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Targeting the issues of weak fine-grained alignment capability and insufficient semantic controllability in
existing generative adversarial network approaches, this paper presents a multimodal fusion-based model,
namely Contrastive Language-Image Pretraining-Cross-Attention-Generative Adversarial Networks (CLIP-
CA-GAN). With GAN as the basic architecture, this model incorporates the Contrastive Language-Image
Pretraining (CLIP) model to establish multimodal semantic constraints. It dynamically fuses the local features
of text and images via the Cross-Attention Mechanism (CAM), and optimizes generation quality through a
designed Feature Fusion Module and a comprehensive loss function (LF). Experimental results demonstrate that
the performance of CLIP-CA-GAN outperforms mainstream methods. On MS-COCO, the Fréchet Inception
Distance (FID) decreases to 16.09, and the Inception Score (IS) rises to 4.91. On CUB, the FID stands at 14.06,
the IS at 5.33, and the R—precision (RP) reaches 79.24. Additionally, the model has a relatively small number of
parameters and high training efficiency, thus providing a high-quality and low-complexity solution for image
generation.
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1. Introduction

Text-to-Image Generation (T2I) constitutes one of the cen-
tral tasks within the realm of cross-modal generation [1].
Its objective is to produce semantically congruent images
grounded in natural-language descriptions, facilitating pro-
found collaboration between natural language processing
and computer vision [2, 3]. T2I has found extensive ap-
plication across diverse fields, including scene modeling
[4], artistic creation [5, 6], intelligent mapping [7, 8], video
generation [9, 10], and image analysis [11-13].

At present, T2I predominantly hinges on diffusion mod-
els, Transformers, or GAN, and its underlying rationale can
be encapsulated within the “feature extraction-conditional
injection” paradigm [14]. In other words, features are ex-
tracted via encoders and subsequently introduced into the

generative network through means such as concatenation,
addition, or attention mechanisms [15]. Nevertheless, the
shortcoming of this paradigm lies in the asynchronous
decoupling between the text semantic parsing and the
image feature generation processes. Specifically, text fea-
tures remain fixed and cannot be adjusted dynamically, and
the generative network is unable to interpret text details
adaptively. Moreover, the model lacks pre-trained prior
knowledge and has to re-learn semantic-visual associations,
which readily gives rise to semantic drift or attribute con-
fusion.

More precisely, diffusion models generate images by
incrementally adding noise and then reversing the process
through denoising. Although they excel in overall photore-
alism and complex scene synthesis, and are stable during
training [16], their implicit control over fine-grained seman-
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tic alignment is tenuous. Dynamically binding specific text
attributes to local image regions proves to be a challenging
task. Even CLIP-guided diffusion models have yet to fully
surmount the efficiency bottleneck and precise regulation
issues [17, 18].

Conversely, GAN-based approaches are lightweight and
efficient, yet their performance is also circumscribed by
the aforementioned paradigm limitations. For instance,
AttnGAN succumbs to semantic drift on account of its
inability to dynamically adjust local details [19]; DM-
GAN is prone to semantic confusion when generating
multi-category objects [20]; DF-GAN struggles to capture
attribute-level fine-grained associations [21]; ControlGAN
has insufficient hierarchical semantic parsing for long texts
[22]; and SSA-GAN'’s zero-shot generalization ability is re-
stricted due to its dependence on additional annotated data
[23].

In general, within the traditional “conditional injection”
paradigm, text and image only interact at a superficial
level or the input stage, lacking a prior knowledge-based
dynamic semantic negotiation mechanism that pervades
the entire generation process.

To address this issue, this paper proposes a prior-guided
context-aware fine-grained generation method. The core
of this method is to deeply integrate CLIP—originally an
external feature extractor—into the semantic foundation of
the generative architecture. This enables a shift from one-
way conditional injection to two-way dynamic semantic
negotiation, effectively enhancing fine-grained alignment
capability. The core contributions of this paper are as fol-
lows:

1. A Fine-grained Alignment Generation Framework:
With CLIP semantics as the context, CAM is employed
to achieve dynamic word-region alignment, forming a
progressive generation mechanism from global seman-
tic constraints to local dynamic alignment. This effec-
tively addresses the coarse-grained alignment problem
of traditional models.

2. A Cross-modal Feature Fusion Mechanism: CAM is
tasked with dynamically calculating the correlation
weights between text words and image regions. These
weights then guide the FFM to perform multi-level
feature selection and enhancement, thus realizing end-
to-end fine-grained control from semantic information

guidance to feature fusion.

3. An Efficient and Lightweight Model Structure: While
retaining the lightweight advantage of GANs, the
model does not incur a significant increase in com-
plexity after the introduction of semantic priors. Ex-

periments show that CLIP-CA-GAN achieves a 12.7%
increase in IS and an 18.3% decrease in FID on the CUB
dataset. It has a relatively small number of parameters,
with a training time of only 93.25 seconds per epoch.

1.1. Related Work and the Innovation Points

Table 1 compares CLIP-CA-GAN with related representa-
tive studies in terms of multi-modal alignment methods,
feature fusion mechanisms, core innovations, and typical
models.

The generation mechanism of CLIP-CA-GAN differs
from that of mainstream models in the following aspects:

Interaction Depth: Most comparative models adopt shal-
low static interaction (AttnGAN) or external dynamic cor-
rection (Diffusion Models). In contrast, our model takes
CLIP semantics as the foundation throughout the genera-
tion process and achieves continuous dynamic alignment
with adaptive resolution adjustment via CAM.

Prior Knowledge: Comparative models use CLIP as an
external feature extractor. However, our model integrates
CLIP as an internal semantic context, enabling the model
to acquire the awareness of "what should appear where".

Alignment Method: Comparative models adopt implicit
data-driven alignment (GANSs) or coarse-grained CLIP
guidance (Diffusion Models). Our model calculates the
word-region similarity via CAM and supplements it with
FFM feature enhancement to achieve precise fine-grained
attribute binding.

2. Methods

2.1. Model Structure

Fig. 1 depicts the architecture of CLIP-CA-GAN. The model
consists of a generative network and a discriminative net-
work. The generative network leverages CLIP to achieve
fine-grained text-image alignment and embeds the CAM
into key layers to integrate text semantics with image fea-
tures. The discriminative network combines multi-head
self-attention and multi-task loss to jointly optimize gener-
ation quality. The model takes images and text descriptions
as inputs, outputs the authenticity probability and semantic
matching score, updates parameters via backpropagation,
and ultimately generates high-fidelity, semantically aligned
images.

2.2. Contrastive Language-Image Pretraining

The multimodal semantic encoder adopts the pre-trained
CLIP model. Through contrastive learning on a large cor-
pus of text-image pairs, CLIP maps matched text and image
data to an embedding space with consistent semantic fea-
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Table 1. Comparative Analysis between the Model and Related Work.

Models Generation Paradigm Comparative Differences
Data-driven conditional injection: No prior guidance; attention learned
AttnGAN, DMGAN Region-wise matching via from scratch; static interaction, weak
embedded attention in GAN. generalization.
Diffusion+CLIP External‘ guldance:’CLII" computes CLIP external' to generation netwo'rk;
. gradients to guide diffusion high computational cost, coarse-grained
Guidance .. -
denoising. alignment.
Shallow conditional injection: Global alignment only; shallow
CLIP-GAN CLIP textual features as GAN text-image interaction, no fine-grained

input.

binding.

Masked Cross-Attention

Controllable focus: Mask-guided

Emphasis on controllable generation;
lacks global-local consistency

GAN [24] generation for specific regions. for generic descriptions; no CLIP
prior context.
High image quality and rich details,
Diffusion Model Iterative denoising seneration but massive parameters and inference
(e.g., DALL®E 2, Imagen) &8 cost; coarse-grained text-image

alignment due to implicit conditioning.

Transformer-based Models

Autoregressive or masked

Strong global consistency and
scalability, yet lack explicit

(e.g., Parti, Muse) prediction fine-grained word-region binding;
typically require large-scale pre-training.

Prior-embedded dynamic negotiation: Method Innovation: Prior guidance

CLIP-CA-GAN CLIP as semantic substrate, CAM + dynamic Negotiation:Mechanism

for dynamic alignment, FFM for
contextual fusion.

innovation: CAM+FFM synergy;Efficiency
Innovation: Lightweight and efficient.
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Fig. 1. Structure of CLIP-CA-GAN.

tures [25]. Fig. 2 shows the structure of CLIP, which mainly
has two types of key outputs.

Global Semantic Embeddings: The text encoder trans-
forms the input description T into a global semantic vector
et, and the image encoder converts the image into a global
vector Ejpg . These two are utilized to compute the seman-
tic consistency loss (refer to Section 2.5).

Local Feature Sequences: The intermediate-layer fea-
tures output by the image encoderspecifically, the feature

sequence of image patches-provide fine-grained visual con-
text for the subsequent CAM module.

2.3. Cross-Attention Mechanism

The aim of incorporating the CAM into the model is to
deeply integrate words and image regions via dynamic in-
teraction. This compensates for the shortcomings of CLIP
in local alignment and generation controllability, thereby
achieving complementary optimization of multimodal fea-
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Fig. 2. Schematic diagram of CLIP structure.
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tures [26].

First, word features are transformed into a common
semantic space for image features, denoted as S, and the
inner product is calculated between image features h and
word features g, resulting in S’. Subsequently, the context
vectors ci for each word in every sub-region of the image
are computed based on the image’s hidden features h’. The
relevant calculation formulas are as follows:

S = ftext (‘7) (1)
§'=h-q @
Ci = fcontext (h// qi) 3)

In the equation, fiext represents the function that maps
text features to the image feature space, g; is the feature
vector of the i-th word, and feontext is the function that
calculates the word context vectors.

In the ensuing processing, the image features and the
corresponding attention maps are input into the FFM. This
module amalgamates multi-channel features, unifies their
semantics and spatial distributions, and outputs optimized
image features for utilization in the subsequent stage.

2.4. Feature Fusion Module

The structure of the FFM is illustrated in Fig. 3. It is com-
posed of two sub-modules: the Feature Preprocessing Mod-

ule and the Confidence Prediction Module.

%
=
g
5

o

Conv 33

L/
Conv 11
RelU

Conv 1%1

Conv 3=3
Conv 11

Fig. 3. Construction of FFM.

The Feature Preprocessing Module features a dual-
branch structure, where each branch comprises two 3 x 3
convolutional layers and ReLU activation functions. This
structure refines text semantic information and image fea-
tures separately, thereby enhancing the feature represen-
tation capability of the network. A residual connection is
additionally implemented between the input features and
the output of the convolutional layers to preserve the origi-
nal feature information and boost the network’s learning
capacity.

The Confidence Prediction Module has a triple-branch
structure. Each branch contains a 1 x 1 convolutional lay-
ers and a Sigmoid activation function, which are utilized
to compute the confidence scores of the input features and
the fused features. Subsequently, the processed features are
concatenated with the confidence values to generate a uni-
fied feature representation. The fused features incorporate
the original semantics, attention information, and feature
reliability assessment, offering richer and more precise fea-
ture support for subsequent image generation.

2.5. Total Loss

In addition to the adversarial loss, this paper utilizes cosine
similarity as the semantic consistency loss to quantify the
semantic consistency between the textual description and
the generated image [27]. Furthermore, perceptual loss and
L; loss are utilized as metrics to assess the quality of the
produced images.

Semantic Consistency Loss:

- Etext (t) : Eimage (G(Z, t))
HEtext (t)HZ ’ HEimage (G(Z, t))”z

Perceptual Loss:

Lsem =1

(4)

Lperc = ExNPreal erPZrtNPtcxt H|¢(x) - 4)(G(Z/ t))”l] (5)
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L1 Loss:

Ll = ExNPreal erPzrtNPtext [Hx - G(Z’ t) Hl} (6)

In the equation, Etext (t) represents the semantic encod-
ing of the text description; Ejmage (G(z, ) denotes the se-
mantic encoding of the generated image; x is the real image,
following the real data distribution Py, ; z is the random
noise vector, conforming to the noise distribution P; f is
the text description, adhering to the text distribution Prext ;
and ¢(x) represents the feature extraction of the real image
by the model.

Total LF is a weighted sum of the LFs mentioned above.

Liotal = Aadv Ladv + Asem Lsem + )\perc Lperc +Ar1Ly (7)

Here, A is the weight coefficient of each loss function.

2.6. Pseudo Code

To better understand the working principle of CLIP-CA-
GAN, the following provides its pseudocode, which details
the main components and training process of the model.

3. Results and discussion

3.1. Dataset

Experiments were conducted on the CUB_200_2011 and
MS-COCO datasets to train and evaluate the text-to-image
generation model. The CUB_200_2011 dataset focuses on
avian images and contains fine-grained categorical and at-
tribute information. Its training set comprises 8,855 images
and the test set 2,933 images, with ten text descriptions
associated with each image [28]. The MS-COCO dataset
encompasses a diverse range of daily scenes and objects
[29]. with its training set including 82,783 images and the
test set 40,504 images. Each image is provided with five
text descriptions, and one text description was randomly
selected as the target prompt during model training.

3.2. Experimental Setup and Evaluation Criteria

In terms of hardware, the GPU is an Nvidia RTX 409024
GB, which supports mixedprecision computing using both
FP16 and FP32. The CPU is an Intel Xeon Platinum 8380H,
including Intel AMX and AVX-512. The memory capacity
is 128 GB.

The software environment is on the basis of the PyTorch
2.0.1 deep learning outline, coupled with CUDA 11.7 and
cuDNN 8.5.0, supporting dynamic computation graphs
and automatic mixed precision (AMP). The multimodal
processing library uses HuggingFace Transformers 4.28.1,
specifically for loading the CLIP model and text encoding.
The initial model parameters are illustrated in Table 3.

All models are trained for 200 epochs with standardized
settings. Random seed 42 ensures reproducibility (controls
initialization and data order). Results are test-set based;
each experiment is repeated five times, reported as mean +
std. Metrics include FID, IS, RP [30, 31].

3.3. Ablation Experiment

To investigate the impact of each module on model per-
formance, ablation experiments were conducted on the
COCO dataset. A standard GAN was used as the baseline
model, with each enhancement module incrementally in-
corporated into the framework. Eight sets of experiments
were performed to validate the superiority of CLIP-CA-
GAN, and the results are presented in Tables 4(a) and 4(b).
In the tables, " v " indicates the inclusion of a module,
while " x " indicates its exclusion.

As evidenced in Tables 4(a) and 4(b), Approach E outper-
forms all alternative methods across all evaluation metrics.
Compared with Method A , Method B achieves a 23.1%
reduction in FID and a 16.1% increase in IS. Method C fur-
ther improves on Method B, with a 4.5% FID reduction
and a 3.7% IS increase. Method D continues this improve-
ment trend, reducing FID by 4.1% and increasing IS by 2.5%
relative to Method C. Finally, Method E (CLIP-CA-GAN)
achieves the lowest FID of 16.09 and the highest IS of 4.91,
demonstrating a significant performance advantage.

Fig. 4 visualizes CAM’s cross-layer attention weights,
illustrating the evolution from global semantics to fine-
grained local attribute alignment.

Ground Truth Low-Level Features Middle-Level Features High-Level Features

.
e

Sample 1

o~

2
S
]
g

7]

Fig. 4. Cross layer semantic alignment visualization.

For Sample 1, low-level attention maps cover the bird’s
contour; mid-level attention distinguishes between the
body and head regions; high-level attention precisely fo-
cuses on the black legs and yellow neck/head, realizing
color-to-part semantic binding.

For Sample 2, low-level attention covers the bird’s
body; mid-level attention differentiates between the wings
and bill; high-level attention sharpens on black wing
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Table 2. Comparative Analysis between the Model and Related Work.

Code 1: Training process of the CLIP-CA-GAN text-generated image model

Input: Random noise vector z, text description T

Output: Generated image in Gimg

1. Text Encoding:

Extracting Text Semantic Features Using Pretrained CLIP Model; Text embedding E; = CLIP (T );
2. Generator forward propagation:

Input noise vector z and text embedding E¢;

Generate initial feature maps through multi-layer convolutional networks;

Calculate the correlation between text features and image features through the CAM, and output the fusion feature F g, ;
Generate image Gimg = Generator_Conv (Fpysed )

3. Discriminator processing:

Input image Gimg and text embedding Ey;

Extracting multi-scale image features through conv-layers;

Calculate the correlation weight between local regions and the global semantics of an image;
Output discrimination result: Authenticity probability D, and semantic matching score Dy ,ch:
4. Use Ly, to calculate the difference between the generated image and the real image.

5. Backpropagation and optimization:

Update the parameters VOp (L,gy ) and Vg (Lyotar ) of discriminator D and generator G;
Adaptive adjustment of learning rate using Adam optimizer;

6. Feature enhancement strategy:

Dynamically adjust the temperature parameter 7 of the multimodal attention layer during the training process;
Perform random dropout on CLIP-embedded features to enhance robustness;

7. Output generated image:

Obtain the final image Gjng through forward propagation of the generator.

Table 3. Model parameters.

Item Parameters
Optimizer AdamW. Learning rate Irg = 1 x 10~ 2.
Momentum parameters 1 = 0.5, By = 0.999. Weight decay A,,q = 0.01
- Batch Size: Global batch size is 128 .
Training Strategy

Learning rate scheduling: Cosine Annealing, Cycle length Tinax = 200 epochs.

Warmup: Linearly increase the learning rate to the initial value in the first 5 epochs.

Regularization and Stability Gradient clipping: Global gradient norm threshold v = 0.1.

Dropout: Dropout rate in the middle layer of the generator is p = 0.2.

. Text encoding: CLIP TE (ViT-B/32), maximum text length of 77 tokens, BPE segmentation.
Data preprocessing

Convolutional layer: He is initialized normally.

Full layer: Xavi l initialization.
Model initialization ully connected layer: Xavier normal initialization

Pre-training weights: The CLIP encoder loads OpenAl’s official pre-training weights (ViT-B/32).

Table 4 ((a)). Experimental results of network module ablation (LF L,qy ).

Method CLIP CAM FFM FID| ISt
A x x x 28.17+£0.72 3.944+0.15
B v x x 21.65+0.63 4.55+0.04
C v v X 20.67 £0.57 4.72 +0.05
D v V/ V 19.83 +0.64 4.84 +0.08
Table 4 ((b)). Experimental results of LF ablation (based on structure D).
Method  Lagy  Lsem  Lpere L1 FID | ISt
D-1 v X x x 19.83+£0.31 4.84+0.08
D-2 v x x 1745+024 4.88+0.03
D-3 v/ v v/ x 1692+0.23 4.89+0.03
E v/ v v/ v 16.09+020 491+0.03
bars/primaries and a short, pointed bill, reflecting the hier- 3.4. Generate Image Quality Assessment
archical parsing of complex textual descriptions. To evaluate the superiority of CLIP-CA-GAN, taking the

CUB dataset as an example, the semantic consistency of
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the model is evaluated by calculating the matching degree
between the generated images and text descriptions. Ta-
ble 5 shows the comparison of image generation quality of

different models.

Table 5. Comparative Analysis between the Model and

Related Work.
Model FID| ISt R-precisiont
GAN-SC 24.65+1.05 4.79+0.27 -
ControlGAN 2534 +1.12 458+0.09 69.33+2.15
MirrorGAN 5497 4+2.38 456+0.05 57.67+£1.89
AttnGAN 23984+0.96 4.36+0.03 67.82+197
DT-GAN 16.35+0.52 4.88 +0.03 -
DF-GAN 14.81 £041 5.10+£0.03 44.83+1.62
DM-GAN 16.09+048 4.75+0.07 72.314+2.03
RAT-GAN 1391+035 536+020 42.734+2.03
SSA-GAN 15.61+£043 5.17£0.08 75.9 +1.58
ITSC-GAN 1736 £0.55 4.63+0.03 82.77+221
CLIP-CA-GAN 14.06+£0.38 533+£0.05 79.244+1.92

Upon analyzing the data in Table 5, it becomes evident
that CLIP-CA-GAN exhibits distinct performance advan-
tages. Its FID value is 14.06 & 0.38, outperforming DF-GAN
and DM-GAN, with a reduction of 5.06% and 12.62% re-
spectively. This implies that by leveraging CAM to achieve
semantic alignment within the CLIP embedding space, the
mode-collapse problem is mitigated, and the generated
images possess higher visual quality and distribution con-
sistency, bearing a closer resemblance to real-world images.

The IS value of CLIP-CA-GAN is 5.33 £ 0.05. When
compared to the second-best model RAT-GAN 5.36 £ 0.20,
while maintaining a comparable IS value, the standard
deviation is decreased by 60%, demonstrating that the
model has a stable distribution-modeling capability. The
R -precision value is 79.24 , representing a 4.4% increase
compared to the baseline SSAGAN. Additionally, although
this indicator is lower than that of ITSC-GAN, the IS of
CLIP-CA-GAN has increased by 15.55%, indicating that
while preserving semantic fidelity, the diversity of gener-
ated samples has not been compromised.

To further evaluate the generality of CLIP-CA-GAN,
a referential comparison was conducted between it and
mainstream diffusion models on the COCO dataset, and
the results are presented in Table 6. It should be noted
that the diffusion models were pre-trained with massive
data, having billions of parameters, and were evaluated
in a zero-shot manner. In contrast, CLIP-CA-GAN was
trained from scratch only on the COCO dataset, with only
13.06 million parameters. Table 6 shows that the FID (7.27-
11.84) of the diffusion models is superior to that of our
model (16.09), but their training and inference costs are
extremely high. In addition, the IS of CLIP-CA-GAN is

491 . While being lightweight and efficient, it achieves
good generation quality, making it suitable for resource-
constrained scenarios.

Table 6. Comparison of Image Generation Quality on

COCO Dataset.
Model Params FID| ISt
DALLeE 2 ~65B 10.39 -
Imagen ~3B 7.27 -
Stable Diffusion ~1B 11.2 -
CogView?2 ~45B 135 -
CLIP-CA-GAN 13.06 M 16.09 4091

Fig. 5 shows a comparison of the image generation ef-
fects of some models. The analysis results of the image
generation quality of each model are as follows:

Feature Accuracy : Diffusion models (DALL®E 2, Ima-
gen, Stable Diffusion) produce images with a high degree of
realism and abundant details. However, their fine-grained
semantic alignment capabilities are relatively weak, mak-
ing it difficult to precisely map specific words in the text
to relevant regions in the image. CLIP-CA-GAN, by lever-
aging CAM to achieve dynamic word-region alignment,
can accurately generate the details emphasized in the text,
with clear forms of tiny objects. In contrast, models like
ATTN-GAN and ITSC-GAN have problems such as blurred
or missing details.

MiTorGAN
Db GAN

MnGAN

z
E 2
B £

Inmgn

Fig. 5. A Comparative analysis of images generated by

various models.

Color Consistency : Diffusion models generate images
with natural colors and smooth transitions. The model
proposed in this paper, through the cooperation between
the CLIP semantic foundation and CAM, enables more
precise control of color distribution. The color regions are
accurate, and the transitions are natural, thus avoiding



Qiuyong Huang and Ailong Tang

Table 7. Model performance comparison.

Model

Generator G

Discriminator D

Training time/epoch

Params FLOPs Params FLOPs

MirrorGAN 2751M 1.043G 29.77M 1.174G 317.09s
AttnGAN 16.42M 0565G  13.29M  0.406G 195.23s
DT-GAN 19.26M 0.749G 14.62M 0.582G 253.95s
DF-GAN 1945M 0.681G 2248M 0.905G 303.82s
DM-GAN 1483M 0431G 1917M  0.786G 221.36s
RAT-GAN 1417M 0409G 16.03M 0.674G 97.79s
SSA-GAN 16.94M 0.606G 1328M 0.395G 89.55s
ITSC-GAN 14.76M 0489G 1655M 0.652G 94.25s
CLIP-CA-GAN 13.06M 0.388G 1521 M 0464 G 93.25s

misalignment or overflow. Other comparative models have
insufficient understanding of descriptions of mixed colors,
resulting in rather harsh color transitions.

Text Relevance : The implicit alignment mechanism
of diffusion models leads to a relatively weak correlation
between text and image, with limited precision in seman-
tic control. CLIP-CA-GAN, through explicit word-region
alignment, generates images that are highly relevant to
the text description and can accurately reflect details in
complex descriptions. Other models have slightly weaker
word-level feature parsing capabilities, presenting issues
such as discrepancies between the image and the descrip-
tion, as well as local deformations.

3.5. Comparison of Model Complexity

To evaluate the model efficiency, Table 7 compares the com-
plexity of each model in terms of Params, FLOPs and train-
ing time.

An analysis of Table 6 shows that the number of Params
of the generator in CLIP-CAGAN is 13.06 M , which is
substantially lower than that of models such as Mirror-
GAN, AttnGAN, and DF-GAN. When compared to the
second-best model, RAT-GAN, it has decreased by 7.8%.
The FLOPs of its generator is 0.388 G , which is 62.8% and
48.2% less than those of MirrorGAN and DT-GAN respec-
tively.

In the discriminator, the number of parameters of CLIP-
CA-GANis 15.21 M, which is at a medium level. Although
it is higher than that of SSA-GAN and AttnGAN, it is 48.9%
lower than that of MirrorGAN. The FLOPs is 48.7% and
41.0% less than those of DF-GAN and DMGAN respec-
tively.

The training time of CLIP-CA-GAN is 93.25 s/epoch,
which is slightly higher that that of SSA-GAN ( 89.55s )
and ITSC-GAN ( 94.25 s ). However, the difference is less
than 4%, within the optimal range of the same order of
magnitude. This indicates that through the collaborative
optimization of CAM and CLIP feature fusion, the model

achieves efficient utilization of computing resources while
maintaining the generation quality.

3.6. Ethical considerations

T2I generation technology may potentially pose ethical
risks in practical applications. The main risks and mitiga-
tion strategies are as follows:

Data Bias: Pre-trained models may have implicit biases,
resulting in stereotypes in the generated results. Mitigation
methods: Bias auditing, fine-tuning with balanced data,
and informing users of uncertainties.

Content Misuse: It may be used to generate mislead-
ing or harmful information. Mitigation methods: Content
filtering, adding invisible watermarks, complying with reg-
ulations, and explicitly prohibiting malicious uses.

Copyright Issues: The training data may involve copy-
righted works, and the definition of copyright for the gen-
erated content is not yet clear.

4. Conclusions

In response to the bottleneck of fine-grained alignment
in the text-to-image generation task, this paper proposes
an innovative integration at the generation mechanism
level and constructs the CLIP-CA-GAN model. Its core lies
in the new mechanism of "dynamic semantic negotiation
under prior guidance": By integrating CLIP as the semantic
foundation and introducing CAM to perform continuous
dynamic alignment in the CLIP space, the binding of text
and image from global to local is achieved. Experimental
results show that this model has excellent performance in
terms of FID, IS, R-precision, and computational efficiency,
verifying the effectiveness of the proposed solution in this
paper. It not only endows GANSs with powerful semantic
understanding capabilities but also provides a lightweight
dynamic alignment idea that can be borrowed by diffusion
models and Transformers, which is expected to promote
the further development of efficient and controllable cross-
modal generative models.
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It must be objectively noted that this study still has
certain limitations. Firstly, the model’s semantic under-
standing is restricted by the CLIP encoder, and it may per-
form suboptimally for rare concepts or complex combined
semantics. Secondly, the current evaluation is centered
around relatively standardized benchmark datasets, and
the model’s generalization ability in zero-shot scenarios
involving highly complex scene compositions, diverse ob-
ject interactions, and abstract visual descriptions requires
further verification.

Future research directions are as follows: Firstly, explore
a cascaded or hybrid architecture with diffusion models.
Employ this model to generate semantic structures and
combine them with the rendering capabilities of diffusion
models for detail enhancement, aiming to strike a new bal-
ance between speed and quality. Secondly, consider the
dynamic fine-grained alignment mechanism as a general
conditional injection method and attempt to transfer and
optimize the controllability of the Transformer-based au-
toregressive image generation model. Thirdly, extend the
research from static images to temporal dynamic gener-
ation, and investigate the problem of maintaining cross-
frame semantic consistency in text-to-video generation.
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