilistic Model (DDPM) to supervise attribute consistency.
When an attribute mismatch is detected, the discriminator guides the model to dynam-
ically correct discrepancies under adversarial supervision. In addition, ACM leverages a
multimodal encoder (Q-Former) to provide strong image priors, offering reliable guidance
throughout the generation process for more precise attribute alignment.

The ARM module incorporates Q-Former into a cross-attention mechanism to extract
relevant text-conditioned visual features. Based on these features, ARM utilizes a UNet
network to generate fine-grained category masks and calculates an attention-based loss,
enabling the repair of missing or inconsistent attributes. This structure allows flexible
and compositional attribute restoration, enhancing the model’s adaptability across diverse
scenes and tasks.

To comprehensively validate the effectiveness of AMAC-T2I, we conduct extensive ex-
periments on multiple opendomain datasets with diverse attribute types. Results show
that our method outperforms state-of-the-art approaches in attribute accuracy, genera-
tion controllability, and alignment flexibility, demonstrating its potential to drive the next
wave of advancements in text-to-image generation.

Based on the above discussion, we summarize the contributions as follows.
1) A diffusion model for text-to-image generation based on Attribute Matching and

Attribute Correction (AMAC-T2I) is proposed. This model is designed to boost the ac-
curacy of attribute control and improve the consistency of text-image alignment within
text-to-image generation tasks.

2) We bring in the ACM. By leveraging the multimodal encoder Q-Former as prior
image information, we render the generation process more focused and directed. This, in
turn, enhances the precision of text-image attribute alignment. Additionally, adversari-
al loss serves as a supervisory cue, steering the model to dynamically rectify attribute
discrepancies.

3) We incorporate the ARM, which combines Q-Former with a cross-attention mech-
anism for the efficient extraction of text-image correspondence features. By integrating
with the UNet network, it produces category masks and calculates attention loss. This
approach efficiently addresses attribute omissions or discrepancies in the image, thereby
strengthening the model’s generalization capabilities.

4) We conducted comprehensive experimental validation on multiple attribute type
datasets. The results show that our method outperforms existing methods in terms of
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attribute matching accuracy, controllability during generation, and flexibility in text-
image alignment.

2. Related Work.

2.1. Image generation and diffusion model. Diffusion models have made significant
progress in the field of image generation, primarily due to their outstanding generation
capabilities. These models can transform Gaussian noise into clear and detailed images
through a step-by-step denoising process. DDPM (Denoising Diffusion Probabilistic Mod-
el) utilizes this denoising process and is widely applied in various image generation tasks
[1]. Latent diffusion models, developed further based on DDPM, apply score matching
techniques in the latent space of the images, combining cross-attention mechanism con-
trol to significantly enhance the quality and stability of generated images. This approach
not only enhances the generative ability of conventional diffusion models but also show-
cases its superiority in more intricate application scenarios [5].
Additionally, flow models have contributed to further improvements in diffusion models.

By introducing flow matching techniques, flow models enhance the stability of the training
process, avoid common collapse phenomena in generation, and significantly improve the
image synthesis effects. Flow models can also reduce training time while generating high-
quality images, making the models more practical and operable in real-world applications
[29].
At the same time, another line of research focuses on innovations and variations in

the diffusion model architecture. These new architectures improve the performance of
traditional models on large-scale datasets. For instance, diffusion transformers and their
associated variants substitute the U-Net backbone with a transformer architecture. This
substitution offers greater efficiency and enhanced scalability during the processing of large
datasets. These methods not only overcome the computational and memory limitations
of the original architecture but also improve the model’s performance and scalability by
capturing finer details during image generation through optimized attention mechanisms
[30-32].
Furthermore, recent research efforts have brought forward novel image editing methods

that facilitate generation under particular image conditions. Approaches such as Object-
Stitch [33], Paint by Example [34], and AnyDoor [35] leverage the CLIP [36] model. They
utilize images as conditional factors to direct the generation procedure. These methods
combine text and image information and use cross-modal learning to generate images
that meet specific requirements, making the generated images more diverse and accu-
rate. Through this approach, the model can understand the complex semantics within
the images and generate visual content that aligns with specific requirements, thereby
expanding the application scenarios of diffusion models, especially in image editing and
modification.
In animation generation, Animate Anyone [37] introduced an innovative method that

combines reference networks with skeletal structures, allowing image generation to have
a more dynamic feel. This method is particularly suitable for generation tasks that re-
quire skeletal or motion structures. By integrating skeletal structure details sourced from
reference images, it guarantees that the produced images uphold consistent movements
and postures throughout the animation process. This integration significantly boosts the
authenticity and fluidity of the generated images.
However, most existing methods mainly focus on the visual attributes of reference

images, such as identity features and spatial structure. These methods often struggle to
precisely control the style attributes of images.
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2.2. Text to image alignment. Attention-based techniques [27,28,38] primarily focus
on enhancing the attention modules in the UNet architecture. By introducing new atten-
tion mechanisms, these models pay more attention to key regions during image processing,
thereby improving the quality and accuracy of image generation. However, these methods
often require the design of specific heuristic approaches for each misalignment issue, which
adds complexity to their application. Especially when dealing with complex visual tasks,
ensuring that the attention mechanism effectively guides the model to accurately align
images remains a challenge.

Another approach is based on planning techniques, where the layout of the image is used
to guide the generation process. These layouts can come from explicit user input [18,39,40]
or be automatically generated by Large Language Models (LLMs) [39,40]. Through this
method, the generated image can better align with predefined structural requirements.

To enhance the alignment of generated images further, several studies have suggested
strengthening the generation procedure with feedback from image understanding models.
For instance, the use of Visual Question Answering (VQA) models [41] can help select
images that align with the generated content, thereby fine-tuning the diffusion model
to make the generated image better match the expected content. Additionally, [42] intro-
duced Reinforcement Learning (RL) fine-tuning techniques, which optimize the generation
process through general reward signals, further improving image quality and alignment.
Some other research, as cited in [43], has incorporated the backpropagation of the reward
signal within the denoising procedure. By fine-tuning the influence of the reward signals,
this approach aims to enhance both the precision and quality of the images that are
generated.

In contrast to these methods, our approach focuses more on refining each detail in the
generation process and enhancing the generation results through precise control matching
mechanisms.

3. Method. The overall framework is shown in Figure 1. In Section 3.1, we first introduce
the Attribute Correction Module (ACM), followed by the introduction of the Attribute
Repair Module (ARM) in Section 3.2.

Figure 1. Overall framework diagram of AMAC-T2I
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3.1. Attribute Correction Module (ACM). The ACM has the objective of enabling a
pre-trained text-to-image diffusion model to produce images in response to image prompts.
It is composed of a text encoder (BERT) utilized for the extraction of text features, a
diffusion model (DDPM), a discriminator, as well as an adversarial loss. Once the text has
passed through the encoder, the DDPM creates images according to the text. With the
guidance of the discriminator and under the influence of the adversarial loss, the model
rectifies errors in attribute matching.
We present a novel adversarial loss function. It employs the discriminator to differen-

tiate the images which are generated by the diffusion models that have been pre-trained
and fine-tuned. Traditionally, the discriminator typically uses real-world images as input
for real data, but we take a different approach by using images generated by the orig-
inal pre-trained diffusion model (DDPM). This choice is based on a key reason: there
is a significant difference between images generated by the original diffusion model and
real-world images. Directly aligning the image distribution produced by the fine-tuned
diffusion model with the real-world image distribution can pose avoidable difficulties and
challenges during the training phase. Such alignment has the potential to restrict the
quality of the generated images.
In this research, we put forward multiple strategies for optimizing the design of the

discriminator Dϕ with the aim of boosting the model’s performance and elevating the
quality of the generated images. Initially, while the utilization of a pre-trained UNet
can efficiently acclimatize to the domain of the input data, it might cause an excessive
dependence on pre-trained knowledge. This, in turn, restricts the model’s adaptability.
To tackle this problem, we employ transfer learning to conduct fine-tuning on the pre-
trained UNet. This allows the discriminator to modify its parameters in accordance with
the present task, thus enhancing its performance for particular tasks and datasets. This
fine-tuning mechanism not only avoids complete dependence on the pre-trained model’s
weights but also enhances the discriminator’s adaptability to new tasks.
In the fine-tuned discriminator, the loss function is set as the adversarial loss. Its

objective is to differentiate between the latent variables ẑ0 of the images generated by the
initially pre-trained diffusion model and the latent variables ẑ′0 of the images produced by
the fine-tuned model. This is presented in Equation (1):

Ladv = log(Dϕ(ẑ0)) + log(1−Dϕ(ẑ
′
0)) (1)

Additionally, we introduce the concept of a conditional discriminator. Traditional dis-
criminators only focus on the latent representations of the images ẑ0 and ẑ′0, but we add
extra conditional inputs, such as text descriptions or image attributes, to this founda-
tion. This allows the discriminator to evaluate the quality of image generation based on
conditional information, not solely relying on the image itself. By combining conditional
information with image latent variables, the discriminator can more accurately assess the
match between the image and the conditions, enhancing the consistency of the generated
image in terms of both details and content. Specifically, the improved loss function can
be expressed as Equation (2):

Ldiff = log(Dϕ(ẑ0, c)) + log(1−Dϕ(ẑ
′
0, c)) (2)

To boost the quality and variety of the generated images, we integrate real-world image
data into the learning procedure. In detail, apart from the latent variable znoise derived
from pure noise, we generate a noisy variant of the real latent variable znoisy(τ). This is
achieved by introducing noise to a real-world image xreal at an arbitrarily chosen time
step τ , as presented in Equation (3):

znoisy(τ) = xreal +N
(
µ, σ2

)
(3)
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where N (µ, σ2) represents Gaussian noise, with µ and σ2 being the mean and variance of
the noise.

Subsequently, we denoise both types of latent variables znoise and znoisy(τ), and compute
the loss L through the image-text model, as shown in Equation (4):

L = λimageLimage(zdenoised) + λtextLtext(zdenoised,y) (4)

where Limage and Ltext are the image loss and text loss, respectively, zdenoised is the denoised
latent variable, y is the text prompt, and λimage and λtext are weight parameters.

This approach’s central concept is to utilize the noisy variant of the real latent variable
znoisy(τ) to direct the generation process. By doing so, it enables the model to produce
more lifelike images. In detail, the noisy version of the real latent variable znoisy(τ) repre-
sents a perturbed form of the original image. It also exhibits a high degree of consistency
with the relevant text prompt y (for example, descriptions or image attributes), as indi-
cated by the relationship in Equation (5):

y = f(znoisy(τ)) (5)

Thus, with this method, the diffusion model learns directly from the noisy latent vari-
able how to reconstruct the original image xreal, providing an effective path for optimizing
the generation process. This is achieved by minimizing the reconstruction loss, as shown
in Equation (6):

Lreconstruction = ∥xreal − x̂∥22 (6)

where x̂ is the image generated by the model.
This guiding strategy not only helps smooth the model’s optimization process but also

prevents gradients from overly relying on feedback from the image-text model, avoiding
overfitting issues when generating images. The model combines the perturbed real-image
version znoisy(τ) with the generated latent variable. This combination encourages the mod-
el to generate images that are more in line with the text prompt. It also helps in main-
taining a higher level of fidelity. Consequently, the produced images not only precisely
correspond to the text prompt y, but they also display more lifelike and natural visual
appearances. This ultimately enhances the overall quality of the generated images.

By combining noise with the perturbed version of the real image znoisy(τ), we enhance
the diffusion model’s learning ability, ensuring that it generates more stable and efficient
images during the process, while better satisfying the set conditions and achieving high
quality.

3.2. Attribute Repair Module (ARM). ARM is crafted with the aim of empowering
pre-trained text-to-image diffusion models to create images in response to image prompts.
The fundamental concept underlying this approach lies in augmenting the model’s gener-
ation capacity via an image encoder and separated cross-attention modules. The function
of the image encoder is to distill useful feature representations from the input image.
The image features in question are not just basic descriptions of images. Instead, they
are embedded representations that thoroughly mirror the image’s content. To be more
precise, the image encoder makes use of the pre-trained CLIP image encoder [21] for the
extraction of image features. Subsequently, these features are processed via the Q-Former
network. This process leads to the generation of a mapped image feature sequence zimage.
The Q-Former [44], initially presented as a trainable component, has the objective of
reducing the representational disparity between the image encoder and Large Language
Models (LLMs). In this work, we propose a multimodal conditional generation method
that fuses text and images, with the goal of enhancing the coupled expression ability
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between semantics and style. We aim to generate a target image based on the input text
prompt and image attribute information. The modeling process is defined as follows:

Iout = G(fv(X ), fa(A), ft(y)) (7)

Here, Iout denotes the generated image, and G(·) is a multimodal generation function,
which can be instantiated as a diffusion model, a Generative Adversarial Network (GAN),
or other deep generative architectures. The term fv(X ) represents the processed visual
features extracted from an image encoder (e.g., CNN, Vision Transformer, or CLIP image
branch), where X captures structural and appearance-level cues. The component fa(A)
encodes the attribute control vector A, which encodes fine-grained constraints such as
object presence, layout, or style, guiding both local and global visual characteristics.
Lastly, ft(y) transforms the semantic input y – typically encoded via a language model
such as Transformer or CLIP text encoder – into a semantic embedding that provides
high-level guidance during generation. This formulation enables flexible and fine-grained
image synthesis under multimodal supervision, supporting both semantic fidelity and
visual realism.
The architecture is composed of two transformer subcomponents. One is responsible for

the extraction of visual features, while the other functions as an encoder-decoder for text.
It uses learnable query tokens as its input. These tokens are then related to text via cross-
attention layers. Finally, it produces outputs of image features that are in correspondence
with the given text. ARM consists of two crucial elements. Firstly, it extracts image
condition features associated with text attributes from the image. Secondly, it embeds the
text prompt as a condition and the image features into the UNet. Here, two distinct cross-
attention layers are employed to generate multi-condition image features. The process by
which cross-attention handles text and image features is presented in Equation (8):

Ynew = Softmax

(
QK⊤ + γ1 ·Q′K ′⊤

√
d

)
V + Softmax

(
QK ′⊤ + γ2 ·Q′′K ′′⊤

√
d

)
V ′ (8)

Here, Q = ZWq represents the query vector generated from the image features Z through
a transformation by the weight matrix Wq. K = FtWk represents the key vector generated
from the text features Ft through a transformation by the weight matrix Wk. V = FtWv

represents the value vector generated from the text features Ft through a transformation
by the weight matrix Wv. K ′ = FvW

′
k represents the visual key vector generated from

the image features Fv through a transformation by the weight matrix W ′
k. V ′ = FvW

′
v

represents the visual value vector generated from the image features Fv through a trans-
formation by the weight matrix W ′

v. Q′ and Q′′ represent query vectors generated from
different transformations of the image features Z, used to capture deeper associations
between image and text. K ′ and K ′′ represent multiple key vectors of the image features,
allowing for more diverse information interaction.
Learnable weighting coefficients γ1 and γ2 act as soft gating mechanisms that control

the relative influence of different queries and keys. Such gating structures are inspired by
improvements to recurrent neural network gating mechanisms, as explored in [47]. The
core idea is to perform weighted fusion of multi-source information, enabling dynamic
path selection during information flow. This approach has been widely applied in time-
series modeling and cross-modal learning tasks, demonstrating effectiveness in modeling
long-term dependencies and maintaining semantic consistency.
Additionally, this mechanism benefits from the development of multi-head attention,

which introduces learnable weights across multiple attention channels, allowing flexible
integration and control of information from different modalities. For instance, in the CLIP
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model [37], attention is guided by text-image similarity to steer information fusion. Sim-
ilarly, diffusion-based generative frameworks like DALL·E 2 [2] and Imagen [48] utilize
comparable fusion control strategies to achieve fine-grained alignment between semantic
content and visual style.

Q, K, and V are the standard query, key, and value in the cross-attention mechanism,
and they interact with the input data through their respective transformation matrices.
Q′, Q′′, and K ′, K ′′ introduce additional query and key transformations, enhancing the
information interaction between image and text, capturing finer-grained associations. γ1
and γ2 are learned weighting coefficients that adjust the influence of different query and
key transformations.

We add two loss functions between the segmentation mask and attention feature map to
encourage the diffusion model to correctly map text features to the corresponding image
attribute regions, as shown in Equation (9):

Lentity = −
1

N

N∑
i=1

Mi,u,v

(
αi

∑
k∈ni∪ai

(
Ak

u,v∑
x,y A

k
x,y

)
+ βi log

(∑
k∈ni∪ai A

k
u,v

max(A)

))

Lbackground = −
1

N

N∑
i=1

Mi,u,v=0

(
αi

∑
k∈ni∪ai

(
−Ak

u,v∑
x,y A

k
x,y

)
+ βi log

(
1−

∑
k∈ni∪ai

Ak
u,v

max(A)

))
(9)

Lregularization = λ1

N∑
i=1

(
∥αi∥22 + ∥βi∥22

)
+ λ2

N∑
i=1

∥Mi,u,v −Mi,u,v=0∥1

Here, Lentity represents the positive loss, aimed at strengthening the model’s attention
allocation to the entity regions (target regions). Lbackground represents the negative loss,
aimed at reducing attention to the background regions. Mi,u,v is the segmentation mask,
indicating whether a pixel belongs to the target region, and Ak

u,v represents the k-th
attention weight at position (u, v). αi and βi are dynamic weighting coefficients used to
adjust the attention strength and region loss. max(A) represents the maximum attention
weight, used for normalization to avoid numerical instability.

λ1 and λ2 are regularization coefficients, controlling the regularization strength of the
weighting coefficients and mask differences, respectively. ∥αi∥22 and ∥βi∥22 are the L2 norms
of the weighting coefficients, used to prevent overfitting. ∥Mi,u,v −Mi,u,v=0∥1 is the L1

norm of the mask difference, helping the model improve generalization capability.
The core process of the ARM module is as follows. First, the target image is generated

based on the text prompt. Then, Q-Former is used to extract the attention feature map.
Next, a segmentation model is employed to obtain the mask from the image. Finally,
the text and visual features are fused, and losses are computed on both the attention
map and the mask regions for the entity and background areas respectively – thereby
promoting positive attribute alignment and suppressing negative attribute interference.
The detailed implementation steps are illustrated in the algorithm, which presents the
interaction among ACM, ARM, and DDPM within the AMAC-T2I framework.

4. Experimental Results. Our approach is mainly carried out using DDPM (Denois-
ing Diffusion Probabilistic Model) [1], and the evaluation is also conducted on DDPM.
DDPM, a generative model relying on a diffusion process, generates high-quality images
via a reverse diffusion procedure. It can effectively capture the details and variety of im-
ages, thus serving as the fundamental model for our experiments. For the image captioning
model, we select BLIP [49], which has been fine-tuned on the COCO [50] image-caption
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Algorithm: Interaction between ACM, ARM, and DDPM in AMAC-T2I
Step 1: Semantic and Attribute Feature Extraction
1. Encode the text prompt using a pretrained language model:
ysem ← BERT(y)
2. Extract visual features from the reference image using the CLIP encoder:
lclip ← CLIP(l)
3. Generate the attribute control vector via ACM, which encodes fine-grained priors
such as style or object layout:
A ← ACM(lclip, ysem)
4. Fuse semantic and attribute representations using ARM, which utilizes Q-Former
and cross-attention:
Q ← ARM(lclip,A, ysem)
Step 2: Diffusion-Based Image Generation
5. Initialize a noisy latent image variable by sampling from a Gaussian distribution:
zT ∼ N (0, I)
6. For t = T down to 1, iteratively perform reverse diffusion:
- Predict the noise residual conditioned on Q and ysem:
ϵθ ← UNet (zt,Q, ysem)
- Update latent variable using DDPM backward step:
zt−1 ← G.backwardstep(zt, ϵθ, t)
7. After T steps, obtain the generated image:
Iout ← z0
Step 3: Adversarial and Attribute Loss Optimization
8. Compute CLIP-based perceptual loss to encourage alignment with the reference
image:

Ldiff ← ∥CLIP (Iout)− CLIP(l)∥2
9. Use a discriminator to assess the semantic consistency between Iout and y, and
obtain positive/negative contrastive losses:
Lpos, Lneg ← DISC(Iout, y)
10. Compute the final training objective:
Ltotal ← Ldiff + Lpos − Lneg

11. Update the trainable modules (ACM, ARM, UNet, DISC) using backpropagation
based on Ltotal

Return:
Final synthesized image Iout

dataset. This model generates accurate image descriptions and is integrated with the
generative effects of DDPM.
In the ARM module, we use a pre-trained UNet based on cross-attention as the seg-

mentation mask generator, aiming to optimize the generation process by preserving image
details and realism. UNet, with its encoder-decoder architecture, can effectively handle
local details in images, ensuring that the quality of the generated image aligns with the
original image.

4.1. Datasets. The Text-to-Image Comprehensive Benchmark (T2I-CompBench) [51]
serves as a pivotal benchmark in the domain of open-world compositional text-to-image
generation. It comprises 6,000 carefully crafted synthetic text prompts that are system-
atically categorized into three major types: attribute binding, object relationships, and
complex compositions. Attribute binding includes variations such as color, shape, and
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texture associations, while object relationships cover both spatial and non-spatial con-
figurations. The complex composition category focuses on intricate multi-object, multi-
attribute scenes. This fine-grained taxonomy provides a structured and diverse foundation
for evaluating a model’s capability to generate semantically accurate and compositionally
coherent images from text. T2I-CompBench thus enables detailed performance assessment
across a wide range of compositional challenges.

To further assess generative models in real-world multilingual and structurally diverse
settings, this work also incorporates the DPG-Bench (Diverse and Pluralistic Generation
Benchmark) [52] as a primary evaluation framework. DPG-Bench includes over 10,000
high-quality prompts spanning six languages – English, Chinese, Spanish, French, Ger-
man, and Arabic – offering a rigorous platform for testing cross-lingual generalization and
compositional reasoning. The prompts vary in complexity and include multi-attribute
bindings, object relationships, and culturally grounded scenes with long-form descrip-
tions. Evaluation is conducted using multiple metrics, including CLIP Score for semantic
alignment, attribute matching accuracy for fine-grained consistency, and a multilingual
alignment score for cross-language understanding. Given its comprehensive design, high
diversity, and real-world applicability, DPG-Bench has been widely adopted to benchmark
leading generative models such as Stable Diffusion, Emu, Janus, and FLUX, establishing
itself as a standard for measuring parameter efficiency and alignment fidelity in text-to-
image generation.

4.2. Evaluation indicators. The formula adopts FID (Fréchet Inception Distance) to
evaluate image quality and CLIP Score to measure semantic consistency. The FID calcu-
lation formula is shown in Equation (10).

FID = ∥µr − µg∥2 + Tr
(
Σr + Σg − 2 (ΣrΣg)

1/2
)

(10)

Here, µr, Σr represent the mean and covariance matrix of the real image features, µg,
Σg represent the mean and covariance matrix of the generated image features, and Tr
denotes the trace of the matrix (i.e., the sum of the diagonal elements).

CLIP Score calculation formula (11) shows

CLIP Score =
Sim(I, T )

∥I∥ ∥T∥
(11)

Here, I represents the feature embedding vector of the generated image. T represents
the feature embedding vector of the input text description. Sim(I, T ) denotes the cosine
similarity between the image features and text features, and ∥I∥ and ∥T∥ represent the
norms of the image features and text features, respectively.

4.3. Implementation details. To reduce computational overhead effectively, we opti-
mized only the bottleneck regions of the model by introducing self-attention and cross-
attention mechanisms specifically in these components. This design allows the model to
capture critical contextual dependencies without imposing excessive computational bur-
den.

For optimization, we employed the Adam optimizer with an initial learning rate set to
1× 10−4. A cosine warm-up schedule was applied during the first 5000 steps to gradually
increasing the learning rate in the early stages of training, promoting more stable and
smoother convergence. The batch size was set to 40, which we found to strike a good
balance between computational efficiency and model performance.

To enhance the model’s representational capacity, we incorporated a dedicated
Q-Former module, whose output is utilized by both the Attribute Correction Module
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(ACM) and the Attribute Repair Module (ARM). This design helps reduce computa-
tional complexity while maintaining strong feature expressiveness. The Q-Former consists
of two parallel submodules: one for semantic encoding guided by text prompts and the
other for style encoding based on image attributes. Each submodule is composed of 6
Transformer encoder layers, each with 8 attention heads, a total hidden dimension of 512,
and a feed-forward network of dimension 2048 with GELU activation. Layer normaliza-
tion follows a PreNorm configuration. The model uses 16 learnable query tokens, which
interact with image or text features via cross-attention, producing fixed-length embed-
dings for the downstream generator. The two Q-Formers share the same structure but are
independently trained, enabling decoupled modeling of content and style information.
For multimodal fusion, we adopt a dual-branch cross-attention mechanism as described

in Equation (8), incorporating two key hyperparameters, γ1 and γ2, to control the relative
influence of text and image attributes in the attention maps. We performed a grid search
over the range 0.1, 0.5, 0.7, 1.2 and empirically selected γ1 = 0.5 and γ2 = 0.7. This
configuration prioritizes semantic alignment while preserving sufficient stylistic flexibility
for controllable image synthesis.
All modules, including the cross-attention mechanism, Q-Former, and DISC, are jointly

trained from scratch in an end-to-end manner. This enables mutual adaptation across
modules and promotes global consistency in the generation process.
All input images are resized to a fixed resolution of 256×256 to ensure consistent input

dimensions. Pixel values are normalized to the range [−1, 1], which enhances training
stability and accelerates convergence.
The final model is trained for 180 epochs on 8 NVIDIA A100 GPUs. This extensive

training schedule ensures that the network captures rich and complex multimodal rep-
resentations, leading to high-quality image synthesis while maintaining efficient use of
computational resources.

4.4. Ablation experiments. As shown in Table 1, we conducted a systematic ablation
study on the two key components of the AMAC-T2I framework – namely, the Attribute
Repair Module (ARM) and the Attribute Correction Module (ACM) – to evaluate their
individual and combined contributions to the text-to-image generation task. The results
demonstrate that both modules significantly enhance model performance and deliver even
greater benefits when used together. When only the ARM module is applied, there is a
clear improvement in key attributes such as color, texture, and complex scenes, indicating
its strong capability in capturing fine-grained image details and maintaining semantic con-
sistency. Likewise, the ACM module alone yields steady performance gains, particularly
in color and shape attributes, confirming its effectiveness in correcting attribute biases and
enhancing text-based guidance. Most importantly, the combination of both modules leads
to the highest scores across all six subcategories, proving their complementary strengths
in attribute modeling. Overall, this modular design greatly improves the model’s ability
to align fine-grained attributes and text-image semantics, resulting in more accurate and
diverse image generation while enhancing adaptability in open-domain scenarios.
This ablation study systematically compares the model’s performance under different

γ1 and γ2 configurations, fully demonstrating the effectiveness and novelty of the proposed
gating mechanism in Table 2. The configuration with learnable γ1 and γ2 (Experiment
2) significantly outperforms the fixed-weight setup (Group 1) and the no-gating mecha-
nism (Group 5) in terms of semantic consistency measured by the CLIP Score, achieving
improvements of approximately 8% and 18%, respectively. This indicates that dynamic
weighted fusion enables more precise alignment between text and image semantics, effec-
tively alleviating the limitations of traditional fixed fusion. The image quality metric FID
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Table 1. The impact of ACM and ARM modules on the overall module.
‘ACM’ and ‘ARM’ represent Attribute Correction Module and Attribute
Repair Module (ARM), respectively.

Model ARM ACM
Attribute binding Object relationship

Complex
Color Shape Texture Spatial Non-spatial

VDMPDM 0.6990 0.5798 0.6410 0.3242 0.4230 0.4348
VDMPDM X 0.8566 0.6154 0.7363 0.3432 0.4282 0.4771
VDMPDM X 0.8779 0.6356 0.7423 0.3533 0.4275 0.4764
VDMPDM X X 0.8938 0.6440 0.7579 0.3540 0.4300 0.4791

Table 2. Performance comparison of different γ1 and γ2 configurations in
the AMAC-T2I framework on T2I-CompBench dataset

Experiment
group

γ1 status γ2 status
CLIP
score ↑ FID ↓ Attribute

accuracy ↑
Attention
loss ↓

Convergence
speed

(epochs) ↓
Fixed equal
weights

Fixed at 0.5 Fixed at 0.5 0.72 35.4 78.5% 0.045 50

Learnable
(Original
design)

Learnable
(random init)

Learnable
(random init)

0.78 28.7 85.2% 0.031 38

Fixed
different
weights
(0.3/0.7)

Fixed at 0.3 Fixed at 0.7 0.69 37.8 75.3% 0.050 55

Only γ1
learnable

Learnable Fixed at 0.5 0.75 31.2 81.0% 0.038 42

Only γ2
learnable

Fixed at 0.5 Learnable 0.74 32.0 80.5% 0.039 43

No gating
mechanism
(Ablation)

Disabled Disabled 0.66 40.1 70.8% 0.060 60

shows a similar trend, with Experiment 2 achieving the lowest score and producing more
realistic images. Compared to the no-gating group, FID is reduced by nearly 12 points,
highlighting the important role of the gating mechanism in preserving fine-grained at-
tributes and enhancing image realism. The original design group also attains the highest
attribute accuracy of 85.2%, outperforming the fixed equal-weight group by 7 percentage
points, which fully confirms that the multi-source weighted fusion strategy significantly
improves the model’s ability to capture and express specific textual attributes. During
training, the dynamic weighting group exhibits lower attention loss, further validating
the stability and effectiveness of the mechanism in the attribute correction and repair
modules, along with faster convergence and improved training efficiency.

To further illustrate the efficacy of the modules, as presented in Figure 2, we visualized
the enhancements across all six sub-categories within T2I-CompBench. In the first row,
first column, the DXL image depicts a relatively ordinary office scene with plain human
interaction and environment, with average detail clarity. The ACM module enhances the
focus on attributes, making the interaction between people more vivid and the office en-
vironment better focused, resulting in a clearer scene. When both the ARM and ACM
modules are applied, the realism and clarity of the image are further improved, with more
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Figure 2. Visualization of the effectiveness of the proposed module. ACM
helps to show objects mentioned in the prompt. ARM further guides the
attribute’s attention to the corresponding object on it.

refined interactions between people and more accurate positioning of the office environ-
ment and people, making the overall effect more natural and livelier. In the first row,
the second column, the SDXL image shows a museum exhibition scene where the fossil
display is clear, but the interaction between people and the exhibit is not prominent.
The ACM module enhances the focus on the interaction between people and the exhibit,
making the scene more vivid and establishing a stronger connection between the people
and the exhibit. After applying both ARM and ACM, the focus of the image becomes
clearer, highlighting the interaction between people and fossils, while further optimizing
the details of the entire scene, making the image appear clearer and more realistic. In
the second row, the second column, the SDXL image depicts a snowy scene, but the ex-
pression and activity of the people are not fully captured, lacking some subtle emotional
expression. The ACM module makes the people and their activities clearer, especially
enhancing the interaction between people in activities like snowball fighting and build-
ing snowmen. After applying both ARM and ACM, the expressions and activities of the
people in the scene are further enhanced, with richer details, more expressive interactions
between people, and an overall more vivid and dynamic image.
Table 3 lists the evaluation scores across different languages. From the perspective of

parameter size (Param), many models pursue higher performance by using larger parame-
ter counts, such as SD3-Medium with 2.0B parameters, SDXL with 2.6B, Janus-Pro with
7.0B, Emu3 with 8.0B. In contrast, our model has only 0.63B parameters, placing it at a
lower level compared to many other models. However, in the DPG-Bench test, our model
achieved a score of 80.57, which is competitive compared to models with several times
the number of parameters, such as Janus (1.3B parameters, score 79.68) and SDXL (2.6B
parameters, score 74.65). This demonstrates good parameter efficiency, achieving a good
balance between parameter size and performance.
Regarding multilingual capability (Multi-Ling), many models lack this feature (marked

as ×), such as SD1.5, and SD2.1. Our model, along with a few others like Sana, supports
multilingual capabilities (marked as

√
). This means our model has an inherent advantage

in handling multilingual tasks, making it more versatile and capable of meeting the needs
of users from different language backgrounds. It is ahead of most comparison models
in applications like multilingual content generation. In terms of DPG-Bench test scores,
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Table 3. Model comparison based on DPG-Bench results

Method Param Multi-Ling DPG-Bench
SD1.5 [5] 0.86B × 61.18

LlamaGen [53] 0.78B × 65.16
HART [54] 0.73B × 80.89
Sana [55] 0.60B

√
83.6

ELLA [52] 0.93B × 80.79
LLM4GEN [56] 0.86B × 67.34
Pixart-α [57] 0.61B × 71.11
MSCA [25] 0.81B × 68.35

SD3-Medium [58] 2.0B × 84.08
SDXL [59] 2.6B × 74.65
Janus [60] 1.3B × 79.68

Janus-Pro [61] 7.0B × 84.19
Emu3 [62] 8.0B × 80.60

DALL·E 3 [63] – × 83.50
Ours 0.63B

√
80.57

while some models like SD3-Medium (84.08) and Janus-Pro (84.19) slightly outperform
our model, these models either have enormous parameter sizes with high training and
deployment costs or lack multilingual capabilities.

To further demonstrate the advantages of our model, we visualize images from different
scenes, as shown in Figure 3. In the first row, in the first column, the woman is not hugging
the bear; in the second column, there is no dog; and in the third column, the man is not
reading a book. Our model, however, accurately matches the content description. This
indicates that the other models fail to fully capture key information when understanding
the text semantics and miss important concepts during the process of converting text
into images, showing their limitations in grasping the overall semantics of the text and
mapping it to images. In the fourth row, in the first column, the man and woman are
sitting separately. Other columns also lack elements corresponding to the text, while only
our model presents the elements from the description. This reveals that other models
miss the crucial concept of “intimate interaction”, reflecting their poor understanding
and representation of the relationships between elements in the scene.

In the second row, other models generate images where the color and style of the wall
tiles do not match the description, resulting in color errors or mismatched textures. This
is a case of object attribute mismatching. It indicates that these models exhibit biases
when processing object attribute information and fail to correctly interpret the text’s
description of object features. Our model, on the other hand, accurately maps the text
content.

As shown in Table 4, we compare several representative diffusion models from recent
years, evaluating their performance using key metrics including CLIP Score, Fréchet In-
ception Distance (FID), Attribute Accuracy (Attr. Acc.), and the number of inference
steps on the T2I-CompBench benchmark. The results clearly demonstrate the overall
superiority of the proposed AMAC-T2I framework in text-to-image generation tasks.

First, in terms of text-image semantic alignment, AMAC-T2I achieves the highest CLIP
Score of 0.78, outperforming Matryoshka (0.75), SDXL (0.74), and STAY Diffusion (0.73),
indicating a stronger semantic consistency between generated images and input prompts.
Additionally, for fine-grained attribute control, AMAC-T2I attains an attribute accuracy
of 85.2%, which significantly exceeds that of SDXL (80.5%) and Matryoshka (81.7%), and
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Figure 3. Qualitative comparisons of our model with the Pixart-α [62],
Anydoor [40], and Tend-and-excite [30] models

Table 4. Performance comparison of recent diffusion models (2023-2025)
on T2I-CompBench. Muse generates discrete tokens, so CLIP Score is not
directly comparable. Muse reports FID on CC3M subset, which is signifi-
cantly lower due to domain constraints. DiffiT reports FID on ImageNet-
256.

Model CLIP Score ↑ FID ↓ Attr. Acc. ↑ Steps ↓
SDXL [59] 0.74 27.8 80.5% 50
Muse [64] 0.32 6.06 – 25
DiffiT [65] – 1.73 – –

Matryoshka [66] 0.75 26.7 81.7% 35
STAY Diffusion [67] 0.73 29.1 83.4% 40
Diffusion-4K [68] – 24.5 – 50

AMAC-T2I (Ours) 0.78 28.7 85.2% 38

even surpasses the strongest competing method STAY Diffusion (83.4%). This validates
the effectiveness of our model in modeling attribute correspondence and achieving precise
control over visual semantics.
Moreover, AMAC-T2I demonstrates competitive efficiency while maintaining high gen-

eration quality. Although Muse reports a low FID of 6.06, its evaluation is limited to
the CC3M subset, and its CLIP Score is only 0.32, making it less suitable for general-
purpose comparison. DiffiT reports an FID of 1.73 on ImageNet-256, which is not directly
comparable to the other models evaluated on T2I-CompBench. In contrast, AMAC-T2I
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achieves a balanced performance with an FID of 28.7 and reduces the sampling steps to
38, which is more efficient than SDXL and Diffusion-4K (both requiring 50 steps), thus
maintaining a good trade-off between image quality and inference speed.

5. Conclusion. This paper presents AMAC-T2I, a diffusion-based framework for text-
to-image generation with a specific focus on attribute-level precision and semantic align-
ment. To address common issues such as attribute mismatch and omission, we introduce
two key components: the Attribute Correction Module (ACM) and the Attribute Re-
pair Module (ARM). The ACM leverages adversarial loss and multimodal priors from
Q-Former to correct attribute inconsistency during generation, while the ARM integrates
Q-Former with a cross-attention-enhanced UNet to repair missing or weakly expressed
attributes by generating fine-grained category masks.

Extensive experiments across multiple benchmarks – including compositional datasets
like T2I-CompBench and multilingual settings such as DPG-Bench – demonstrate that
AMAC-T2I achieves state-of-the-art performance in attribute accuracy, controllability,
and cross-lingual generalization. Our model consistently outperforms baselines in both
CLIP alignment and attribute fidelity, while maintaining competitive inference efficiency.
These results highlight the effectiveness of our design in addressing the long-standing
challenge of controllable and semantically aligned image generation from textual prompts.

However, our approach also presents several limitations. First, although AMAC-T2I
demonstrates superior performance in attribute-level alignment, its FID score remains
slightly higher than some models optimized specifically for image realism, such as token-
based architectures (e.g., Muse) or super-resolution-focused methods (e.g., Diffusion-4K).
Second, while Q-Former enables modular multimodal encoding, it introduces additional
memory and training complexity that may limit deployment in lightweight or real-time
applications. Third, AMAC-T2I currently relies on predefined category masks in ARM,
which may constrain its adaptability in fully open-domain scenarios where category labels
are unknown or ambiguous.

In future work, we plan to explore dynamic category-aware repair strategies, lightweight
Q-Former variants, and prompt-adaptive diffusion decoding to further enhance both effi-
ciency and scalability. Despite its current limitations, AMAC-T2I offers a promising and
generalizable architecture for precise and interpretable text-to-image generation, especial-
ly in scenarios that demand fine-grained attribute control and semantic robustness.
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