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Abstract—Text-to-Image (T2I) generation has advanced 
rapidly with the emergence of diffusion, transformer-based, 
and vision–language models. These approaches enable high-
quality, semantically aligned image synthesis from textual 
prompts. In addition, zero-shot and few-shot adaptation 
strategies and parameter-efficient fine-tuning methods have 
improved the flexibility and scalability of T2I systems. 
However, these advancements have introduced significant 
computational and environmental challenges. In this paper, 
we present a structured review of T2I generation, focusing on 
the relationships between model architectures, adaptation 
strategies, computational efficiency and environmental 
sustainability. The analysis synthesizes 85 studies and 
introduces a unified mapping that links techniques to their 
efficiency and environmental implications. The findings show 
that although parameter-efficient methods, such as  
Low-Rank Adaptation (LoRA), adapters, and prompt 
tuning, effectively reduce adaptation costs during the 
adaptation stage, the overall computational burden remains 
high because of the reliance on large pre-trained models. 
Furthermore, although approximately 61% of studies 
consider computational efficiency, only approximately  
one-third provide an empirical evaluation of environmental 
impact. This highlights a clear imbalance between 
performance optimization and sustainability considerations. 
Our study emphasizes the need for integrated evaluation 
frameworks and energy-aware model designs. This 
contributes to a more structured qualitative understanding 
of the efficiency–sustainability trade-offs in T2I systems.1 
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I. INTRODUCTION 

A. Background of T2I Generation 
Text-to-Image (T2I) generation is a combination of 

Natural Language Processing (NLP) and Computer Vision 
(CV) in artificial intelligence. There has been a transition 
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in the field from fundamental Generative Adversarial 
Networks (GANs), which generate realistic images 
through adversarial training with generator and 
discriminator models, to more advanced frameworks such 
as diffusion and transformers. GANs achieve  
high-resolution outputs [1], whereas diffusion models 
achieve modern fidelity and controllability based on input 
text [2, 3]. Diffusion models represent a move using 
probabilistic and sampling approaches to transform noise 
into clean images with diverse attributes [2]. 
Simultaneously, vision-language foundation models and 
transformer-based models came into being and gained 
popularity. These models work particularly on subject-
driven and scene-level details of the input text through 
prior learning and adapters [3–5]. Architectures such as 
Contrastive Language-Image Pre-training (CLIP)-based 
systems have been successful in proving the effectiveness 
of shared embedding spaces for guiding image synthesis 
and assisting zero-shot manipulation [4]. In addition, 
hybrid approaches that combine diffusion models with 
vision-language frameworks successfully increase the 
diversity and controllability of the generated outputs. 
Diffusion models, transformer architectures, and 
multimodal learning have come together to provide a  
new definition for the current state of T2I research. This 
move prioritizes generation quality and flexibility through 
large-scale pre-trained systems [2, 4, 5]; however, it also 
introduces new challenges related to computational cost 
and efficiency.  

Zero-shot and few-shot learning are important in 
modern Text-to-Image (T2I) systems. They enable flexible 
image generation with minimal, or no task-specific 
training required. In the field of T2I generation, zero-shot 
learning refers to the generation of images for unseen 
prompts without task-specific examples, enabling 
immediate mapping from text to perceptual outputs in 
shared embedding spaces [2, 5, 6]. Few-shot learning 
extends this by including a small number of examples to 
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adjust the model to new concepts and styles [7–9]. These 
approaches provide fine outputs when generating novel 
objects, scenes, and artistic styles [2, 5, 9, 10]. However, 
while they reduce the cost of task-specific adaptation, they 

remain dependent on large pre-trained models, which 
continue to impose substantial computational and 
environmental overheads. Fig. 1 shows the general process 
of generating an image from a given text input prompt. 

 

  
Fig. 1. General pipeline of text-to-image generation systems, showing text encoding, conditioning, and image synthesis stages. 

B. Challenges in Computational Efficiency and 
Environmental Sustainability in T2I Systems 

Modern Text-to-Image (T2I) models impose significant 
computational and environmental challenges, primarily 
because of their scaling and training complexities. Current 
diffusion and transformer-based systems require extensive 
training on large datasets. They also require  
high-performance computing infrastructure, resulting in 
significant energy consumption and associated carbon 
emissions in large amounts. Empirical studies have 
highlighted the growing computational cost of such 
models, particularly in terms of prolonged training times, 
increased Floating-Point Operations (FLOPs), and 
reliance on multi-Graphics Processing Unit (GPU) 
environments [6, 9, 11]. To address these concerns, the 
concept of Green AI has gained attention. This emphasizes 
the need to evaluate machine learning systems in terms of 
performance, energy efficiency, and environmental 
impact. Recent studies have promoted a lifecycle 
perspective, considering the cumulative effects of data 
collection, model training, deployment, and maintenance. 
Within this context, monitoring tools and carbon 
accounting frameworks have been proposed to  
quantify emissions and support more sustainable AI 
practices [7, 9, 12]. Parameter-efficient methods, such as 
adapters, Low-Rank Adaptation (LoRA), and  
prompt-based techniques, offer promising approaches to 
reduce computational overhead. These methods enable 
model adaptation with fewer, trainable parameters. This 
lowers the training and inference costs while maintaining 
performance [4, 10, 13, 14]. However, even with these 

advancements, most T2I systems still rely on large  
pre-trained models, and efficiency improvements are often 
limited to the adaptation stage rather than the full model 
lifecycle [7, 9, 12]. The literature shows a growing 
awareness of sustainability challenges in T2I systems. The 
literature also reveals a persistent gap between 
performance-driven development and environmentally 
responsible designs. Therefore, routine accounting of 
emissions and the development of tools to track and 
minimize CO2 across AI pipelines are needed [11, 12]. 

C. Research Gap and Motivation 
Several critical gaps have been identified in the  

existing literature on text-to-image generation. These gaps 
limit a detailed understanding of the efficiency and 
sustainability of modern generative systems. First, the 
integration of efficiency-focused techniques and 
environmental sustainability analyses is clearly lacking. 
Parameter-efficient methods, such as adapters, Low-Rank 
Adaptation (LoRA), and prompt-based tuning, have been 
widely studied to reduce computational overhead; 
however, their implications for energy consumption and 
carbon emissions remain underexplored. This results in a 
distorted view of how technical efficiency translates into 
environmental benefits within T2I systems. Second, there 
is limited empirical evidence quantifying the 
environmental impact of T2I systems. Many studies have 
highlighted the energy demands of large-scale models, but 
very few have provided systematic measurements of 
carbon emissions or adopted a lifecycle perspective 
covering training, deployment, and inference.  
Therefore, the environmental footprint of diffusion- and 
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transformer-based T2I systems is still not well 
characterized. Third, standardized and structured 
comparisons of adaptation strategies are scarce. 
Techniques such as LoRA, adapters, and fine-tuning 
methods are often evaluated using different datasets, 
metrics, and experimental conditions. This makes it 
difficult to assess their relative performance in terms of 
controllability, image quality, and computational 
efficiency. These gaps highlight the need for a structured 
understanding of the efficiency-sustainability trade-offs in 
T2I systems. Addressing these gaps requires the 
development of standardized efficiency and sustainability 
metrics, shared evaluation protocols, and controlled 
experimental settings. This would enable a direct 
comparison across methods. Such efforts would also 
support a more integrated and evidence-based 
understanding of sustainable innovation in T2I. 

D. Objectives of the Study 
This study aims to provide a structured and integrative 

analysis of recent advancements in Text-to-Image (T2I) 
generation, with a particular focus on the relationships 
between model architectures, adaptation strategies, 
computational efficiency, and environmental 
sustainability. The objectives of this study are as follows: 
(1) To analyze the evolution of Text-to-image (T2I) 

architectures, including diffusion models, 
transformer-based approaches, and vision-language 
models, and examine key trends in the model design. 

(2) To examine adaptation strategies, including zero-shot 
and few-shot learning, as well as parameter-efficient 
fine-tuning methods, and evaluate their role in 
enabling scalable and flexible image generation. 

(3) To assess the computational efficiency across 
different stages of the T2I pipeline, including pre-
training, adaptation, and inference, with an emphasis 
on where efficiency improvements are most evident. 

(4) To investigate the extent to which environmental 
sustainability is addressed in current T2I research, 
including the availability of empirical evidence and 
measurement frameworks. 

(5) To develop a structured mapping between techniques, 
efficiency characteristics, and environmental 
implications, enabling a structured qualitative 
understanding of efficiency-sustainability trade-offs 
in T2I systems. 

E. Contributions of the Study 
This study synthesizes evidence from a dataset of 85 

studies, providing a comprehensive overview of current 
trends and gaps in T2I research. Our study makes several 
key contributions to the literature on Text-to-Image (T2I) 
generation. First, it provides a structured synthesis of  
zero- and few-shot adaptation strategies. We examine how 
techniques such as prompt-based conditioning, adapter-
based tuning, and subject-driven exemplars enable flexible 
image generation without requiring extensive task-specific 
training. By linking these approaches to cross-modal 
representation learning, our study clarifies how modern 
T2I systems achieve rapid generalization across diverse 
prompts and visual domains. Second, we offer a 

comparative analysis of the computational efficiency 
across different adaptation techniques. We consolidate 
evidence on parameter-efficient methods, including  
Low-Rank Adaptation (LoRA), adapters, and prompt 
tuning, and evaluate their impact on training cost, memory 
usage, and inference efficiency within diffusion- and 
transformer-based frameworks. Third, our review 
examines environmental sustainability in T2I systems. To 
this end, we synthesized existing research on energy 
consumption and carbon emissions. This highlights the 
importance of adopting a lifecycle perspective that 
considers not only model training but also deployment and 
inference. We also discuss the role of monitoring tools and 
Green AI principles in supporting responsible AI 
development. Finally, a key contribution of this study is 
the development of a structured mapping that links 
adaptation techniques to computational efficiency and 
environmental implications, enabling a systematic 
understanding of the trade-offs in T2I systems. Thus, this 
review supports a more informed and evidence-based 
design of scalable, resource-efficient T2I systems. 
Existing surveys primarily focus on model architectures 
and performance optimization. In contrast, this study 
integrates computational efficiency and environmental 
sustainability into a unified analytical framework, 
providing a perspective that has not been systematically 
addressed in prior reviews. 

F. Positioning Against Existing Reviews 
Existing review studies on Text-to-Image (T2I) 

generation primarily focus on the model architectures, 
image quality, and generative performance. While several 
surveys discuss diffusion models, transformer-based 
systems, or multimodal learning, limited attention has 
been paid to the combined analysis of computational 
efficiency, adaptation strategies, and environmental 
sustainability. In contrast, this study provides an integrated 
qualitative review that connects these dimensions using 
structured comparative mapping. This review further 
distinguishes itself by analyzing efficiency considerations 
across different stages of the T2I pipeline, including  
pre-training, adaptation, inference, and sustainability 
assessment, thereby offering a broader perspective on 
responsible and scalable generative AI development. 

G. Organization of the Paper 
In Section II, a comprehensive review of the 

foundational concepts and related work on Text-to-Image 
(T2I) generation is presented. This includes generative 
architectures, vision–language models, adaptation 
strategies, parameter-efficient techniques, and 
sustainability considerations. The materials and methods, 
outlining the structured review approach, data sources, 
selection criteria, and data extraction process, are 
described in Section III. Section IV presents the main 
results and discussion, including an analysis of the model 
architectures, adaptation strategies, computational 
efficiency, and environmental sustainability. It also 
provides a proposed mapping of techniques, efficiency, 
and environmental impact. Finally, Section V concludes 
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the paper by summarizing the key findings, contributions 
and future research directions. 

II. LITERATURE REVIEW 

A. Generative Architectures 
The evolution of text-to-image generation has seen 

multiple architectural paradigms, with diffusion models, 
transformer-based approaches, and Generative 
Adversarial Networks (GANs) representing the primary 
frameworks. 

Diffusion-based models are extensively used for current 
text-to-image generation tasks. These models work on the 
principle of iteratively denoising a latent representation 
until it becomes a clearly sharp image that matches the 
input prompt [2, 6, 15, 16]. The forward process gradually 
adds noise, and the backward process learns to recover 
data by denoising using a conditional U-Net backbone 
with cross-attention mechanisms or embedding-based 
conditioning (CLIP). Thus, high-fidelity images can be 
obtained using this iterative process. These images have a 
strong semantic alignment with prompts and flexible 
editing capabilities. Therefore, diffusion models have 
emerged as a leading approach for text-to-image 
generation, particularly in terms of photorealism and 
robustness [2, 6, 15]. However, this performance comes at 
a computational cost, as multi-step sampling and large 
model sizes significantly increase training and inference 
requirements [2, 5, 10, 11], although recent work explores 
efficiency improvements through guidance optimization 
and parameter-efficient tuning. 

Another approach, called the transformer-based 
approach, is an alternative paradigm that frames image 
generation as an autoregressive sequence modeling 
problem. Here, images are represented as a sequence of 
tokens generated step-by-step in accordance with the 
textual prompt input [17, 18]. This enables end-to-end 
multimodal learning, and the text-image alignment is very 
strong, especially when combined with large-scale  
pre-training. This paradigm supports flexible and 
controllable image generation and allows fine-grained 
manipulation of attributes and scene composition [4, 17, 
18]. Transformer-based models incur high computational 
costs owing to their reliance on sequential token 
generation. Therefore, research in this area has focused on 
improving scalability through efficient decoding strategies 
and parameter-efficient fine-tuning techniques [4, 17–19]. 

Before the advent of diffusion models, GAN-based 
architectures played a vital role in T2I generation. The 
learning process of GANs is adversarial. There are 2 neural 
networks called the generator that produces the images and 
the discriminator that attempts to distinguish those images 
from real samples [20]. When GANs must generate images 
aligned with textual inputs [21], once trained, they can 
produce visually sharp and realistic images with relatively 
fast inference [3, 13, 22]. However, GAN-based T2I 
models suffer from challenges such as training instability, 
sensitivity to hyperparameters, and difficulties in scaling 
to complex prompts and large datasets [3, 13]. Because of 
these limitations, they have gradually been replaced by 
diffusion-based methods in modern T2I systems. 

Therefore, the evolution from GANs to diffusion and 
transformer-based architectures reflects a broader shift 
towards models that prioritize generation quality, 
controllability, and multimodal alignment. In addition, this 
progression has introduced increasing computational 
demands and reinforced the need to consider efficiency 
and sustainability in the design of next-generation T2I 
systems. The evolution of the above architectures in text-
to-image systems from GANs to hybrid models is 
illustrated in Fig. 2. 

 

 
Fig. 2. Evolution of generative architectures in text-to-image systems 

from GANs to diffusion and hybrid models. 

B. Vision-Language Models 
Vision-Language Models (VLMs) are central to modern 

Text-to-Image (T2I) systems. They enable the alignment 
of textual and visual outputs through shared representation 
spaces. They learn joint embeddings from large-scale 
image-text datasets and allow semantic correspondence 
between language and visual content to be captured within 
a unified latent space. This alignment forms the foundation 
for tasks such as cross-modal retrieval, text-guided image 
generation and multimodal reasoning. Well-known VLMs, 
such as CLIP, Bootstrapping Language-Image  
Pre-training (BLIP), and Flamingo, illustrate different 
multimodal learning approaches. CLIP provides a 
powerful cross-modal embedding space that can be used 
to guide image generation and evaluate text-image 
alignment. It has become a widely adopted technique in 
T2I studies. BLIP adds to this paradigm by supporting both 
image understanding and generation tasks. This enables 
more flexible interactions between vision and language 
through unified pre-training. Flamingo further  
advances multimodal modeling by incorporating long 
context conditioning. It allows few-shot learning across 
diverse vision–language tasks without extensive  
retraining [2, 4, 6, 23]. These models contribute 
significantly to T2I generation by enabling flexible 
conditioning mechanisms, where textual prompts can 
directly influence the visual output through learned 
representations. Therefore, VLMs support zero-shot 
generation, style transfer, and scene-level control. They 
improve both the fidelity and semantic consistency of the 
generated images [2, 4, 6, 23]. However, they rely on 
large-scale pre-training and introduce substantial 
computational and memory requirements. In addition, 
challenges remain in achieving robust alignment for rare 
or complex concepts [2, 4, 6, 23]. Overall, VLMs serve as 
a critical bridge between language and image generation 
tasks. They provide the multimodal grounding necessary 
for coherent and controllable T2I systems but also raise 
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important considerations regarding their scalability and 
efficiency. The T2I architectures and their characteristics 
are summarized in Table I. 

TABLE I. OVERVIEW OF T2I ARCHITECTURES AND CHARACTERISTICS 

Architecture Core Idea Strength Limitation 
Diffusion Iterative 

denoising 
High image 

quality 
Slow 

inference 
Transformer Autoregressive 

generation 
Structured 

control High compute 

GAN Adversarial 
training Fast inference Instability 

VLM Multimodal 
alignment 

Zero-shot 
ability Large models 

 

C. Zero-Shot and Few-Shot Adaptations 
Zero-shot and few-shot learning are essential 

mechanisms for T2I generation. These enable flexible and 
scalable image generation that is well aligned with textual 
prompts. These approaches reduce the need for extensive 
task-specific training by leveraging large, pre-trained 
multimodal models. They allow systems to generalize 
across diverse prompts and domains. 

Zero-shot T2I generation refers to the process of 
generating images directly from textual prompts without 
any additional task-specific training. This capability is 
enabled by pre-trained vision-language models that learn 
shared embedding spaces in which textual semantics are 
aligned with visual representations. Therefore, zero-shot 
approaches support immediate image synthesis, style 
transfer, and prompt-driven editing for previously unseen 
concepts [4, 13, 24]. The main advantage of this approach 
is its ability to generalize broadly across domains without 
requiring new data or retraining [4, 24]. However,  
zero-shot methods also face limitations, such as sensitivity 
to prompt formulation, weaker alignment for rare or 
complex concepts, and reduced controllability compared 
to adapted models [4, 13, 24]. In addition, although  
zero-shot inference is computationally efficient, it relies 
on large pre-trained models, which incur substantial costs 
during the pre-training stage [4, 10, 11, 24]. 

Few-shot adaptation adds to this paradigm by 
introducing a small number of examples to guide the 
generation towards new concepts, styles, or subjects. 
Instead of retraining the entire model, few-shot  
methods typically employ parameter-efficient techniques, 
such as adapters, Low-Rank Adaptation (LoRA), or 
lightweight fine-tuning, to incorporate task-specific 
information [3, 13, 25]. This enables more precise  
control and improved fidelity in the generated outputs, 
particularly in personalization and domain adaptation 
scenarios [13, 25]. Compared to zero-shot approaches, 
few-shot methods achieve better alignment with  
user-specific or context-specific requirements while 
maintaining a relatively low computational  
overhead [3, 13]. Despite these advantages, few-shot 
methods introduce additional complexity, such as the need 
for carefully selected examples and the risk of overfitting 
when training data are limited. Nevertheless, by updating 
only a small subset of parameters, they remain 
significantly more efficient than full-model  

retraining [10, 24]. Overall, zero-shot and few-shot 
approaches represent complementary strategies within T2I 
systems: zero-shot learning enables broad generalization 
with minimal overhead, whereas few-shot adaptation 
provides targeted refinement and improved  
control [3, 13, 25]. Together, they highlight a shift towards 
efficient, flexible, and user-driven generation, while 
underscoring the continued dependence on large  
pre-trained models and their associated computational and 
environmental costs. 

D. Parameter-Efficient Techniques 
Parameter-Efficient Fine-Tuning (PEFT) has emerged 

as a key strategy for improving the computational 
efficiency of large generative models. These models work 
on the principle of modifying only a small subset of 
components, rather than updating all model parameters 
during adaptation. They significantly reduce the training 
cost while preserving performance. The most widely 
adopted PEFT techniques are Low-Rank Adaptation 
(LoRA), adapters, and prompt tuning. 

LoRA introduces low-rank decomposition matrices into 
the existing transformer layers. This allows the model 
updates to be represented with a significantly reduced 
number of parameters. This approach enables substantial 
reductions in trainable weights while maintaining 
generation quality, making it particularly effective for 
adapting large-scale models without full retraining [10]. 
Adapters follow a similar principle by inserting 
lightweight bottleneck modules into the network 
architecture. These modules capture task-specific 
information and keep the original model parameters 
frozen, allowing for efficient reuse across multiple tasks 
and domains [19]. 

Prompt tuning offers an alternative approach by 
conditioning a frozen model using learnable input 
representations, often referred to as soft or continuous 
prompt. Instead of modifying internal parameters, prompt 
tuning adjusts the manner in which the model interprets 
input signals, thereby enabling flexible task adaptation 
with minimal computational overhead [24]. This method 
is particularly useful in scenarios that require rapid 
switching between tasks or domains. 

Collectively, these techniques reduce memory usage, 
computational requirements, and training time,  
making them well-suited for large diffusion- and 
transformer-based systems. In many cases, PEFT methods 
achieve significant parameter reductions, often by several 
orders of magnitude, while maintaining a performance 
comparable to full fine-tuning [10, 19, 24]. However, these 
efficiency gains are not without trade-offs. PEFT methods 
may be sensitive to data quality, and their effectiveness can 
vary depending on the task complexity and domain 
diversity. Despite these limitations, they represent one of 
the most practical and scalable approaches for improving 
the efficiency of modern T2I pipelines [10, 19, 24]. 

Overall, parameter-efficient techniques play a central 
role in bridging the gap between the large-scale model 
performance and computational feasibility. They are a 
critical component of efficient and sustainable generative 
AI systems. 
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E. Efficiency & Sustainability in AI 
Environmental sustainability in Artificial Intelligence 

(AI) has emerged as a critical concern. This is because of 
the growing computational demands of modern machine 
learning systems. Large-scale models require a significant 
amount of energy during both training and inference. This 
is because of the increasing parameter sizes and 
computational complexity. This leads to higher electricity 
consumption and associated carbon emissions [6, 12, 26]. 
Therefore, the environmental footprint of AI systems is an 
important area of investigation. The concept of Green AI 
has been introduced to address these challenges by 
promoting efficiency, transparency, and accountability in 
the development of models. Green AI frameworks 
emphasize the need for lifecycle-aware evaluation, 
considering energy consumption across the data 
collection, training, deployment, and inference  
stages [7, 12, 26]. In this context, researchers have 
proposed the use of standardized metrics and carbon 
accounting tools to quantify emissions and enable more 
informed decision making. Empirical studies have shown 
that energy usage varies significantly depending on 
hardware configurations, data center efficiency, and 
geographic factors such as electricity sources [11, 12, 27]. 
This variability highlights the importance of  
context-aware evaluation and the use of monitoring tools 
to track and optimize energy consumption. In addition, 
efficiency-oriented techniques such as parameter-efficient 
fine-tuning, adapters, and prompt tuning offer practical 
approaches to reduce computational costs [6, 12, 26]. 
These methods can reduce energy consumption during 
model adaptation and inference. However, their 
effectiveness depends on how they are integrated into the 
broader model lifecycle. Overall, the literature emphasizes 
the need to balance performance and environmental 
responsibility. This can be achieved by measuring, 
reporting, and minimizing the energy and carbon costs of 
AI systems. This perspective is particularly relevant for 
large-scale T2I models, where efficiency and 
sustainability remain challenges. 

III. MATERIALS AND METHODS 

A. Review Approach  
This study adopts a structured review approach to 

synthesize research on Text-to-Image (T2I) generation. 
The focus is on zero-shot and few-shot adaptation, 
computational efficiency, and environmental 
sustainability. Our objective is to provide a thematic and 
comparative analysis of key developments in generative 
architectures, adaptation strategies, and efficiency-
oriented techniques. This review emphasizes conceptual 
integration and cross-study comparisons.  This enables the 
identification of patterns, trade-offs, and gaps in the 
literature. Attention is paid to how different techniques, 
such as diffusion models, transformer-based systems, and 
parameter-efficient methods, relate to computational costs 
and environmental impact. This approach supports the 
development of a unified perspective linking adaptation 
strategies with efficiency and sustainability. 

B. Data Sources 
Relevant studies were identified from major academic 

databases and digital libraries that indexed high-quality 
research on artificial intelligence and machine learning. 
These include Scopus, Web of Science, IEEE Xplore, 
ACM Digital Library, ScienceDirect, and SpringerLink. 

The search targeted peer-reviewed journal articles and 
conference papers published between 2018 and 2025, 
reflecting the rapid evolution of modern T2I systems, 
particularly diffusion-based and multimodal systems. 

Search queries were constructed using combinations of 
keywords related to 3 main themes: text-to-image 
generation (e.g., diffusion models, image synthesis), 
adaptation strategies (e.g., zero-shot, few-shot, prompt 
tuning, LoRA), and efficiency and sustainability (e.g., 
energy consumption, Green AI, carbon footprint). A 
representative query used in Scopus and Web of Science 
was: 

(“text-to-image” OR “text to image” OR “image 
generation” OR “image synthesis” OR “diffusion model*” 
OR “generative model*” OR “multimodal generation”) 

AND 
(“zero-shot” OR “few-shot” OR “prompt tuning” OR 

“LoRA” OR “adapter*” OR “parameter-efficient” OR 
“fine-tuning”) 

AND 
(“computational efficiency” OR “training cost” OR 

“inference cost” OR “FLOPs” OR “resource utilization” 
OR “energy consumption” OR “carbon emission*” OR 
“Green AI” OR “sustainability”) 

C. Selection Criteria 
To ensure relevance and quality, studies were selected 

based on predefined inclusion and exclusion criteria. 
1) Inclusion criteria 
• Peer-reviewed journal articles or conference papers. 
• Studies published between 2018 and 2025. 
• Research related to T2I generation, multimodal 

models, or generative AI systems. 
• Studies addressing adaptation strategies (zero-shot, 

few-shot, or parameter-efficient methods). 
• Papers discussing computational efficiency, resource 

usage, or environmental impact. 
• While the review prioritizes peer-reviewed literature, 

selected high-impact preprints are also included, as 
they represent foundational or widely adopted methods 
in text-to-image generation (e.g., diffusion models and 
parameter-efficient techniques). These works are 
frequently cited and have significantly influenced 
subsequent peer-reviewed studies. Their inclusion 
ensures comprehensive coverage of the rapidly 
evolving developments in the field. 

2) Exclusion criteria 
• Non-peer-reviewed sources (e.g., preprints, blogs, 

editorials). 
• Studies unrelated to generative or multimodal AI. 
• Works focused solely on domain-specific applications 

without methodological relevance. 
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• Papers lacking sufficient detail on model design, 
adaptation, or evaluation. 

The selection process prioritized studies that 
contributed to understanding the relationship between 
model design, adaptation strategies, and computational or 
environmental implications. 

The screening process identified 312 initial records. 
After removing duplicates and screening the titles and 
abstracts, 146 studies remained for full-text assessment. 
After applying the inclusion and exclusion criteria, a final 
set of 85 studies were included in the review. 

D. Data Extraction 
The extracted data were analyzed using a 3-stage 

qualitative synthesis framework. First, a thematic coding 
process was applied to identify recurring patterns in model 
architectures, adaptation strategies, efficiency metrics, and 
environmental considerations. Second, the studies were 
grouped into comparative clusters based on technique 
categories (e.g., PEFT, full training, prompting), enabling 
cross-study comparison. Third, a structured mapping 
framework was developed to link each technique with its 
efficiency characteristics and environmental implications. 
This mapping was constructed using explicitly defined 
criteria, including the type of efficiency 
(training/inference), presence of quantitative evidence, 
and reported sustainability indicators. The extracted 
information included the following: 
• Model type (e.g., diffusion, transformer, vision-

language model). 
• Task type (e.g., text-to-image, multimodal generation). 
• Learning regime (e.g., pre-training, zero-shot, few-

shot, fine-tuning). 
• Adaptation technique (e.g., full training, LoRA, 

adapters, prompt tuning). 
• Datasets and evaluation metrics. 
• Key contributions and findings. 
• Efficiency considerations (training, inference, or both). 

• Energy or carbon impact (if reported). 
• Evidence type (empirical or conceptual). 
• Responsible AI aspects (e.g., sustainability, bias, 

ethics). 
In addition, an evidence-strength classification was 

introduced to assess the robustness of efficiency-related 
claims. Studies were categorized as providing strong, 
moderate, weak, or no empirical evidence based on a 
structured assessment of the type and depth of the 
efficiency and environmental evaluation reported. Strong 
evidence refers to studies that provide quantitative 
empirical measurements of energy consumption (e.g., 
kWh), carbon emissions (e.g., CO₂e), or computational 
costs, supported by comparative analyses across models or 
techniques. However, although 30 studies provide strong 
empirical evidence, the reported metrics are heterogeneous 
and lack standardization across studies, limiting the 
feasibility of consistent quantitative comparisons. 
Moderate evidence includes studies that report 
quantitative proxy metrics, such as Floating Point 
Operations (FLOPs), parameter count, training time, or 
GPU usage with or without comparative analysis. Weak 
evidence refers to studies that include only qualitative 
discussions of computational costs or environmental 
impacts without supporting empirical data. Studies that do 
not address efficiency or environmental considerations are 
not assigned empirical evidence. This classification 
ensures the transparency and reproducibility of the 
evidence assessment. 

The extracted data were analyzed through qualitative 
synthesis and comparative mapping, focusing on 
identifying the relationships between adaptation strategies, 
computational efficiency, and environmental implications. 
The overall process is illustrated in Fig. 3. This process 
enabled the development of a structured framework 
linking technical approaches to their resource and 
sustainability characteristics, which forms the central 
contribution of this paper. 

 
Fig. 3. Methodological workflow of the structured review. 
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E. Limitations of the Review Methodology 
This review adopts a qualitative synthesis approach to 

analyze the relationships between adaptation strategies, 
computational efficiency, and environmental 
sustainability in Text-to-Image (T2I) systems. A 
quantitative meta-analysis was not feasible because the 
reviewed studies reported efficiency and environmental 
metrics in highly heterogeneous ways. Metrics such as 
energy consumption, carbon emissions, FLOPs, GPU 
usage, and training time were measured under different 
experimental settings, hardware configurations, datasets, 
and evaluation protocols. In many cases, studies provide 
only partial or qualitative discussions of efficiency, 
without standardized empirical reporting. Consequently, 
the comparative mapping developed in this study is 
conceptual and qualitative rather than based on directly 
comparable numerical benchmarks. Despite this 
limitation, the structured synthesis enables the 
identification of recurring trends, trade-offs, and research 
gaps across the literature while also highlighting the need 
for standardized sustainability evaluation frameworks in 
future T2I research. 

IV. RESULTS AND DISCUSSION 

A. Model Architectures and Trends 
The analysis of 85 selected studies highlights the 

diverse landscape of model architectures in Text-to-Image 
(T2I) systems. This shows that transformer-based and 
hybrid vision–language models constitute a substantial 
proportion of the reviewed literature. This also reflects 
their flexibility in handling multimodal data and enabling 
controllable generation. Diffusion models, although fewer 
in number, play a crucial role in advancing the field in 
terms of performance, adoption, and influence in modern 
Text-to-Image (T2I) systems. These models produce  
high-quality images with strong semantic alignment with 
textual prompts [28]. This has led to their recognition as a 
leading approach in recent T2I developments. Their 
learning process involves gradually adding noise to an 
image, starting from Gaussian noise and iteratively 
refining it into a clean image [3, 28–31]. This mechanism 
enables controlled and refined image synthesis, allowing 
for the effective handling of complex scenes and detailed 
textual prompts.   

Compared with diffusion models, GANs are more 
efficient at inference but suffer from training instability 
and limited scalability [29]. 

Of the total dataset of 85 studies, 54 focused on model 
development, while the remaining 31 comprised  
non-model contributions, including survey papers and 
tools/frameworks. Among the model-based studies, 
transformer-based approaches represented the largest 
group (21 studies), followed by diffusion models (15 
studies) and vision–language models (13 studies), with a 
smaller number of GAN-based (3 studies) and other 
architectures (2 studies). This distribution suggests that 
while transformer-based methods continue to be widely 
explored because of their flexibility and multimodal 
capabilities, diffusion models and vision-language 
systems are also gaining strong traction in advancing 
image quality and alignment. In contrast, the substantial 
presence of survey papers (20 studies) and tools (11 
studies) indicate a growing interest in evaluation, 
benchmarking, and sustainability considerations, 
reflecting a maturing research landscape that extends 
beyond core model development. 

Transformer-based approaches effectively handle 
multimodal representation learning and autoregressive 
generation [48]. However, owing to their sequential 
nature, these models introduce significant computational 
overheads, particularly for high-resolution outputs. VLMs, 
such as CLIP, BLIP and Flamingo, are increasingly being 
integrated into T2I systems. These models enhance cross-
modal alignment and enable zero- and few-shot 
capabilities [28], often serving as conditioning 
mechanisms rather than standalone generators. The 
distribution of the model types and their associated 
characteristics are summarized in Table II. As shown in 
Fig. 4, transformer-based approaches constitute the largest 
proportion of model studies, whereas diffusion and  
vision-language models also represent a significant share, 
indicating their growing importance in modern T2I 
systems. Large-scale datasets, such as Common Objects in 
Context (COCO) and Large-scale Artificial Intelligence 
Open Network (LAION), contribute significantly to the 
computational cost owing to their size and training 
requirements. However, their environmental impact is 
rarely explicitly measured, indicating a gap in 
sustainability evaluation. 

TABLE II. MODEL TYPE VS EFFICIENCY CONSIDERATION 

Study Category Model Type No. of Studies Efficiency Considered? Typical Observation Studies 

Model Studies 

Transformer-based 
Models 21 Rarely High computational cost with limited 

optimization [10, 17, 19, 24, 31–47] 

Diffusion Models 15 Rarely Focus on image quality rather than 
efficiency 

[2–4, 13, 25, 27–30, 
48–53] 

Vision-Language 
Models 13 Partially Efficiency via pre-trained 

representations [5, 54–65] 

GAN-based Models 3 Rarely Faster inference but limited scalability [66–68] 
Other Architectures 2 Limited Varying efficiency characteristics [15, 69] 

Non-Model 
Studies 

Tools/Frameworks 11 Strongly Designed for efficiency measurement 
and tracking [11, 12, 18, 70–77] 

Survey Papers 20 Not Applicable Provide conceptual analysis rather than 
implementation [6, 7, 9, 14, 26, 78–92] 
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Fig. 4. Distribution of model-based studies across different T2I 
architectures, highlighting the prevalence of transformer-based, 
diffusion, and vision-language models. 

B. Adaptation Strategies 
Adaptation strategies in Text-to-Image (T2I) systems 

are evolving towards more flexible and computationally 
efficient approaches. These strategies can be understood 
from 2 complementary perspectives: learning regimes and 
adaptation techniques. 
1) Learning regimes 

Learning regimes define how models are adapted to new 
tasks. 

Zero-shot methods enable direct image generation from 
textual prompts without requiring additional training [54]. 
They rely on pre-trained multimodal representation.  
These models offer rapid deployment and broad 
generalization [54]. However, they may struggle with rare 
or highly specific concepts. 

Few-shot methods introduce a small number of 
examples to guide generation, leading to improved fidelity 
and personalization [41, 63]. They offer enhanced control 
compared to zero-shot methods, with: 
• limited additional computational cost [90]. 
• Fine-tuning and pre-training involve more extensive 

updates and are computationally intensive. 
These regimes reflect a clear spectrum of computational 

costs, from zero-shot (minimal) to full training 
(maximum). As shown in Table III, fine-tuning is the most 
widely used learning regime (24 studies), followed by  
pre-training (20 studies) and few-shot approaches (14 
studies), while zero-shot methods (8 studies) are less 
frequently adopted, reflecting a preference for strategies 
that balance adaptability and performance. The 
progression of learning regimes in T2I systems is 
illustrated in Fig. 5, showing a shift from zero-shot 
approaches with minimal computational cost to  
pre-training methods that require substantial 
computational resources. 

TABLE III. DISTRIBUTION OF LEARNING REGIMES IN T2I STUDIES 

Learning Regime No. of Studies 
Zero-shot 8 
Few-shot 14 

Fine-tuning 24 
Pre-training 20 

 

 
Fig. 5. Learning regime spectrum in T2I systems, illustrating the 
progression from zero-shot to pre-training based on increasing 
computational cost and adaptation complexity. 

2) Adaptation techniques 
From a technical perspective, adaptation strategies 

emphasize efficiency and scalability. The distribution of 
techniques used across the studies is summarized in  
Table IV. The distribution of adaptation techniques across 
the reviewed studies is illustrated in Fig. 6, where full 
training emerges as the most used approach, whereas 
parameter-efficient methods, including adapters, low-rank 
adaptation, and prompt-based techniques, are increasingly 
adopted to reduce computational overhead. 

TABLE IV. ADAPTATION TECHNIQUE DISTRIBUTION 

Technique Type No. of Studies Description 

Full Training 23 High computational cost, full 
parameter updates 

PEFT-Adapters 12 Lightweight modular updates 
PEFT-LoRA 3 Low-rank parameter updates 
Prompt-based 

Methods 12 Input-level conditioning 

Hybrid Methods 2 Combined techniques 
 

 
Fig. 6. Distribution of adaptation techniques in T2I systems, highlighting 
the prevalence of full training and the growing adoption of parameter-
efficient methods. 

Parameter-Efficient Fine-Tuning (PEFT) methods, 
including LoRA, adapters, and prompt tuning, represent a 
significant advancement in model adaptation [13, 41, 64]. 
These techniques reduce the training costs by updating 
only a small subset of the model parameters. This enables 
the scalable adaptation of large models [41].  

LoRA is inspired by rank decomposition in Natural 
Language Processing (NLP) [13]. Adapters can be trained 
under various conditions to achieve rich control  
and editing effects in the outputs. They offer 
composability and generalization [13]. They can also 
improve the results in few-shot settings. Adapter modules 
are an alternative to full fine-tuning, especially when 
dealing with many downstream tasks, because they are 
parameter-efficient [38]. Different adapter-based methods 
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include Adapter, Hyperformer, and Compacter [64]. 
Prompt tuning involves adding trainable prompts to the 
input [24, 64].  

Pre-training prompt-tuning parameters can improve 
performance with limited labeled data [41]. However, 
prompt tuning can be tricky, potentially leading to 
decreased generalization or underperformance compared 
with zero-shot baselines as training progresses [65]. 

PEFT methods introduce learnable adapting modules 
that are plugged into frozen backbone models [33]. 
Although full fine-tuning of pre-trained models is often 
effective, it requires many annotated data points and is 
resource-intensive [24, 39, 54]. PEFT methods address 
these challenges [49]. 

Overall, adaptation strategies reflect a shift towards 
efficiency-driven customization, although their 
effectiveness remains dependent on the capabilities of 
large pre-trained models. 

C. Efficiency Analysis  
The analysis indicates that the computational efficiency 

of T2I systems varies significantly throughout the model’s 
lifecycle. The pre-training stage is the most  
resource-intensive. It contributes to the majority of the 
computational cost, as it demands large-scale datasets, 
extensive GPU usage, and prolonged training times [48]. 
Adaptation strategies, such as Parameter-Efficient  
Fine-Tuning (PEFT) methods, significantly reduce 
computational overhead [49] during the adaptation phase. 
These methods aim to develop parameter-efficient 
adaptation techniques with trainable parameters that are 
significantly reduced (often by approximately 90–99%) 
compared to the full model parameters [49]. However, 
these efficiency gains do not extend to the pre-training 
stage, which continues to dominate the overall 
computational and environmental costs. Zero-shot 
approaches can eliminate training costs entirely at the 
adaptation stage, whereas few-shot methods introduce 
minimal additional computation [33]. Adapter models are 
low-cost. They achieve their purpose by learning the 
alignment between external control signals and the internal 
knowledge of pre-trained T2I models, even for  
larger diffusion models such as Stable Diffusion XL 
(SDXL) [13]. 

Despite improvements in other areas, inference 
efficiency remains challenging. Here, GANs prove to be 
better than diffusion models. Diffusion models require 
multiple denoising steps [93] (approximately 10–50 steps). 
This leads to slower inference compared to GAN-based 
models [2]. For example, some unoptimized models can 
take 15 s to sample a single image, which is considerably 
slower than GAN methods that produce images in a single 
forward pass (in milliseconds) [2]. Recent optimizations 
have improved the sampling speed; however, high-quality 
generation still involves substantial computational effort. 
However, some latent diffusion models have shown that 
they can significantly decrease inference costs compared 
to pixel-based diffusion approaches [48]. The distribution 
of efficiency considerations across studies is presented in 
Table V. 

TABLE V. EFFICIENCY CONSIDERATION ACROSS STUDIES 

Efficiency 
Considered 

Number of 
Studies 

Percentage 
(%) Observation 

Yes 52 61.2% Explicit efficiency 
focus 

No 31 36.5% Performance-
focused studies 

Implicit 2 2.4% Limited or indirect 
consideration 

 
These findings suggest that efficiency improvements 

primarily lie in adaptation strategies rather than in core 
model architectures. Techniques such as minimizing the 
model size can lower the computational requirements and 
energy consumption. However, smaller models often 
sacrifice some accuracy compared to their larger 
counterparts [78]. A drawback of earlier diffusion models, 
the higher inference cost, is being progressively mitigated 
by more efficient architectures and scheduling  
methods [51]. 

D. Environmental Sustainability 
Environmental sustainability is an emerging concern in 

T2I research. Many studies acknowledge the energy 
consumption and carbon emissions associated with  
large-scale models; however, empirical evidence 
regarding these impacts is limited [12, 86, 89]. The 
distribution of evidence strengths across the studies is 
summarized in Table VI.  

TABLE VI. EVIDENCE STRENGTH DISTRIBUTION ACROSS STUDIES 

Evidence 
Strength 

Number of 
Studies 

Percentage 
(%) Typical Paper Types 

Strong 30 35.3 PEFT methods, monitoring 
tools 

Moderate 20 23.5 Vision-language models, 
efficiency studies 

Weak 8 9.4 Core T2I models 
No Empirical 

Evidence 27 31.8 Frameworks, performance-
focused studies 

 
The results reveal a polarized trend, where a significant 

number of studies provide strong empirical evidence, 
while a comparable proportion does not. Strong empirical 
evidence is primarily associated with parameter-efficient 
methods and monitoring tools (30 studies), whereas core 
T2I models often lack detailed environmental evaluation, 
with a substantial proportion of studies falling into the 
weak (8) or no evidence (27) categories. 

This imbalance highlights a clear gap between 
efficiency-focused optimization and rigorous 
environmental evaluation in current T2I research efforts. 
Tools such as “CarbonTracker”, “eco2AI”, and “machine 
learning emissions calculators” are available to track 
carbon emissions. However, greater incentives are needed 
for researchers and industry developers to measure and 
report these findings [89]. Table VII summarizes the 
representative tools identified in the reviewed studies for 
tracking energy consumption and carbon emissions during 
model development and experimentation. 
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TABLE VII. PRACTICAL TOOLS FOR EFFICIENCY AND SUSTAINABILITY ASSESSMENT 

Tool Purpose Metrics Reported Use in T2I/AI Pipeline Limitation 

CarbonTracker [70] Tracks and predicts the carbon 
footprint of deep learning training 

Energy consumption, 
CO₂ emissions, training 
duration 

Monitoring training and fine-
tuning stages of T2I models 

Requires hardware and 
regional energy 
information 

eco2AI [12] Tracks environmental impact of 
machine learning experiments 

Carbon emissions, 
energy usage, hardware 
utilization 

Sustainability monitoring during 
model experimentation and 
adaptation 

Accuracy depends on 
system-level monitoring 
availability 

ML CO₂/Emissions 
Calculator [11] 

Estimates carbon emissions 
associated with machine learning 
workloads 

CO₂ emissions, 
electricity usage 

Estimating environmental impact 
of model training and deployment 

Provides estimated rather 
than directly measured 
values 

 
These tools improve the transparency of environmental 

reporting by enabling researchers to estimate and monitor 
their computational impact. However, they primarily 
support measurements and assessments rather than 
directly reducing computational costs or energy 
consumption. 

Green AI frameworks advocate for lifecycle-based 
evaluation and carbon tracking [7, 80, 92]. However, such 
practices have not yet been widely adopted in T2I research. 
Consequently, sustainability considerations often remain 
secondary to performance optimization [7, 89]. The 
environmental impact of AI training, including carbon 
emissions, is a crucial aspect of AI sustainability that must 
be explicitly accounted for and evaluated [12, 89]. 

Therefore, awareness of the impact of AI is growing, 
and tools for measurement exist. However, comprehensive 
empirical evaluations and widespread adoption of Green 
AI practices are still lacking in T2I research, with a 
continued focus on performance over sustainability. 
Although several studies have acknowledged the energy 
consumption and environmental impact of T2I systems, 
quantitative reporting remains inconsistent and 
fragmented in the literature. Metrics such as energy usage, 

carbon emissions, and training cost are not uniformly 
reported. This limits the ability to perform direct cross-
study comparisons of the results. As a result, this review 
adopts a qualitative synthesis approach while highlighting 
the need for standardized and reproducible environmental 
reporting practices 

E. Technique → Efficiency → Environmental Mapping  
A central contribution of this study is the mapping of 

adaptation techniques, computational efficiency, and 
environmental implications. This mapping provides a 
qualitative framework for understanding the trade-offs 
across T2I systems. It synthesizes the reported efficiency 
characteristics and environmental insights from the 
reviewed studies. Although the study aims to enable a 
comparative analysis, quantitative comparisons are 
constrained by the limited availability of consistent 
empirical data in the literature. To address this, future 
studies should prioritize the adoption of standardized 
metrics for energy consumption and carbon emissions, 
coupled with open reporting practices. Table VIII presents 
these relationships conceptually, rather than through 
standardized numerical metrics. 

TABLE VIII. TECHNIQUE-EFFICIENCY-ENVIRONMENTAL MAPPING 
 

Approach 
Category Example Methods Efficiency 

Type 
Evidence 
Strength Environmental Implication 

Full Model 
Training Diffusion, CogView Not optimized Weak High computational cost (multi-GPU training, extended training 

duration, high energy consumption) 

PEFT Methods LoRA, Adapters Training + 
Inference Strong Reduced energy consumption due to parameter-efficient updates; overall 

impact is constrained by the high cost of pre-training large models 
Prompting CLIP, DALL-E Inference Moderate Lower computational cost during adaptation 

Vision–Language 
Models Flamingo, BLIP Both Moderate Moderate environmental cost due to reliance on large pre-trained models 

Monitoring Tools CarbonTracker, eco2AI, 
ML CO2 Calculator Both Strong Enables measurement of energy consumption and carbon emissions 

Evaluation 
Frameworks CLIPScore None None No direct impact 

Green AI Studies Sustainability surveys Conceptual Moderate Highlight environmental concerns 
Dataset/ 

Benchmark 
COCO, 
LAION Not Applicable None Indirect Impact via dataset scale and training cost 

Note: Environmental implications are described qualitatively owing to the limited availability of standardized quantitative metrics across the 
reviewed studies. 

Full-model training approaches are associated with the 
highest computational cost and environmental  
impact [6, 32, 80]. Training models can incur substantial 
environmental costs because of the energy required for 
hardware over extended periods [6]. For example, when 
GPT-3 was accessed 590 million times in January 2023, it 

consumed energy equivalent to that of 175,000  
people [80]. 

In contrast, Parameter-Efficient Fine-Tuning (PEFT) 
methods significantly reduce training requirements by 
updating only a small subset of parameters [41].  
PEFT methods can match the performance of full fine-
tuning while updating as little as 0.01% of the model 
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parameters [41]. This approach drastically lowers the 
memory and storage requirements for training and saving 
models [41]. PEFT offers a promising alternative during 
the adaptation phase by reducing computational and 
storage requirements [41]. However, it is important to note 
that these efficiency gains are contingent on the 
availability of large pre-trained models, the training of 
which involves substantial computational and 
environmental costs. 

Zero-shot and few-shot approaches further reduce the 
adaptation cost, although they remain dependent on pre-
trained models [41]. PEFT methods have shown favorable 
performance in few-shot fine-tuning settings [41]. 

Monitoring tools support sustainability by enabling the 
measurement of energy consumption, although they do not 
directly reduce the computational cost. 

This mapping demonstrates that efficiency gains are 
primarily concentrated in adaptation strategies, 
particularly PEFT methods, rather than in core model 
architectures. The mapping is shown in Fig. 7. Full model 
training remains computationally intensive and 
environmentally costly [6, 32, 80], whereas PEFT 
techniques significantly reduce resource requirements by 
updating only a small fraction of the parameters [41]. 

Therefore, while full model training is computationally 
and environmentally intensive, PEFT methods offer a 
more sustainable and efficient alternative. They focus on 
updating only a fraction of the parameters. Efficiency 
improvements have been largely observed in these 
adaptation strategies.  

 
Fig. 7. Technique-efficiency-environmental mapping illustrating the 
relationship between adaptation strategies, computational efficiency, 
evidence strength, and environmental implications of T2I systems. 

To further illustrate the relationship between model 
design choices and sustainability implications, Table IX 
compares the major technology pathways in T2I systems 
based on their computational cost drivers, efficiency 
benefits, and environmental concerns. 

TABLE IX. TECHNOLOGY PATH VS. ENVIRONMENTAL COST COMPARISON 

Technology Path Main Cost Driver Efficiency Benefit Environmental 
Cost Level Sustainability Concern 

Full model training Large-scale datasets, multi-GPU 
training, long training duration 

High model capacity and 
strong generation quality High Substantial energy use and carbon 

emissions during training 
Diffusion-based 

generation 
Iterative denoising steps and large 
model size 

High image quality and 
semantic alignment 

High to 
Moderate 

Slow inference and high compute demand, 
especially in unoptimized models 

Transformer-based 
T2I 

Sequential token generation and 
large-scale pre-training 

Strong multimodal 
representation and controllable 
generation 

High High memory use, long training time, and 
scalability challenges 

Vision–Language 
Models 

Large pre-trained image–text 
models and embedding alignment 

Efficient transfer through  
pre-trained representations 

Moderate to 
High 

Environmental cost is shifted to large-scale 
pre-training 

PEFT methods Lightweight adaptation on frozen 
pre-trained models 

Reduced trainable parameters 
and lower adaptation cost 

Low to 
Moderate 

Benefits are mainly limited to adaptation; 
pre-trained backbone cost remains 

Prompt-based 
methods 

Prompt design and inference-time 
conditioning 

Low-cost adaptation without 
full retraining 

Low to 
Moderate 

Still depends on large pre-trained models 
for generation 

Monitoring tools Measurement and tracking 
infrastructure 

Supports energy and carbon 
reporting Low Enables measurement but does not 

directly reduce compute 

Dataset/benchmark 
scaling 

Large image–text datasets and 
repeated training cycles 

Improves model generalization 
and evaluation coverage 

Moderate to 
High 

Dataset size increases storage, 
preprocessing, and training energy 
demand 

 
The comparison highlights that although techniques 

such as PEFT and prompting improve adaptation 
efficiency, the environmental burden associated with 
large-scale pre-training and dataset scaling remains a 
significant challenge across modern T2I systems. 

F. Ethical Considerations: Misuse, Fairness and 
Environmental Justice 

The rapid advancement of Text-to-Image (T2I) systems 
has introduced several ethical concerns, alongside 
improvements in generative performance [49]. 

One major issue is the potential misuse of these systems 
to generate deceptive or harmful synthetic content [78]. 
High-quality generated images can be used to create 
misinformation, manipulated media, deepfakes, and 
misleading visual narratives [25, 28]. As T2I models 
become more photorealistic and widely accessible, the 
risks associated with unauthorized content generation, 
identity manipulation, and malicious use increase [4]. 
These concerns highlight the need for stronger safeguards, 
content moderation mechanisms and responsible 
deployment practices. 

3
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efficiency and control
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techniques like LoRA significantly

reduce training time and energy
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PEFT Methods
2

4

High Efficiency, Strong
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Vision–Language Models
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and language understanding for
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1
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Fairness and bias remain important challenges in T2I 
systems [25, 78]. Many generative models are trained on 
large-scale Internet datasets that may contain 
demographic, cultural, or social biases [25, 28, 29, 31]. 
Consequently, the generated outputs can unintentionally 
reinforce stereotypes, underrepresent certain groups, or 
produce biased visual associations [25, 29]. Bias can also 
emerge through prompt interpretation and dataset 
imbalance, affecting the inclusiveness and reliability of 
generated content [4, 31]. Addressing these issues requires 
diverse datasets, fairness-aware evaluation frameworks, 
and bias mitigation strategies during model development 
and deployment [25, 29]. 

In addition to the ethical concerns related to content 
generation, environmental justice has emerged as an 
important issue in large-scale AI systems. Training and 
deploying computationally intensive T2I models require 
substantial energy resources and large-scale data center 
infrastructure to process the data. The environmental 
burden associated with energy consumption and carbon 
emissions is often unevenly distributed across regions and 
communities. This raises broader concerns regarding 
equitable access to computational resources, sustainable 
infrastructure, and the societal impact of large-scale AI 
development. Therefore, future research should integrate 
ethical responsibility, fairness, and environmental 
sustainability into a unified framework for the responsible 
development of generative AI. 

Therefore, the rapid evolution of T2I systems brings 
significant generative capabilities, as well as critical 
ethical challenges related to content misuse, pervasive 
biases in generated outputs, and the environmental impact 
of large-scale AI. Addressing these issues requires a 
multifaceted approach encompassing responsible 

deployment, bias mitigation strategies, and a focus on 
sustainable development. 

G. Key Insights  
Three primary insights emerge from an analysis of  

Text-to-Image systems, focusing on their computational 
efficiency, performance prioritization, and existing 
literature gaps. 

First, the computational efficiency of T2I systems is 
largely driven by adaptation techniques. Methods such as 
LoRA, adapters, and prompt tuning offer strong evidence 
for their role in reducing training costs [9]. 

Second, a significant observation is that most  
T2I models prioritize performance over sustainability. 
Advances in image quality have often been  
achieved with limited consideration of environmental 
impact [32, 80, 89]. The concept of ‘Green AI’ advocates 
for promoting efficiency as an evaluation metric, noting 
that many studies prioritize accuracy improvements 
without focusing on efficiency [9, 32]. There is a growing 
call to assess the carbon footprint and environmental 
impact of AI model training and tuning [89]. 

Third, a clear gap exists in the current literature 
regarding the systematic evaluation of efficiency and 
sustainability of T2I systems. Although these topics are 
frequently discussed, few studies have provided empirical 
evaluations or standardized metrics [92].  

Research on AI and machine learning for production 
efficiency and sustainable development has historically 
been limited, although it is becoming increasingly 
interdisciplinary [79]. There is a critical need for 
standardized evaluation practices, particularly for carbon 
metrics, to fully realize AI’s potential of AI across various 
domains [92].  

TABLE X. RESEARCH GAP-FUTURE DIRECTION ROADMAP 

Research Gap Current Limitation Future Direction Expected Impact 

Limited standardized 
sustainability metrics 

Energy consumption, carbon emissions, 
FLOPs, and GPU usage are reported 
inconsistently across studies 

Develop standardized reporting protocols 
for energy use, carbon emissions, hardware 
settings, and dataset scale 

Enables fair comparison of 
T2I models and improves 
reproducibility 

Sustainability evaluation 
mostly absents in core T2I 
models 

Many diffusion and transformer-based 
models prioritize image quality over 
environmental reporting 

Integrate carbon and energy reporting into 
model evaluation benchmarks 

Encourages environmentally 
responsible model 
development 

Efficiency gains 
concentrated mainly in 
adaptation stage 

PEFT methods reduce adaptation cost but 
do not address the high cost of pretraining 
large models 

Develop lifecycle-aware optimization 
covering pretraining, adaptation, inference, 
and deployment 

Reduces overall 
computational and 
environmental burden 

Limited dataset-level 
environmental analysis 

Dataset size, preprocessing, storage, and 
repeated training costs are rarely evaluated 

Include dataset scale, storage cost, and data 
curation energy in sustainability 
assessments 

Improves understanding of 
dataset-driven environmental 
impact 

Lack of integration 
between monitoring tools 
and T2I workflows 

Tools such as CarbonTracker and eco2AI 
are not widely embedded in T2I 
experimentation 

Incorporate monitoring tools into standard 
T2I training and inference pipelines 

Improves transparency and 
routine reporting of energy 
and emissions 

Inference efficiency 
remains challenging for 
diffusion models 

Multi-step denoising increases inference 
time and computational cost 

Develop faster sampling methods, 
distillation, and efficient inference pipelines 

Supports scalable deployment 
with lower energy 
consumption 

Ethical and environmental 
impacts are treated 
separately 

Bias, misuse, and environmental justice 
are often discussed independently 

Develop responsible AI frameworks that 
combine fairness, misuse prevention, and 
sustainability 

Supports safer, fairer, and 
more sustainable generative 
AI systems 

 
These findings highlight the necessity of integrating 

performance, efficiency, and sustainability into a unified 
framework for the future development of T2I 
technologies. Therefore, based on the reviewed literature 
and key insights identified in the previous section,  

Table X presents a roadmap that links major research gaps 
with future directions and their expected impact on the 
development of more efficient and sustainable T2I 
systems. 
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V. CONCLUSION AND FUTURE RESEARCH DIRECTIONS 

This study presents a structured review of  
Text-to-Image (T2I) generation. It focuses on the 
relationships between generative architectures, adaptation 
strategies, computational efficiency, and environmental 
sustainability. The findings show that diffusion-based 
models have emerged as a leading approach in terms of 
performance and recent advancements, although 
transformer-based and hybrid architectures are widely 
used in the literature. These are often supported by  
vision-language models for enhanced multimodal 
conditioning.  

Simultaneously, techniques such as zero-shot and  
few-shot, often known as adaptation strategies, along with 
parameter-efficient fine-tuning methods, have enabled 
more flexible and scalable deployment of these systems. 
The key contribution of this study is the development of a 
unified mapping between the techniques, efficiency 
characteristics, and environmental implications. This 
mapping highlights that significant progress has been 
made in improving the adaptation efficiency. This is 
particularly achieved through methods such as LoRA, 
adapters, and prompt tuning. 

However, the overall computational burden of T2I 
systems remains high because of their reliance on large 
pre-trained models.  

The findings demonstrate that efficiency improvements 
are mostly concentrated in the adaptation stage, with 
limited attention given to optimizing the full model 
lifecycle. In addition, an evidence gap is found in the 
literature: the environmental impact of large-scale AI 
systems is increasingly recognized, but empirical studies 
that quantify energy consumption and carbon emissions in 
T2I models are very limited. This is another important 
contribution of this study. In addition, standardized 
evaluation frameworks for measuring efficiency and 
sustainability are largely absent. This makes it difficult to 
compare models or assess the trade-offs between 
performance and environmental impact.  

The results also highlight a broader trend in T2I 
research, where performance optimization continues to 
take precedence over efficiency and sustainability 
considerations. With the rapid advancements in image 
quality and controllability, computational demands and 
environmental concerns are also increasing. Addressing 
this imbalance requires a shift towards more holistic model 
design and evaluation practices. 

Future research should focus on integrating efficiency 
and sustainability directly into the model architecture. 
These should not be treated as secondary considerations. 
This integration includes the development of  
energy-aware training methods, optimization of inference 
pipelines, and adoption of standardized metrics for 
evaluating environmental impact. In addition,  
greater emphasis should be placed on combining 
parameter-efficient techniques with lifecycle-aware 
monitoring tools. This will enable a more sustainable 
deployment of generative models.  

In conclusion, this study provides a comprehensive and 
structured perspective on the current state of T2I 

generation research. This emphasizes the need to balance 
performance, efficiency, and sustainability. By bridging 
these dimensions, the paper contributes to the 
development of more responsible and scalable generative 
AI systems. 
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