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ABSTRACT

Research on text-to-image generation (TTI) still predominantly focuses on the English language due to the
lack of annotated image caption data in other languages; in the long run,this might widen inequitable access
to TTI technology. In this work, we thus investigate multilingual TTI (termed mTTI) and the potential of
neural machine translation (NMT) to bootstrap mTTI systems.We provide two key contributions.

1)Relying on a multilingual multi-modal encoder, we provide a systematic empirical study of standard
methods used in cross-lingual NLP when applied to mTTI: TRANSLATE TRAIN, TRANSLATE

TEST, and ZERO-SHOT TRANSFER.

2)We propose Ensemble Adapter (ENSAD), a novel parameter-efficient approach that learns to weigh and
consolidate the multilingual text knowledge within the mTTI framework, mitigating the language gap and thus
improving mTTI performance.

Development of transformer-based text-to-image models is impeded by its slow generation and complexity,
for high-resolution images In this work, we put forward a solution based on hierarchical transformers and
local parallel autoregressive generation.

We pretrain a-parameter transformer with a simple and flexible self-supervised task, a cross- model general
language model (CogLM), and fine tune it for fast super-resolution. The new text-to-image system, It,shows
competitive generation performance to the concurrent state- of-the-art DALLE-2 and naturally supports
interactive text-guided editing on images.

Keyword: Multilingual text to image generation,proposed model, TTI, Ensemble Adapter ENSAD, Neural machine
translation (NMT),Mean Time to Indentify(mTTl), NATURAL LAUNGAGE PROCESS(NLP)

1. INTRODUCTION
The real of Text-to-Image Generation (TTI) has undergone a t ransformative evolution, propelled by the remarkable
strides made in large-scale pretrained transformers like DALL-E and CogView. The capacity of these models to

synthesize images from textual prompts has ushered in a new era of creative possibilities, enabling the generation
of not only high-resolution scenes but also surrealistic and aesthetics-aware artworks. Despite these notable
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accomplishments, a critical limitation persists—the predominant focus on the English language. This exclusivity
arises from the dearth of annotated image caption data in languages other than English, setting the stage creative
The current paradigmatic shift towards multilingual Text-to-Image Generation (mTTI) represents a pivotal effort to
address the linguistic disparities inherent in existing TTI systems. This exploration hinges on the harnessing of
neural machine translation (NMT) as a strategic lever to bootstrap mTTI1 models. The crux of the matter lies in not
merely extending the capabilities of TTI to encompass diverse languages but in doing so with a keen awareness of
the nuanced challenges posed by linguistic variations.

2. LITERATURE SURVEY

1.Generative adversarial networks (GANSs) conditioned on textual image descriptions can create realistic-looking
images. However, they struggle to generate images based on complex captions and accurately reflect the textual
descriptions. Evaluating these models is challenging, as most metrics focus on image quality rather than conformity
between the image and its caption. It explicitly models individual objects within an image and introduces a new
evaluation metric, Semantic Object Accuracy (SOA). The authors likely detail the approach and techniques used in
their research. This may include the architecture of the generative model, the dataset used for training and evaluation,
and the specifics of the proposed Semantic Object Accuracy metric. The paper introduces the Semantic Object
Accuracy metric, explaining how it measures the fidelity of generated images to the semantic information present
in the input text. This could involve considerations for object recognition, alignment with textual descriptions, and
overall semantic coherence.The authors present the results of their experiments, comparing the performance of their
proposed metric with other existing evaluation metrics. This section includes quantitative assessments, visual
comparisons, and potentially insights into the strengths and limitations of the proposed approach.

2.The paper "Maskgit: Masked Generative Image Transformer" explores advancements in the field of generative
image transformation. The title suggests that the proposed model, referred to as Maskgit, involves the use of masking
techniques in the image transformation process. The abstract may provide a concise overview of the model's
architecture, methodology, and potential applications.The introduction section of the paper sets the context for the
research, discussing the significance of generative image transformation and the specific challenges or limitations
that the Maskgit model aims to address. It may also touch upon the motivation behind incorporating masking
techniques.This section reviews existing literature and research related to generative image transformation and
masking techniques. It might highlight key approaches and methodologies employed by other models in the field.

3.The paper "Maskgit: Masked Generative Image Transformer" explores advancements in the field of generative
image transformation. The title suggests that the proposed model, referred to as Maskgit, involves the use of masking
techniques in the image transformation process. The abstract may provide a concise overview of the model's
architecture, methodology, and potential applications.The introduction section of the paper sets the context for the
research, discussing the significance of generative image transformation and the specific challenges or limitations
that the Maskgit model aims to address. It may also touch upon the motivation behind incorporating masking
techniques.This section reviews existing literature and research related to generative image transformation and
masking techniques. It might highlight key approaches and methodologies employed by other models in the field.

4.This section would set the context for the research, discussing the importance and challenges of text-to-image
generation. It may touch upon the limitations of existing methods and introduce the motivation behind developing
CogView.A review of existing literature and methodologies related to text-to-image generation would be presented.
This section might highlight the state-of- the-art approaches and how CogView differentiates itself.CogView Model
Acrchitecture details the architecture of the CogView model, emphasizing how transformers are utilized in the text -
to- image generation process. The paper discusses specific components, attention mechanisms, or novel features that
contribute to mastering this task.Details about the dataset used for training and evaluation, training procedures,
hyperparameters, and any specific techniques employed in the text-to-image generation task would be discussed in
this section.The paper also presents the results of experiments conducted to assess the performance of CogView.
This could include quantitative metrics, comparisons with other models, and potentially visual examples

5. The abstract of this paper likely provides a concise summary of the research. It would introduce GLIDE, a text-
guided diffusion model designed for photorealistic image generation and editing. Expect to find an overview of
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the model's key components, its approach to text guidance, and the intended contributions to the field of image
synthesis. This section sets the context by discussing the motivation behind GLIDE. It may highlight the limitations
of existing methods for image generation and editing and introduce the novel aspects of the proposed text-guided
diffusion models. The introduction might also outline the significance of achieving photorealistic results in image
synthesis. The paper would likely review related work in the domain of image generation and editing, providing
insights into the state-of-the-art techniques and methodologies. This section may discuss prior approaches to text-
guided image synthesis and diffusion models.Authors delves into the architecture of the GLIDE model,
explaining how it leverages diffusion models for generating and editing images. There may be discussions on
how text guidance is incorporated into the diffusion process to achieve photorealistic results. This could include
the encoding of textual descriptions, attention mechanisms, or anyother innovative techniques that facilitate
effective text-guided diffusion.Details about the training process, datasets used, hyperparameters, and any specific
considerations in the implementation of GLIDE would be covered in this section. The authors may describe how
they fine-tuned or pre-trained the model to achieve high-quality results.Results from experiments evaluating
GLIDE's performance in photorealistic image generation and editing would be presented. Expect to see both
quantitative metrics and potentially visual comparisons with other state-of-the-art models.

6. Generating realistic images from textual descriptions has been a challenging task in the field of artificial
intelligence. Traditional methods often face difficulties in capturing the nuances and contextual information
embedded within the input text, leading to generated images that may lack coherence or relevance. In this paper,
we introduce ChatPainter, a novel approach aimed at improving text-to-image generation by integrating
conversational context into the synthesis process. By leveraging dialogue data, ChatPainter enhances the semantic
understanding of textual descriptions, enabling more accurate and contextually relevant image
synthesis.ChatPainter operates by incorporating conversational context into the generation pipeline, allowing it to
better understand the implicit meanings and nuances present in the input text. This is achieved through the
integration of dialogue data, which provides additional contextual cues that aid in the interpretation of textual
descriptions. By leveraging the conversational context, ChatPainter is able to produce images that not only
accurately depict the explicit content of the text but also capture the underlying context and nuances, resulting in
more coherent and realistic visual representationsTo evaluate the effectiveness of ChatPainter, we conducted
experiments on benchmark datasets commonly used in text-to-image generation tasks. The results demonstrate
that ChatPainter outperforms existing methods in terms of image quality, diversity, and contextual relevance.
By incorporating conversational context, ChatPainter is able to generate images that are not only visually appealing
but also contextually consistent with the input text. These findings highlight the potential of integrating dialogue
data into the text-to-image generation process to improve the quality and relevance of generated imagesOverall,
ChatPainter represents a significant advancement in the field of text-to-image generation by leveraging
conversational context to enhance the semantic understanding of textual descriptions. By incorporating dialogue
data into the generation pipeline, ChatPainter is able to produce images that better capture the nuances and
contextual information present in the input text, leading to more accurate and contextuallyrelevantimagesynthesis

3. METHODOLOGY

1. Input Kannada Text:

e The process begins with the user providing input in Kannada text, likely
describing the content or scene for the image generation.

2. Translate to English Using Google Translate:

e 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.
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3. Formation of Vectors Using GPT (Generative Pre-trained Transformer):

e The translated English text is fed into a GPT model. GPT is a type transformer model
that excels at natural language understanding and generation. It can be a convert the
translated text into a vector representation, capturing the semantic meaning context of
the input.

4. Generate Image Vectors using Diffusion Model:

e  The vector representation obtained from GPT is then used as input to diffusion model.
A diffusion model is a type of generative model that generate images. It
generationprocess, incorporating the semantic information from the input text into the
image vectors.

5. Generate Image:

e The diffusion model generates the image to vectors based on the input to from GPT
and other parameters. This process involves transforming the vector information into
pixel data to create a visual representation of the described scene or content.

6. Display:
o  Finally, the generated image is displayed to the user. This could be in the form of

graphical user interface, a web application, or any other display mechanism suitable
for the intended user interaction.

Translate to Formation of
et . > 9 ; Vectors Using GPT
Text English Using
Google Translate
Display Generate Image | Generate Image
" B Vectors using
Diffusion Model

Figure 1: The Block diagram of Multi lingual Text to Image Generation
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Figure 2: The Block diagram of Proposed Model
7. Text Encoder :

o Converts textual input, initially in Kannada, and later translated to English. -
Processes input text through a neural network.

e  Common architectures used:

o Recurrent Neural Networks (RNNs): Sequential processing, maintaining a
hidden state.

o Long Short-Term Memory Networks (LSTMs): Handles long-term
adependencies better than RNNs.

o Transformer Models: Uses self-attention for parallel processing and a
captures long-range dependencies efficiently (e.g., BERT, GPT).

e Outputs a dense vector (embedding) that captures the semantic meaning of the input
text.

e Embeddings encode syntactic structures, contextual nuances, and subtle
connotations of the text.

e Handles initial inputs in Kannada and translates them to English, leveraging
extensive NLP resources for English.

e Produces rich and nuanced embedded performance NLP applications.

8. Prior (Bridge):

e The Prior, often referred to as the bridge, is the intermediary step that connects the text
embeddings to the generation of image embeddings.

¢ In this part of the architecture, the text embeddings obtained from the Text Encoder are used to
generate image embeddings. This process forms a bridge between the semantic content of the
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input text and the visual information needed for image generation.

e  The Prior model might involve techniques from generative models, such as diffusion models or
other variants, to generate image embeddings that carry the essential features described in the
input text.

9. Decoder:

e The Decoder is responsible for taking the generated image embeddings from the Prior and
transforming them into a full-fledged image.

o It employs another neural network or generative model, which might be based on architectures
like Generative Adversarial Networks (GANS), Variational Autoencoders (VAES), or other image
synthesis models.

e The Decoder interprets the image embeddings and produces the final image that represents the
visual content described in the input text.

4. 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 lang communities.
By leveraging cross-lingual transfer learning techniques from Natural Language Processing and neural 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 a collaboration
innovation, and interdisciplinary research in addressing the complex challenges posed by linguistic variations in TTI
systems

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 a
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

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 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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