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Abstract. This research investigates the challenges posed 

by the predominant focus on English language text-to-

image generation (TTI) because of the lack of annotated 

image caption data in other languages. The resulting 

inequitable access to TTI technology in non-English-

speaking regions motivates the research of multilingual 

TTI (mTTI) and the potential of neural machine 

translation (NMT) to facilitate its development. The 

study presents two main contributions. Firstly, a 

systematic empirical study employing a multilingual 

multi-modal encoder evaluates standard cross-lingual 

NLP methods applied to mTTI, including TRANSLATE 

TRAIN, TRANSLATE TEST, and ZERO-SHOT 

TRANSFER. Secondly, a novel parameter-efficient 

approach called Ensemble Adapter (ENSAD) is 

introduced, leveraging multilingual text knowledge 

within the mTTI framework to avoid the language gap 

and enhance mTTI performance. Additionally, the 

research addresses challenges associated with 

transformer-based TTI models, such as slow generation 

and complexity for high-resolution images. It proposes 

hierarchical transformers and local parallel 

autoregressive generation techniques to overcome these 

limitations. A 6B-parameter transformer pretrained 

with a cross-modal general language model (CogLM) 

and fine-tuned for fast super-resolution results in a new 

text-to-image system, denoted as It, which demonstrates 

competitive performance compared to the state-of-the-

art DALL-E-2. Furthermore, It supports interactive 

text-guided editing on images, offering a versatile and 

efficient solution for text-to-image generation. 
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1 INTRODUCTION 

 

The area of Text-to-Image Generation (TTI) has 

experienced significant advancements in recent years, 

propelled by the emergence of large-scale pretrained 

transformers such as DALL-E and CogView. These 

models revolutionized the way images are generated 

from textual descriptions, providing more accurate and 

diverse outputs. However, one of the key challenges in 

TTI remains the language barrier, especially when 

dealing with multilingual contexts. Bridging 

languages through images is essential for enabling 

cross-lingual communication and understanding in 

many different contexts, including as visual 

storytelling, image captioning, and machine 

translation. 

In this work, we suggest a Multilingual Text-to-Image 

Synthesis Approach that aims to deal with the 

language diversity issue in jobs involving the creation 

of images. By leveraging the potential of deep learning 

models and pretrained transformers, our method seeks 

to produce photos of superior quality from textual 

descriptions in multiple languages. Through a 

thorough review of existing literature and 

methodologies in the field of text-to-image generation, 

we identify the constraints of current approaches and 

introduce the motivation behind developing our 

approach, named CogView. 

Our research focuses on enhancing the accuracy of 

semantic objects for generative text-to- image 

synthesis, aiming to improve the fidelity and diversity 

of produced images across different languages. By 

integrating multilingual capabilities into the Text-to-

Image Diffusion Model, we strive to offer a thorough 

solution for bridging languages through images. The 

expected results of our approach are illustrated, 

demonstrating the possibility of multilingual text-to-

image synthesis in enabling cross-lingual visual 

communication. 

The paper helps to advance multilingual text-to-

image synthesis and lays the starting point for 

additional research in cross-lingual image generation. 

Through addressing the language barrier in TTI tasks, 

our approach opens up new possibilities for enhancing 
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communication and understanding across diverse 

linguistic contexts. 

 

2 RELATED WORK 

 

Over the past few years, the area of text-to-image 

synthesis has witnessed significant advancements, 

driven by the exploration of various approaches and 

models aimed at improving the fidelity and relevance 

of pictures that were produced. The following works 

represent a variety of key contributions in this area: 

2.1 Hinz et al. introduced the accuracy of Semantic 

Objects (SOA) metric as a fresh assessment 

measure for assessing the fidelity of produced 

pictures to textual descriptions [1]. Their work 

addresses the difficulty of accurately reflecting 

complex textual captions in synthesized pictures, 

which is often hindered by the inherent ambiguity 

and subjectivity of language. By explicitly 

modeling individual objects within images and 

introducing a new evaluation metric, Hinz and 

associates. provide a valuable tool for 

quantitatively assessing the alignment between 

textual descriptions and generated visual 

content. 

2.2 Chang et al. proposed Maskgit, a model that 

leverages masking techniques for generative 

image transformation [2]. The Maskgit model 

integrates masking mechanisms into the image 

transformation process, allowing for improved 

control over the generation process and enhancing 

the realism of synthesized images. By selectively 

masking certain regions of the input image during 

the transformation process, Maskgit effectively 

captures and preserves important visual features 

while suppressing irrelevant details, leading to 

more visually appealing results. 

2.3 Ding et al. introduced Cogview, a transformer-

based model designed for text-to-image 

generation [3]. Building upon the success of 

transformer architectures in natural language 

processing tasks, Cogview demonstrates 

improved capabilities in mastering the text-to- 

image generation task. By leveraging attention 

mechanisms and self-attention mechanisms 

inherent in transformer models, Cogview is able to 

effectively capture and integrate textual semantics 

into the image generation process, resulting in 

more coherent and contextually relevant visual 

outputs. 

2.4 Dosovitskiy et al. proposed a transformer-based 

approach for image recognition, wherein images 

are represented as grids of words rather than 

traditional pixel-based representations [4]. By 

adopting a transformer architecture, Dosovitskiy 

et al. demonstrate the potential of transformer 

models in image-related tasks, achieving state-of-

the-art results in image recognition. Their work 

highlights the versatility and effectiveness of 

transformer architectures in handling complex 

visual data and underscores the importance of 

exploring novel approaches in image synthesis 

tasks. 

2.5 Gafni et al. introduced Make-ascene, a text-to-

image generation method that incorporates scene-

based control mechanisms [5]. Unlike traditional 

text-to-image synthesis approaches that focus 

solely on generating images from textual 

descriptions, Make-ascene enables users to exert 

fine-grained control over the generated scenes. By 

introducing elements such as scene editing and 

text editing with anchor scenes, Make-ascene 

enhances the usability and practicality of text-

guided image synthesis systems, opening up new 

possibilities for creative expression and 

storytelling through AI-generated images. 

2.6 Nichol et al. presented GLIDE, a model of text-

guided diffusion designed for creating and 

modifying photorealistic images [6]. By 

leveraging diffusion models as well as text 

guidance, GLIDE achieves high-quality results in 

image synthesis tasks, surpassing previous state-

of-the-art methods regarding fidelity and realism. 

Their work demonstrates the efficiency of 

leveraging textual descriptions to direct the 

picture synthesis process, highlighting the 

potential of text-guided approaches in achieving 

photorealistic results in creation and manipulation 

of images tasks. 

Collectively, these works represent significant 

contributions to the ongoing research efforts in text-

to-image synthesis, offering novel methodologies, 

evaluation metrics, and models for generating 

realistic and contextually relevant images from textual 

descriptions. As the field continues to evolve, further 

exploration and innovation in this area are expected to 

yield even more sophisticated and capable text-to-

image synthesis systems. 
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3 METHODOLOGY 

 

The methodology for the research endeavor "Bridging 

Languages through Images: A Multilingual Text-to-

Image Synthesis Approach" is a meticulously crafted 

framework that encompasses a series of 

interconnected steps aimed at revolutionizing Text-to-

Image Generation (TTI) capabilities by transcending 

linguistic barriers and fostering cross-cultural visual 

communication. This comprehensive methodology 

delves into the intricacies of data collection, model 

architecture design, training strategies, ensemble 

techniques, evaluation metrics, and results analysis, 

offering a detailed roadmap for researchers to navigate 

the complex landscape of multilingual image 

synthesis. 

 

3.1 Data Collection and Preprocessing: 

The foundational stage of the methodology involves 

the meticulous curation of a diverse and inclusive 

dataset comprising image-text pairs in multiple 

languages, with a deliberate focus on languages 

beyond English to ensure representation and cultural 

diversity. The data undergoes rigorous preprocessing 

to standardize formats, eliminate noise, and enhance 

the quality of input data for training the multilingual 

TTI model. Advanced data augmentation techniques 

are employed to enrich the dataset, improve model 

generalization, and capture the nuances of diverse 

linguistic expressions. 

 

3.2 Model Architecture Design and Innovation: 

At the heart of the methodology lies the innovative 

design of a cutting-edge multilingual text-to-image 

synthesis model that transcends traditional language 

boundaries and embraces cultural diversity. The model 

architecture is meticulously crafted to incorporate a 

multilingual multi-modal encoder capable of 

processing diverse linguistic inputs and generating 

high-fidelity images across a spectrum of languages. 

A sophisticated hierarchical transformer architecture 

is adopted to facilitate seamless information flow, 

context preservation, and efficient image synthesis, 

particularly for tasks requiring intricate high-

resolution generation. 

 
Figure 3.2: The Block diagram of Multi lingual 

Text to Image Generation 

 

The system architecture as show in Figure 3.2 

displays the process for generating images based on 

input Kannada text. 

 

I. Input Kannada Text: 

The process begins with the user providing input in 

Kannada text, likely describing the content or scene 

for the image generation. 

 

II. Translate to English Using Google Translate: 

The Kannada text is then translated to English using 

Google Translate. This step is crucial if subsequent 

models or tools in the system work more effectively 

with English text. 

 

Formation of Vectors Using GPT (Generative Pre-

trained Transformer): 

The translated English text is fed into a GPT model. 

GPT is a particular kind of transformer model that 

excels at natural language understanding and 

generation. It can convert the translated text into a 

vector representation, capturing the semantic meaning 

and the background of the input. 

 

III. Generate Image Vectors using Diffusion Model: 

The vector representation obtained from GPT is 

subsequently fed into a diffusion model. One kind of 

generative model that can produce images is the 

diffusion model. It utilizes the vector representation 

use the text to direct the creation of the images process, 

incorporating the semantic information from the text 

input into the image vectors. 

 

IV. Generate Image: 

The diffusion model produces the image vectors 

according to the input from GPT and other parameters. 

This process includes changing the vector information 

into pixel data to create an illustration of the of the 

described scene or content. 
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V. Display: 

Finally, the the produced picture is displayed to the 

user. This could take the shape of a graphical user 

interface, a web application, or another display 

mechanism suitable for the intended user interaction. 

 

3.3 Training Strategy Implementation and 

Optimization: 

The training strategy is meticulously crafted to 

leverage the power of pre-trained English TTI models 

as a foundational framework for extending TTI 

capabilities to diverse languages through the strategic 

application of cross-lingual transfer learning 

methodologies. The methodology explores a spectrum 

of innovative techniques, including TRANSLATE 

TRAIN, TRANSLATE TEST, and ZERO-SHOT 

TRANSFER, to adapt the prototype for new 

languages with minimal retraining. Fine-tuning 

procedures are optimized to strike a delicate balance 

between language-specific features and cross-lingual 

knowledge transfer, thereby enhancing the 

multilingual TTI model's performance and 

adaptability. 

 

3.4 Ensemble Adapter (ENSAD) Integration and 

Parameter Efficiency: 

A groundbreaking approach known as Ensemble 

Adapter (ENSAD) is introduced to the methodology 

as a pivotal mechanism for consolidating multilingual 

text knowledge within the TTI framework with 

unparalleled efficiency and efficacy. ENSAD acts as a 

parameter- efficient solution that intelligently weighs 

and integrates linguistic features from diverse 

languages, bridging the language gap and enhancing 

the model's multilingual capabilities. The ensemble 

technique not only strengthens the model's flexibility 

in a variety of linguistic contexts but also fosters cross-

cultural understanding and promotes inclusive image 

synthesis practices. 

 

3.5 Evaluation Metrics and Quality Assessment 

Framework: 

The evaluation phase of the methodology is 

characterized by an exhaustive evaluation of the 

multilingual TTI model's performance using a diverse 

array of standard image generation metrics, including 

but not limited to Inception Score, Fréchet Inception 

Distance, and perceptual similarity measures. 

Furthermore to quantitative metrics, the methodology 

incorporates qualitative assessments through human 

evaluations to gauge the visual quality, linguistic 

coherence, and cultural relevance of the generated 

images across a myriad of languages and cultural 

contexts. The evaluation framework is intended to 

validate the model's effectiveness in producing 

culturally sensitive, visually appealing, and 

linguistically coherent images that resonate with 

diverse audiences. 

 

3.6 Results Analysis, Interpretation, and 

Implications: 

The culminating phase of the methodology involves 

an in-depth examination of the trial findings to assess 

the effectiveness of the suggested approach in bridging 

languages through images and fostering cross-cultural 

visual communication. Comparative analyses between 

the multilingual TTI model and language-specific 

models are conducted to elucidate the benefits of the 

multilingual framework in promoting equitable access 

to TTI technology and advancing cross-cultural 

understanding. The implications of the findings are 

covered in a nuanced manner, highlighting the model's 

performance, scalability, and potential applications in 

diverse linguistic settings, thereby paving the 

direction of upcoming research projects and 

technological developments in the realm of 

multilingual image synthesis 

 

4 RESULTS 

 

 



© July 2025| IJIRT | Volume 12 Issue 2 | ISSN: 2349-6002 

 

IJIRT 182290 INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 1457 

1. Text 

A text is prompted by the user describing the image 

they wish to generate 

 

2. Text-to-Text Embedding: 

Obtain a high-dimensional vector representation (text 

embedding) capturing the semantic content of the input 

textual description. This can be accomplished with a 

pre-trained language model like GPT or through other 

text embedding techniques. 

3. Text Embedding to 64x64 Image: 

Use the text embedding to generate a 64x64 pixel 

image that visually represents the content as stated in 

the text. A diffusion model, like the one put out in the 

architecture, leverages the text embedding to direct the 

production of a lower-resolution image. 

 

4. 64x64 Image to 256x256 Image: 

Upscale the 64x64 image to a higher resolution of 

256x256 pixels while preserving and enhancing 

details. specifics. Make use of super-resolution 

methods like generative adversarial networks (GANs) 

or convolutional neural networks (CNNs), to make 

this happen upscaling. 

 

5. 256x256 Image to 1024x1024 Image: 

Further upscale the 256x256 image to a higher 

resolution of 1024x1024 pixels, maintaining clarity 

and enhancing finer details. Apply additional super-

resolution techniques to achieve the desired image 

resolution. 

• Super-Resolution Text-to-Image Diffusion Model: 

1. Text-to-Text Embedding: 

Same as above—obtain a high-dimensional vector 

representation (text embedding). 

 

2. Text Embedding to 64x64 Image: 

Generate a 64x64 pixel image using the text 

embedding as a guide, incorporating details from the 

text. Employ a diffusion model suitable for super-

resolution tasks. 

 

3. 64x64 Image to 256x256 Image (Super-

Resolution): 

Leverage super-resolution diffusion techniques to 

upscale the 64x64 image to 256x256 pixels, 

emphasizing higher image fidelity. Utilize advanced 

super-resolution model capable of preserving and 

enhancing image details during upscaling 

5 CONCLUSION AND FUTURE WORK 

 

Conclusion: 

In conclusion, this research underscores the 

transformative potential of multilingual Text-to- 

Image Generation (mTTI) as a means to bridge 

linguistic disparities and democratize access to TTI 

technology across diverse language communities. By 

leveraging cross-lingual transfer learning techniques 

from Natural Language Processing and neural 

machine translation (NMT) , the study proposes a 

pragmatic approach to extend the capabilities of TTI 

models beyond English, mitigating the risks of 

technological exclusivity and inequitable access. 

Through empirical investigation and theoretical 

analysis, the research lays the groundwork for future 

advancements in mTTI, emphasizing the importance 

of collaboration, innovation, and interdisciplinary 

research in addressing the complex challenges posed 

by linguistic variations in TTI systems. 

 

Future Work: 

Looking ahead, several avenues for future research 

emerge from this study. Firstly, further empirical 

evaluation and refinement of multilingual TTI models 

are warranted to assess their performance across 

diverse languages and cultural contexts. Additionally, 

investigating new methods for data augmentation, 

domain adaptation, and fine-tuning of pre-trained 

models could enhance the resilience and broader 

applicability capabilities of mTTI systems. Moreover, 

investigating the incorporation of of user-generated 

content and user feedback mechanisms into mTTI 

frameworks can foster user engagement and 

strengthen the relevance and applicability of generated 

images. Lastly, addressing ethical, legal, and societal 

implications, such as bias and representation issues, in 

multilingual TTI development warrants careful 

consideration and interdisciplinary collaboration. By 

pursuing these avenues, future research endeavors can 

continue to push the boundaries of mTTI technology 

and contribute to a more inclusive and equitable digital 

landscape. 

 

Appendix 

A Multilingual Text-to-Image Synthesis Approach." 

It includes details on data collection methods, 

encompassing sources and preprocessing techniques 

utilized for textual and image data in multiple 
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languages. Additionally, it elucidates the architecture 

of the multilingual text-to-image synthesis model, 

providing insights into neural network layers, 

activation functions, and specialized components 

incorporated. The experimental setup section 

delineates the hardware, software, and configurations 

employed for model training and evaluation, while the 

evaluation metrics subsection elucidates the criteria 

utilized to assess the model's performance, 

encompassing standard metrics like BLEU score, 

SSIM, and Perceptual Distance, alongside any custom 

metrics devised. Results are thoroughly presented, 

incorporating tables, graphs, and qualitative analysis 

of generated images across different languages. 

Furthermore, additional examples of synthesized 

images are provided to further illustrate the model's 

capabilities. Implementation details shed light on the 

practical aspects of deploying the multilingual text-to-

image synthesis approach, including code snippets, 

libraries, and custom functions. Ethical considerations 

are also addressed, encompassing issues of data 

privacy, bias, and cultural sensitivity. Lastly, potential 

avenues for future research and enhancements to the 

proposed approach are discussed, suggesting 

directions for further exploration and experimentation. 
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