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Abstract. With the rapid development of deep learning, text-to-image
generation technology has demonstrated significant application value in
multiple domains, including content creation, automated design, and virtual
reality. However, the quality of generated images is influenced by numerous
factors, among which text input length and syntactic structure may play
critical roles in generation efficiency and final image quality. This study
aims to comprehensively investigate the impact of textual length and
grammatical structures on text-to-image generation tasks, with the goal of
optimizing the practical performance of the RAT-Diffusion model. Based
on baseline methods for text-to-image generation in small-scale datasets, the
paper designed and conducted a series of targeted experiments to evaluate
the performance of short, medium-length, and long texts, as well as texts
with varying syntactic structures, using quantitative metrics such as Fréchet
Inception Distance (FID) and Inception Score (IS). The findings reveal that
moderate text length and well-structured syntax enhance generation quality,
while excessively long texts or overly complex grammatical structures may
degrade output quality. These insights provide novel approaches for textual
optimization, effectively improving the controllability and practicality of
text-to-image generation, thereby offering valuable references for research
and applications in related fields.

1 Introduction

With the rapid advancement of artificial intelligence, text-to-image generation has emerged
as a pivotal research area, demonstrating transformative potential across diverse
applications—from creative design and virtual reality to medical imaging synthesis and
educational visualization. By translating textual descriptions into visual representations, this
technology significantly enhances creative efficiency and diversifies visual expression.
However, current text-to-image generation models predominantly rely on large-scale training
datasets, which are often impractical to acquire in real-world scenarios, particularly in
specialized domains where data collection and annotation incur substantial costs.
Furthermore, textual input—the cornerstone of text-to-image synthesis—exhibits a critical
influence on generation outcomes through its length and grammatical structure [1]. Despite
this, many users lack systematic understanding of text optimization when interacting with
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image-generation tools. For instance, novice users may input overly verbose descriptions,
leading to inefficiencies or inaccuracies, while others may use overly concise prompts,
resulting in images lacking critical details. Optimizing textual inputs to improve generation
quality and reduce computational costs thus holds significant practical value. By elucidating
how distinct textual features impact image synthesis, this study aims to refine model design
and usage strategies, ultimately enhancing both efficiency and output fidelity.

Addressing the challenges of text-to-image generation in small-scale datasets, this paper
systematically investigates the interplay between textual characteristics (e.g., length,
grammatical complexity) and generative outcomes. Through rigorous experimentation and
analysis of baseline methodologies, we quantify the effects of varying text lengths on
generation quality and efficiency, evaluate how syntactic complexity influences semantic
interpretation and accuracy, and propose optimized text-input strategies. Our findings
provide actionable insights for improving model applicability, enabling users to design and
utilize text-to-image models more effectively.

2 Related Work

Text-to-image generation requires extensive training data to synthesize high-quality images.
Early methods primarily relied on pixel-level generative models such as Variational
Autoencoders (VAEs) and Generative Adversarial Networks (GANs) [2]. While these
models achieved preliminary success in text-to-image translation, they exhibited limitations
in handling complex scenes and fine-grained details. Recently, diffusion models have
emerged as a paradigm shift, leveraging iterative denoising processes to generate images with
superior detail preservation [3]. To address the training bottlenecks in small-scale datasets,
researchers have proposed diverse data augmentation strategies. Ho et al. developed a text
feature linear extrapolation method that expands training samples by 30xusing web search
engines, coupled with a dual anomaly detection mechanism (text-image embedding
similarity > 0.7 and generation confidence > 0.9). This approach reduced the FID by 21.3%
on the MS COCO dataset [4]. To further enhance long-text generation, Huawei Technologies
proposed a dynamic feature fusion-based text augmentation algorithm (CN113674383B) [5],
employing a progressive weight adjustment strategy to mitigate long-text information
overload. Experimental results demonstrated an 18% improvement in detail accuracy for
avian images under 150-word inputs, achieved through multi-stage attention mechanisms for
semantic focusing [6]. Radford et al. revealed in CLIP-guided cross-modal alignment studies
that FID metrics degrade when text semantic vector dimensionality exceeds 2048, correlating
with text complexity-induced generation quality suppression [7]. While existing methods
expand data diversity, they often fail to capture nuanced long-text semantics. In this work,
we integrate dynamic feature fusion with cross-modal alignment theory to optimize text
length and syntactic structures. Baseline approaches include linear extrapolation-based data
augmentation [8], where text features are extrapolated and paired with internet-retrieved
images. Two outlier detectors (text-embedding similarity and confidence thresholds) purify
retrieved pairs, constructing datasets orders of magnitude larger than originals. Additionally,
a NULL-guided score estimation framework with recursive affine transformations refines
text information fusion [9]. These efforts lay foundational insights for small-dataset text-to-
image generation.
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3. Methodology

3.1 Experimental Design

To systematically investigate the impact of textual features on text-to-image generation, this
study conducts a series of controlled experiments. Key variables include text length (short,
medium, long) and syntactic complexity (simple, moderate, complex) [10], with multiple
evaluation metrics quantifying experimental outcomes [11].

3.1.1 Experimental Variables

Text Length: Based on text length (tested across multiple gradients ranging from 10 to 150
words) and syntactic complexity (evaluated through a dual framework of syntactic structures
and modifier density), language samples can be categorized as follows: Simple corresponds
to foundational grammatical frameworks, Moderate demonstrates balanced structures
adhering to subject-verb-object patterns with measured modifiers, while Complex integrates
multi-layered combinations of subordinate clauses, compound sentences, and rhetorical
devices, forming a multi-layered expressive framework.

3.1.2 Procedure

The workflow begins with rigorous data preprocessing, where text descriptions undergo
systematic cleaning and standardization—including syntax correction, redundancy removal,
and semantic categorization—to ensure feature distinctiveness and cross-sample
comparability. Subsequently, a diffusion-based text-to-image model is trained on a curated
small-scale dataset, optimized through baseline augmentation techniques like randomized
cropping and noise injection to strengthen generalization capabilities. Finally, the framework
synthesizes images aligned with each text category and conducts multi-dimensional
evaluation, combining quantitative metrics (Fréchet Inception Distance for fidelity, Inception
Score for semantic coherence) with human-annotated quality assessments to holistically
validate output consistency and perceptual authenticity.

Fréchet Inception Distance (FID)

FID quantifies the distributional divergence between generated and real images in feature

space:
FID=llur —pugl* +Tr(Er+2_g-2/ErI_9) Q)
where:
p r, u_g: Feature means of real and generated images from Inception-v3 intermediate
layers.

¥ r, X g: Feature covariance matrices.
Tr(-): Matrix trace operation.
Y5: Square-root symbol
Lower FID values indicate closer alignment between generated and real distributions,
reflecting balanced fidelity and diversity [12].
Inception Score (IS)
IS evaluates both sample quality and diversity:
IS =exp(E_{x~p_g}[DAKL} (v |x)|lp(¥)D (2)
where:
p(y[x): Conditional class distribution for generated image x.
p(y): Marginal class distribution.
KL(+): Kullback-Leibler divergence.
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Higher IS values denote clearer generated samples (high confidence) and broader
semantic coverage (low entropy), effectively detecting mode collapse [13].

3.2 Data Collection

Datasets: 1. CUB (Caltech-UCSD Birds): 11,788 images of 200 bird species. 2. Oxford 102
Flowers: 102 flower classes with 8,189 images. 3. MS COCO: 328,000 images across 80
object categories.

Rationale: These datasets cover diverse visual domains (animals, plants, objects) and
provide standardized benchmarks for text-to-image evaluation.

3.3 Data Analysis

The headings of each section that should be used are as follows: Generation Model and
Evaluation Indicators: A text-to-image generation model based on a diffusion model is used,
and Fréchet Inception Distance (FID) is used as the main evaluation indicator (the lower the
value, the better the quality). Inception Score (IS) and other indicators are also used to
measure the quality and diversity of generated images (the higher the value, the better the
quality).

(1) Calculate the generation time and observe the impact of different text inputs on
efficiency.

(2) Calculate FID and IS indicators to quantify image quality.

4 Results

4.1 Analysis of generation efficiency

Table 1 Comparison of image generation efficiency under different text lengths

Text length (number of words) Average generation time (seconds)
10 3.2
20 3.8
50 4.5
100 6.2
150 8.4

From the data in Table 1, it can be seen that the longer the text length, the longer the
generation time, especially when the text input is more than 100 words, the generation time
increases significantly. This shows that the model needs more computing resources when
parsing complex text, which affects the generation efficiency.

4.2 Analysis of generated image quality

Table 2 The dual constraint effect of text length on the performance of the generation model

Text length (number of | FID (the lower the better) IS (the higher the better)
words)

10 21.5 2.8

20 19.2 3.4

50 18.0 3.9

100 16.7 4.2

150 15.5 4.5
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The FID index in Table 2 gradually decreases with the increase of text length, indicating
that the richer the text information, the better the generated image quality. The IS index tends
to be stable when the text length reaches more than 50, indicating that the generated images
maintain good diversity.

4.3 Effect of grammatical complexity

Table 3 Nonlinear effect of grammatical complexity on generation quality

Grammatical complexity | FID (the lower the better) IS (the higher the better)

simple 17.8 3.8
medium 16.5 4.1
complex 18.9 3.5

Table 3 shows that medium-complexity grammar is most conducive to generating high-
quality images (lowest FID, highest IS). When the grammar is too simple, the model may not
be able to obtain enough detailed information, resulting in a decrease in generation quality.
When the grammar is too complex, the model's understanding ability is limited, which may
lead to semantic ambiguity, thus affecting image quality.

5 Discussion

5.1 Limitations of the research method

This research comprehensively examines the impact of textual input features—specifically
sentence length and grammatical complexity—on text-to-image generation performance
through a rigorously designed experimental framework. The methodology employs multi-
group comparative experiments with controlled variables, systematically evaluating outputs
generated from text inputs of varying linguistic structures. Quantitative measurements
including generation efficiency (time cost), image quality (Fréchet Inception Distance, FID),
and semantic accuracy (Inception Score, IS) are integrated to establish multidimensional
performance benchmarks. The study adopts the mainstream RAT-Diffusion architecture, a
transformer-enhanced diffusion model, to ensure alignment with contemporary generative
paradigms and enhance the generalizability of experimental findings.

While the research demonstrates methodological thoroughness, several limitations
warrant acknowledgment. First, the corpus primarily relies on standardized datasets,
potentially limiting linguistic diversity coverage, particularly regarding domain-specific
terminologies or unconventional syntactic patterns. Second, despite employing objective
metrics, the absence of human-centric evaluation mechanisms—such as perceptual user
surveys or expert-based aesthetic assessments—constrains comprehensive quality analysis,
as computational scores may not fully reflect subjective visual coherence. Third, the scope
focuses on static image synthesis, omitting exploration of dynamic multi-scene generation
capabilities critical for real-world applications.

5.2 Future Improvement Directions

In view of the impact of text length and grammatical complexity on image generation quality
found in the experimental results, optimization can be carried out from multiple angles in the
future. First, natural language processing (NLP) technology can be introduced to intelligently
optimize text input. Through grammatical parsing and syntactic structure adjustment, the
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input text can be improved in semantic clarity and readability while ensuring information
integrity [14]. In addition, reinforcement learning (RL) can be combined to establish an
optimization system based on user feedback, so that the model can automatically adjust the
text input so that the generated image is more in line with user needs. On the other hand,
multimodal fusion can be explored in the future [15], such as combining voice input or
gesture input, so that users can interact with Al systems in a more intuitive way. Further
improvement directions also include building a more efficient prompt word optimization
model so that users can obtain the best generation effect without manually adjusting the text.
These improvement measures will effectively improve the intelligence and applicability of
the text-to-image system, enabling it to be more widely used in different fields.

5.3 Application Scenario Discussion

The findings of this investigation demonstrate significant cross-domain applicability with
three principal implementation pathways. Within user interface (UI) design automation, the
optimized text-to-image framework enables rapid visualization of interface prototypes by
translating high-level design specifications into spatially coherent layouts, effectively
streamlining iterative workflows between designers and developers. For accelerated digital
content production, particularly in gaming and multimedia industries, the enhanced model
demonstrates proficiency in generating multi-layered scene compositions with precise object
positioning and style consistency, substantially reducing manual concept art development
cycles. Creative assistance systems represent a third critical application, where artists can
leverage text-refined generation capabilities to instantiate preliminary visual concepts
through dynamic sketch iteration, thereby enhancing human-Al collaboration dynamics in
conceptual design phases.

6 Conclusion

This study conducted an in-depth study on the impact of text length and grammatical
complexity on the text-generated image RAT-Diffusion system, and experimentally verified
the impact of different text input methods on generation efficiency and image quality. The
experimental results show that when the text length is between 50-100 words, it can ensure
sufficient semantic information while avoiding excessive computational overhead, thereby
achieving optimal generation efficiency. In terms of grammatical complexity, a medium-
complexity grammatical structure helps improve image quality and can help the model better
parse text and generate more accurate images, but overly complex grammar may cause
semantic information to be dispersed, affecting the generation effect. Based on the
experimental findings, this paper proposes several optimization strategies, including using
NLP technology to automatically optimize text input, combining reinforcement learning to
improve the matching degree between text and image, and exploring multimodal fusion to
improve user interaction experience. These optimization schemes provide new directions for
the future development of text-to-image technology, and also provide valuable support for
practical applications such as Ul design, rapid prototyping, and intelligent assisted painting.
Future research can further expand the experimental data set to cover a wider range of text
types, and combine more accurate user feedback mechanisms to optimize the system's
generation logic. In addition, joint optimization techniques based on multimodal data can be
explored, such as combining vision-text-speech fusion to improve the model's ability to
understand complex scenes, making it more applicable and generalizable. In summary, this
study provides valuable theoretical support for text-to-image generation tasks, and provides
new ideas for optimization in practical applications, which will help promote the further
development of Al generation technology.



ITM Web of Conferences 78, 04010 (2025) https://doi.org/10.1051/itmconf/20257804010
CSEIT 2025

References

1.

10.

11.

12.

13.

14.

15.

Zhang, C., et al.: 'Text-to-image diffusion models in generative Al: A survey', arXiv
preprint arXiv:2303.07909. 2023

Dhariwal, P., & Nichol, A.: Diffusion models beat GANs on image synthesis',
Advances in Neural Information Processing Systems, 34, 8780-8794. 2021

Saharia, C., et al.: 'Photorealistic text-to-image diffusion models with deep language
understanding', arXiv preprint arXiv:2205.11487. 2022

Ho, J., Jain, A., & Abbeel, P.: 'Denoising diffusion probabilistic models', Advances in
Neural Information Processing Systems, 33, 6840-6851. 2020

Zhao, H., & Li, W.: 'Text-to-image generation model based on diffusion Wasserstein
GANSs', IEEE Transactions on Pattern Analysis and Machine Intelligence. 2023
Huawei Technologies Co., Ltd.: 'Method and device for generating text images',
CN113674383B[P]. 2025

Radford, A., et al.: '"Learning transferable visual models from natural language
supervision', International Conference on Machine Learning (pp. 8748-8757). PMLR.
2021

Liu, Z., et al.: 'A review of conditional image generation based on diffusion models',
ACM Computing Surveys, 56(3), 1-35. 2023

Rombach, R., et al.: 'High-resolution image synthesis with latent diffusion models',
IEEE/CVF Conference on Computer Vision and Pattern Recognition (pp. 10684-
10695). 2022

Kontaratou, A., & Braithwaite, L.: 'Text-to-image: Latent diffusion models', Journal of
Artificial Intelligence Research, 77, 1123-1156. 2023

Ho, J., & Salimans, T.: 'Classifier-free diffusion guidance', NeurIPS 2022 Workshop
on Score-Based Methods. 2022

Heusel, M., et al.: 'GANSs trained by a two time-scale update rule converge to a local
Nash equilibrium’, Advances in Neural Information Processing Systems, 30. 2017
Salimans, T., et al.; Tmproved techniques for training GANSs', Advances in Neural
Information Processing Systems, 29. 2016

Gal, R, et al.: 'Designing an effective metric for text-to-image synthesis', IEEE
Transactions on Visualization and Computer Graphics, 29(1), 1070-1080. 2022

Awesome-Controllable-T2I-Diffusion-Models. https://github.com/PRIV-
Creation/Awesome-Controllable-T2I-Diffusion-Models. 2024



