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Abstract: Text-to-image era, driven by later propels in huge dialect models (LLMs), has quickly advanced from simple pixel 
blend to the era of high-resolution, relevantly exact pictures from characteristic dialect prompts. This paper presents a 
comprehensive survey of the basic standards, engineering components, applications, and experimental comes about related to 
LLM-driven text-to-image frameworks. We look at the integration of transformers with generative ill-disposed systems 
(GANs)[1], dissemination models[2], and multi-modal encoders such as CLIP (Contrastive Language Image Pretraining)[3] , 
nearby more current systems like DALLE[6]and Midjourney. The consider too dives into the confinements, moral concerns, and 
versatility challenges inborn in these frameworks. An experimental test comparingthe execution of distinctive models over incite 
sorts is displayed, highlighting their qualities and disappointment modes. The paper concludes with bits of knowledge into future 
patterns, counting real-time era, aesthetic imagination enlargement, and intuitively plan devices. A timeline of major 
breakthroughs is additionally included to follow the fields advancement. 
Keywords: Big language models, text-to-image generation, artificial intelligence, diffusion models, generative adversarial 
networks, clip, dall•e, multimodal learning, image synthesis, prompt engineering. 
 

I. INTRODUCTION 
Recent advancements in natural language processing (nlp) have discovered large language models (llms)[14] that can understand 
and generate human language that is natural, coherent, and rich in meaning[94]. Computer vision has experienced significant 
growth, particularly in the field of image synthesis[58]. Text-to-image synthesis merges the realms of natural language processing 
and computer vision, utilizing textual inputs to generate either realistic or stylized images. This essay explains how language models 
have revolutionized text-to-image generation and how the understanding of language and the ability to visualize images are 
interconnected. The primary goal of this research is to break down the components of architectural design, training methods, and 
practical applications of image generation systems based on llm. We analyze prominent industry players such as openai's dall•e, 
midjourney, stable diffusion, and imagen, which are currently considered the most advanced in the field of multimodal artificial 
intelligence. By examining the performance, limitations, and applications of this paper, it aims to serve as a valuable resource for 
academic research and practical applications. 
 

II. TEXT-TO-IMAGE GENERATION 
Large language model (llm)-driven text-to-image synthesis is an advanced artificial intelligence (ai) process that converts written 
descriptions into visual images that are equivalent in meaning. The process starts with a user giving a prompt, such as "a cat sitting 
on a windowsill," which is then analyzed by the model. The llm transforms the prompt to comprehend the scene, objects, 
relationships, and implied style of the text. This semantic understanding is then typically transformed into an intermediate form, 
such as image embeddings. These embeddings are utilized as guidelines for a diffusion-based or a generative adversarial network 
(gan) model to generate the image. Several systems, including dall•e, imagen, and midjourney, utilize llms in conjunction with 
vision models to accomplish this. The vision model is designed to handle spatial and visual data, while the llm is specifically 
designed to handle linguistic richness. Researchers utilize extensive datasets of image-text pairs[61,86,87] to train models, aiming to 
identify connections between visual content and language[88]. As a result, they can create images that are both coherent and 
contextually appropriate, often resembling real-life scenes, even when inspired by abstract or imaginative ideas. Engineers strive to 
enhance the quality and specificity of output by fine-tuning and implementing prompt engineering techniques. These models have 
the ability to produce images in various formats, including cartoon, realistic, sketch, or surreal, depending on the given prompt. 
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Attention mechanisms assist the model in focusing on the relevant text components when creating images. The process may include 
steps like denoising in diffusion models to gradually construct visual features. Text-to-image generation has applications in various 
fields, including art, design, marketing, education, and entertainment. It's also beneficial for accessibility, as users can easily 
visualize the text material. Challenges exist, but they mainly come in the form of ethical concerns, bias in the training data, and 
misuse. Scientists are actively working on aligning the outputs generated by different generations with human values and safety 
regulations. User feedback is also a valuable method of improving reliability and relevance. As technology advances, the distinction 
between written and visual creativity becomes more indistinct. The combination of language and visual cues is shaping the future of 
how humans interact with computers. 
 
A. Generative AI  
Generative AI encompasses various artificial intelligence systems that generate content automatically, including text, images, music, 
and computer code. Traditional AI concentrates on tasks such as categorization and forecasting, while generative AI generates novel 
outcomes by merging vast amounts of data. The system utilizes advanced deep learning techniques, such as generative adversarial 
networks (gans), variational autoencoders (vaes), and transformer models, to achieve its objectives. The training process for these 
models entails examining vast amounts of data, enabling them to generate outputs that are both lifelike and contextually precise. 
Chatgpt is a text generator, whereas dall•e is specifically designed for image synthesis. Generative AI can produce stunning works 
of art by utilizing intricate neural network calculations when given specific text prompts. The different fields, including design 
education and scientific research, now view this technology as a valuable tool that enhances creativity and streamlines the creation 
process.  
Generative AI technology generates molecular simulations for healthcare drug discovery, automates music composition, and 
animates scenes for entertainment purposes. The technology offers numerous benefits, but it also introduces new challenges 
regarding the spread of misinformation and the ethical use of creative work, as well as questions about ownership. Developers strive 
to establish protective measures and transparent processes, encouraging responsible behavior and establishing clear standards for the 
deployment of AI systems. The continuous progress of generative AI showcases its immense potential to transform creative and 
problem-solving capabilities, as well as enhance productivity across diverse industries. 
 
 

III. LITERATURE REVIEW 
A. The History of Creating Images from Texts 
The early attempts at text-to-image synthesis were constrained by low-resolution outputs and a lack of correlation between the text 
and images. The implementation of staged generation and attention mechanisms was accomplished through the utilization of 
stackgan and attngan. Regrettably, these systems were incapable of capturing the intricate details of prompts. 
 
B. The Function of CLIP and LLMs 
For the first time, ai clip systems marked the introduction of new models. From that point, models were able to process both images 
and texts simultaneously. These systems allow for the utilization of powerful language models like GPT-3 or its successors, which 
require text analysis to generate guidance for images. When combined with dall•e, that integrated the gpt like decoder with vq-vae 
image tokenizer:s, a new record was set that pushed the boundaries of prompt fidelity and imagination. 
 
C. Emergence of Diffusion Models 
Stable diffusion and imaged standardization were used to create modifications in diffused-based techniques for text to image 
generation. These models utilize guided textual embeddings to address noise in the iterative refinement process. Diffusion models 
are considered more effective than gans, which often experience mode collapse due to the lack of diversity in the generated outputs 
and their lack of realism. 
 
D. The comparatives of contemporary models 
• DALL•E 2: Works on Prompt-altered latent diffusion   
• Stable Diffusion: Open source where prompt manipulation performance tuning and change is made with ease.   
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IV. RESEARCH DESIGN AND METHODOLOGY 
A. Research Discussion 
The introduction of llm has significantly influenced the range of images that can be generated from input text and images, 
particularly in terms of capturing the essence of meaning and imagery. Traditional models struggled to capture intricate descriptions 
or contextual connections between entities, but llms have improved this capability by developing a more comprehensive 
understanding of syntax, semantics, and intent within natural language prompts. These includes dall•e, imagen and stable diffusion, 
which utilize or couple llms with language decoders, resulting in obtaining rich user intent preserving embeddings whose subtleties 
guide the image generation pipeling towards achieving greater coherence and semantic alignment with the intended user requests. 
These models have the ability to transform subtle details like adjectives, relational phrases, and abstract concepts into visual 
components, thanks to their representational capabilities. One of the most remarkable aspects of models like openai's dall-e 2 and 
google's text-to-image generators is their ability to generate highly accurate images from a diverse range of abstract and surreal 
prompts. There were models that struggled with imagination, but these models have no problems creating coherent and even 
enjoyable images, which is a significant advancement in overcoming the limitations of traditional generative models. The 
implementation of diffusion models, enabling iterative image refinement, is a significant advancement as images now exhibit 
greater coherence and improved quality. Furthermore, these models can incorporate supplementary data, such as user sketches or 
layout hints, enhancing their versatility and applicability. Despite this, some challenges persist. Numerous models struggle with 
tasks that demand accurate measurements of space, ratios, and the interaction between objects. The output of 'a cat sitting under a 
tree beside a red bicycle' would display cats and bicycles, but the spatial arrangement would be inaccurate. Additionally, most 
models struggle to create effective writing or advertisement banners within the images. Bias and ethical concerns arise due to 
society's preconceived notions and stereotypes, which are often reflected in images and content. These biases can be perpetuated by 
the models, as they are trained on data that may contain these biases.  Despite their imperfections, the systems that combine images 
from text have significant potential applications in various fields, including creativity and tasks. In marketing and design, the 
systems streamline the creative process by facilitating quick prototyping of concepts like mood boards and advertisements. Artists 
and illustrators often collaborate with the systems, using them as sources of inspiration or as tools to create initial drafts. In the 
academic realm, these models enhance the learning experience by offering customized visual aids that align with the content of the 
lessons, making them more accessible and comprehensible. In the world of gaming and film, they are employed for conceptual and 
background art, as well as visualizing scenes. Fashion designers utilize text-to-image tools to assist in the creation of garments, 
either based on descriptions or predictions about current fashion trends. Medical researchers are investigating the potential of these 
systems to present medical reports or create synthetic images for training diagnostic models. Additionally, there are applications that 
assist the visually impaired by utilizing these systems to generate illustrations based on descriptions of written texts. In the near 
future, e-commerce platforms will have the capability to display real-time visual representations of products based on customer 
descriptions. To enhance user creativity and engagement, social media platforms are also utilizing artificial intelligence (ai) to 
automate image creation. Additionally, the widespread adoption of systems in the creative, industrial, and academic sectors 
underscore the significant influence these technologies can wield. As these models become more accurate, controllable, and fair, 
they will pave the way for increased utilization of text-image generation in an individual's communication and interaction with 
visual content. In summary, the implementation of llms in image generation systems enhanced semantic coherence, and machines' 
comprehension of language became more akin to human understanding, allowing a machine to visualize it. Although these models 
possess remarkable capabilities, spatial reasoning, accuracy, ethics, and other domains continue to present challenges. 
 
B. Methodological Framework 
This study combines a theoretical analysis and an empirical investigation. Information was gathered from scholarly articles, 
technical blogs, and research papers. The empirical tests entail creating images using predefined prompts and assessing them based 
on their realism, coherence, and creativity. 
 
C. Data Collection and Prompt Curation 
A collection of prompts aiming to assess different capabilities of language understanding were composed: 
 Descriptive: “A lion sitting on a throne made of clouds.” 
 Abstract: “The concept of time visualized as a melting clock in a neo desert.”  
 Instructional: “Design a logo for a futuristic space travel company.” 
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V. TIMELINE OF DEVELOPMENTS 
Year  Milestone 
2015  Source of gans by goodfellow et al. 
2017 Transformers were introduced in nlp. (vaswani et al.). 
2018  StackGAN and AttGAN were an early benchmark. 
2020  Clip and vq-vae improve multimodal representations[17,68]. 
2021 Dalle, glide and ldm architectures were implemented Introduced[13].                                                                                                                             
2022  Imagen and midjourney establish new benchmarks for image Quality[63] 
2023  Une diffusion régulière rend les modèles de diffusion  répandus. 
2024  Generating Content on the Go, Immediately.  
                   
 

 
Graph: Timeline of developments 

 
VI. APPLICATIONS OF LLM-BASED TEXT-TO-IMAGE SYSTEMS 

1) Content Creation and Design: Creators and designers utilize tools like midjourney to generate concept art, mood boards, and 
visual assets for various purposes, including advertising, game development, and film production. 

2) Education and Research: Teachers employ AI-generated visual aids to illustrate objects. Scientists utilize generated data for 
simulations or modeling of rare occurrences. 

3) Healthcare and Medical Imaging: In the early stages of development, models are assessed for their potential use in generating 
anatomical drawings or enhancing training data for rare medical conditions. 

4) E-commerce and Marketing: Text descriptions can be transformed into visual representations, enabling dynamic ad creation, 
prototyping, and personalized experiences for customers. 

5) Accessibility and Assistive Technology: Individuals with visual impairments are assisted by text-to-image systems that convert 
text into visual representations or provide auditory descriptions of visual content. 

 
VII. LIMITATIONS AND ETHICAL CONSIDERATIONS 

1) Bias in Training Data: LMs are often trained on datasets that contain social and cultural biases[27,28,36,39], which can be 
reflected in the images they generate[38]. 

2) Intellectual Property Issues: Due to the fact that these models are trained using scraped web images[41], concerns regarding 
copyright infringement, plagiarism[40], and proper attribution come into play. 
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3) Abuse and Deepfakes: Advanced power technology can be utilized for spreading false information, creating deepfake videos, or 
generating explicit content. 

4) Environmental Impact: The process of training and running large models requires a significant amount of computational 
power[34], which in turn contributes to carbon emissions[29]. 
 

VIII. CHARACTERISTICS OF LLM-BASED TEXT-TO-IMAGE MODELS 
Text-to-image models, which are based on machine learning, possess unique characteristics that set them apart from traditional 
computer vision or graphics applications. These outcomes are a result of the unique blend of natural language understanding and 
image processing. 
 
A. Multimodal Understanding 
These models have the ability to process and comprehend input from various sources, primarily text and images, by projecting them 
into a shared latent space. They have the ability to understand and interpret abstract and metaphorical descriptions, such as "a 
dreamscape of intricate cloud formations," and create meaningful visual representations. 
 
B. Scalability and Transfer Learning 
Modern language models have the advantage of transfer learning[92], where language understanding is pre-trained over vast 
amounts of data[55] (e.g., gpt, bert)[15] and then utilized for vision tasks. As the model becomes larger and more complex, both the 
parameters and the data used to train it improve, leading to even better performance. Models like dall•e 2 and imagen are built using 
complex architectures with millions of parameters, making them incredibly powerful. 
 
C. Creativity and Diversity 
Unlike rule-based or template-based systems, llm-based image generators can produce a wide range of diverse and unique outputs 
from a single prompt. The randomness introduced by stochasticity (through latent sampling) leads to novel and often surprising 
image outcomes. 
 
D. Prompt Sensitivity and Customization 
The quality of their output is heavily influenced by the choice of words, level of detail, and complexity of the input prompt. This 
results in the development of a new area of prompt engineering[9,79], where the user iteratively refines input prompts to enhance 
the model's ability to produce desired outputs. 
 
E. Latent Space Manipulation 
Many of these models operate in compressed latent space[1,3], such as vq-vae or latent diffusion, which allows for faster and more 
efficient generation. It also allows techniques like inpainting (filling in missing parts of an image)[77,81], outpainting (extending 
images)[76,83], and style mixing (combining different artistic styles)[19,18,82]. 
 
F. Shortfalls in Reasoning and Consistency 
While having the capability to create, they often struggle with logical reasoning and spatial intelligence. The type of task where one 
is asked to describe the position of a red cube above a blue sphere to the left of a green cone will often result in a distorted or 
incorrect representation due to difficulties with precise spatial cognition. 
 

IX. EXPERIMENTS AND RESULTS 
A. Model Performance Comparison 
Model  CLIPScore ↑ tFID ↓ Creativity (1–10) Coherence (1–10) 
DALL•E-2   0.89          14.2           9.1                              8.7 
Stable       0.81           16.5           8.3                              7.8 
Diffusion 
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1) Energy Consumption of stable diffusion 
Text Energy consumed 

for RAM 
RAM Power Energy 

consumed for 
all CPUs 

Total 
CPU 
Power 

Electricity 
used since 
the beginning 

Compute 
emissions 

A bird flying in the 
blue sky 

0.002051 kWh 4.7530388832
092285 W 

0.018340 
kWh 

42.5 W 0.020391kW
h 

0.005822 kg 
CO₂ 

Honey bee on 
flower 

0.002019 kWh 4.7530388832
092285 W 

0.018053 
kWh 

42.5 W 0.020072 
kWh 

0.005731 kg 
CO₂ 

A frog on stone 0.001998 kWh 4.7530388832
092285 W 

0.017868 
kWh 

42.5 W 0.019865 
kWh 

0.005672 kg 
CO₂ 

Table 2: Energy Consumption of stable diffusion 
 

Text Network Storage Cooling PUE Overhead 
(Total) 

A bird flying in the 
blue sky 

0.000100 kg CO₂ 0.000050 kg CO₂ 0.001164 kg CO₂ 0.010513 kg CO₂ 

Honey bee on flower 0.000100 kg CO₂ 0.000050 kg CO₂ 0.001146 kg CO₂ 0.010351 kg CO₂ 

A frog on stone 0.000100 kg CO₂ 0.000050 kg CO₂ 0.001134 kg CO₂ 0.010246 kg CO₂ 

Table 2: Energy Consumption of stable diffusion 
 

2) Observations made in Table 1 & Table 2 
The dataset assesses the environmental impact of the process of a few text prompts using artificial intelligence. It considers three 
prompts: "a bird flying in the blue sky," "bee on the flower," and "a toad on the stone." each function's energy -free consumption 
and co₂ emission are reported, including both aspects of the calculation and structured. The steps involve analyzing the energy 
consumption of the CPU and RAM, as well as the total electricity usage and the resulting emissions. In addition to the direct 
emissions, the total carbon footprint also takes into account the energy consumption for network, storage, cooling, and other 
overhead processes. Although simple, the instructions require some physical effort. The bird prompt requires the most energy and 
the highest coherence. This is likely due to the high level of processing or memory required for the task. CPU and RAM are similar, 
but the used energy zones have minor variations. These variations in calculations demonstrate that even small changes can have a 
significant impact on the emission levels. Bird prompt [] ૧ ] sum calculate emissions for 0.005822 kg co. The bee and frog yielded 
0.005731 kg and 0.005672 kg of co respectively. Although the differences are minimal, it is noteworthy on a larger scale. The 
emissions from the network remain consistent at 0.000100 kg co for all prompts. Storage and cooling emissions also show a slight 
variation. The seating arrangement in the pew changes slightly, with the bird prompt being the highest point again. This implies that 
the emissions from infrastructure are greater than the result of the system's design, rather than the nature of the task. Even minor 
tasks can have a substantial impact when executed on a large scale. Staying resilient is now more vital than ever. Techniques like 
quantization and model distillation can help decrease energy consumption. By implementing a carbon-vigorous timetable for cleaner 
energy, we can redistribute the workload and create a more sustainable future. Data centers must embrace renewable energy zones 
and implement efficient cooling systems. Real-time carbon monitoring tools can be environmentally conscious of free. 
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3) Energy Consumption of DALL.E 
TEXT Energy consumed for 

RAM 
RAM Power Delta energy 

consumed for 
CPU with 
constant, power 

Energy 
consumed for 
All CPU 

Electricity used 
since the 
beginning 

A bird flying 
in the blue 
sky 

0.011727 kWh 10.0 W 0.000067 kWh, 
60.0 W 

0.070414 kWh  

Honey bee on 
flower 

0.010752 kWh 10.0 W 0.064559 kWh, 
60.0 W 

0.064559 kWh 0.075311 kWh 

A frog on 
stone 

0.010694 kWh 10.0 W 0.000103 kWh, 
60.0 W 

0.064208 kWh 0.074902 kWh 

Table 3: Energy Consumption of DALL.E 
 

TEXT Compute 
Emissions 

PUE 
Overhead 

Cooling Network Storage Total Estimated 
Emissions 

A bird flying 
in the blue 
sky 

0.058603 kg 
CO₂ 

0.033990 kg 
CO₂ 

0.011721 kg 
CO₂ 

0.000100 kg 
CO₂ 

0.000050 kg 
CO₂ 

0.104463 kg 
CO₂ 

Honey bee 
on flower 

0.053730 kg 
CO₂ 

0.031163 kg 
CO₂ 

0.010746 kg 
CO₂ 

0.000100 kg 
CO₂ 

0.000050 kg 
CO₂ 

0.095790 kg 
CO₂ 

A frog on 
stone 

0.053438 kg 
CO₂ 

0.030994 kg 
CO₂ 

0.010688 kg 
CO₂ 

0.000100 kg 
CO₂ 

0.000050 kg 
CO₂ 

0.095270 kg 
CO₂ 

Table 4: Energy Consumption of DALL.E 
 

4) Observations of Table 3 & Table 4 
This research examines the energy consumption and carbon emissions associated with large text-to-image models, focusing on 
stable diffusion xl and dall•e. By using the same prompts, we analyzed how each model contributes to environmental impacts 
through compute emissions and energy usage. Stable diffusion had higher compute emissions, emitting 0.058603 kg of carbon 
dioxide for a single prompt, while dall•e consumed 0.070414 kWh for the same process. Although expressed in different ways, 
these figures highlight the environmental consequences of generative ai[31]. By considering pue, cooling, network, and storage 
emissions, we find that the overall carbon cost rises, indicating that infrastructure plays a significant role in carbon emissions. Even 
seemingly small tasks, when considered on a global scale, can have a substantial impact on emissions. Consequently, it is crucial to 
optimize artificial intelligence models for sustainability. In order to avoid unnecessary costs, developers must utilize energy-
efficient hardware and employ carbon-conscious software techniques. By incorporating emissions monitoring into artificial 
intelligence systems, environmentally conscious options will gain a competitive advantage. Uniform benchmarks and incentives for 
low-carbon versions can steer the sector in the direction of more environmentally friendly practices. Future research should 
investigate the entire lifecycle of emissions, from training to deployment, in order to uncover hidden costs. Encouraging cloud 
service providers to be open about their operations and promoting the use of artificial intelligence on mobile devices can help reduce 
emissions. Collaboration across disciplines will be essential. AI innovation that is mindful of the environment can balance progress 
and responsibility. Lastly, the benefits of artificial intelligence are confronted with environmental concerns. Creating energy-
efficient, environmentally friendly models and systems can help ensure that artificial intelligence growth will not have a negative 
impact on our future. 

X. FUTURE SCOPE AND RESEARCH DIRECTIONS 
The field of text-to-image synthesis using LLLMs is still in its early stages of development. Various promising avenues are being 
explored to enhance the reliability, controllability, and applicability of these systems across a broader spectrum. 
1) Fine-Grained Control and Interactivity: Future systems will enable instantaneous user manipulation of power production. For 

instance, users can click on specific areas of an image to change colors or move objects without affecting the overall meaning 
or context. Combining the principles of learning with user interfaces and reinforcement learning[49] could potentially enable 
interactive creative workflows. 
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2) Multilingual and Cultural Adaptation: Expanding these models to accommodate multilingual prompts[46] and culturally 
relevant mentions[47] is a crucial goal. The more inclusive models will cater to the diverse creative and educational needs of 
people worldwide. 

3) Integrating 3D and Video: Existing models are predominantly 2d static images. The future frontier lies in the development of 
text-to-3D[50] and text-to-video generation[53], where maintaining temporal consistency and spatial modeling becomes crucial. 
Initiatives like make-a-video and dreamfusion[51] are early attempts to move in this direction.. 

4) Personalized and Context-Aware Generation: Future systems would adapt to individual users' styles[54,75], preferences, or 
previous interactions. Context-aware generation that is aware of the ongoing conversation or project objectives would greatly 
enhance the personalization of these tools. 

5) Ethical AI and Responsible Generation: As these models become integrated into creative and commercial workflows, ethical 
considerations[42] become crucial. This would entail marking AI-generated content[45] with watermarks, filtering out harmful 
prompts[43], and ensuring fairness[44] in representation across different demographic groups[37]. 

6) Hardware and Accessibility Innovations: It is difficult to implement these models on consumer-grade devices effectively due to 
their high computational cost. Thanks to advancements in edge computing[95], model pruning, and quantization[91], it will 
soon be feasible to execute simplified versions of models on smartphones[85] and virtual reality (VR) hardware. 

 
XI. CONCLUSION 

The use of language models in generating images is a significant advancement in artificial intelligence, as it combines the ability to 
comprehend language with the capability to create visual representations. This research delves into the rapid growth of this sector, 
examining its technological advancements, dominant models, and real-world applications. While the outcomes are groundbreaking, 
there are still important matters to address regarding ethics, accessibility, and fairness. In the future, multimodal AI systems will 
become more interactive, manageable, and cooperative, transforming the way humans create and consume visual media. 
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