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Abstract: Text-to-image generation is a technique of creating images based on text descriptions. Recently, so many research 
publications has been done in this area, showing its popularity. In this work, we reviewed various autoregressive models, non-
autoregressive models, GANs, energy-based models, multimodal methods and diffusion models used for text to image generation 
tasks. We also discuss important techniques commonly used in these models, such as autoencoders, attention mechanisms, and 
classifier-free guidance. For application, we performed a comparative analysis of diffusion and autoencoder models for text to 
image generation tasks taking Flowers-HD5 dataset. The results shows that the autoencoder achieves rapid convergence and 
significantly lower reconstruction loss (~0.01 range), producing sharp and faithful results. While the diffusion model, despite 
higher loss (~0.1–0.25), generates images with greater diversity. 
Keywords: Text-to-Image Generation, Diffusion Models, Conditional Autoencoder, Classifier-Free Guidance, Cross-Attention, 
Multimodal Learning. 
 

I. INTRODUCTION 
With the rapid advancement in generative AI techniques such as GANs, autoregressive (AR) models, non-autoregressive (NAR) 
models, and diffusion models, there is a tremendous improvement in text-to-image generation. As a result, many research papers 
have been published recently in this area.  
Text to Image generation is conditional in nature. It depends on the type of input given as a text. Earlier models that generate images 
depends on captions, such as the DRAW model [28]. However, modern text to image generation research gained momentum from 
2016 [60]. Nowadays, text to image generation uses foundation techniques such as Autoregressive (AR), Non-Autoregressive 
(NAR), GAN, and Diffusion models.  
Autoregressive models generate images in steps, just like writing a sentence one word at a time. They follow the chain rule of 
probability, where each new part depends on all previous parts [3, 36]. Such techniques are primarily used for text generation in 
language models. Later it is adapted in image generation also. Transformer architecture [100] greatly improved AR models and 
became the backbone for GPT. For images, iGPT [9] was used that converts pixels into a long sequence and then predicts them one 
by one. Vision Transformer (ViT) [18] improves this idea by splitting images into patches instead of individual pixels. As a result, 
High quality images can be generated using AR models. However, the generation of images are slower in nature because steps 
cannot be fully parallelized.  
Because AR models are slow, non-autoregressive models were introduced. They generate many parts of the image at the same time. 
This idea first came from NLP [29] and significantly speeds up inference. Models like CMLM [26] predict masked parts of an 
image in parallel. Later on, it refines the results over multiple iterations. Therefore, approaches based on NAR have been applied to 
achieve faster image generation [5, 6, 17, 23, 68]. However, sometimes the quality of image generated by NAR is poor in nature. 
GANs consist of two neural networks that performs training in competition with each other. That’s why it is called as adversarial in 
nature [12]. These two neural networks are: 
 Generator (G): That creates fake images from noise and text 
 Discriminator (D): That tries to distinguish between real and fake images 
The first architecture based on GAN that performs text to image generation was GAN-INT-CLS [78]. GANs can produce sharp and 
realistic images, but their training is often long and unstable. This may cause model collapse [83].  
Diffusion models are currently the most popular approach for text to image generation. They work in two stages such as forward and 
reverse process. In forward process, they gradually add noise to an image until it becomes pure noise. While in reverse process, they 
learn to remove noise step by step to recover the image, often using a U-Net [80]. 



International Journal for Research in Applied Science & Engineering Technology (IJRASET) 
                                                                                           ISSN: 2321-9653; IC Value: 45.98; SJ Impact Factor: 7.538 

                                                                                                                Volume 14 Issue II Feb 2026- Available at www.ijraset.com 
     

403 ©IJRASET: All Rights are Reserved | SJ Impact Factor 7.538 | ISRA Journal Impact Factor 7.894 | 

This idea was introduced in DDPM [32]. However, it requires multiple steps to perform. Later, latent diffusion models (LDM) [79] 
came, which have made this process faster by working in a compressed latent space. This speed up the image generation, followed 
by DDIM [90] using fewer steps.  According to the latest research, text to image generation is performed by continuous-time models 
such as SDE-based diffusion [84, 92], ODE-based methods [54], and Rectified Flow [54]. Distillation methods such as consistency 
models [58, 91] reduce sampling to very few steps.  Diffusion models are widely used in text to image because of their training 
stability and preventing model from collapse, unlike GANs [83]. Also, text information dictates the denoising process through 
embeddings, often using classifier-free guidance [33].  
The key strategies used in text to image generation are as follows:  
1) Autoencoder compress images into smaller latent representations which are further used for reconstruction. This speed up the 

process of training and inferencing. Many text systems use Variational Autoencoders (VAE) [41, 42] or vector-quantized models 
such as VQ-VAE [99], VQ-VAE-2 [77], and VQ-GAN [21]. On the text side, words are tokenized such as BPE [87], WordPiece 
[15] and encoded using models such as BERT [15], T5 [74], or CLIP [73].    

2) Attention mechanism further allows models to focus on relevant or important relationships between words and image regions 
[1, 40]. Transformers [100] use self-attention to model long-range dependencies present in the data. In text to image generation, 
cross-attention aligns text tokens with image patches, as used in DALL·E [76].    

3) Classifier-Free Guidance is a simple and powerful technique used in diffusion-based text to generation models [33]. During 
training, the model learns both conditional and unconditional generation. It means with text and without text. Therefore, during 
inferencing, these two outputs were combined using a method in form of guidance that controls how strongly the image follows 
the text. Higher guidance improves image generation to align according to text but may cause visual challenges.  

This research aims to explore the text to image generation techniques. By implementing and comparing a variety of models, such as 
diffusion and autoencoders, this study evaluates which model is better for text to image generation tasks. The paper is further 
divided into following sections; review of the literature, research methodology, results analysis, conclusion and future work.  

II. LITERATURE REVIEW 
In this section, we detailed about the various techniques used in text to image generation. It is a key area of artificial intelligence 
where machines create images from text descriptions. Recent advancement in deep learning models understand text well and 
convert them into visual content. The key techniques used in text to image generation are:  
1) Autoencoders (AEs) are a core building block of many texts to image generation models. They comprise of two main parts: 

encoder and decoder. An encoder part compresses images into small latent vectors while a decoder part reconstructs images 
from those vectors. It means, meaningful image features are stored in latent space representation, which are further used for 
creating diverse images [41, 42]. This process is faster and more efficient.    

2) Variational Autoencoders (VAEs) were early generative models. They add randomness to the data by using KL divergence and 
sampling techniques, instead of directly copying the inputs [41, 42]. Later, vector-quantized models such as VQ-VAE were 
introduced that encodes images using a discrete codebook [99, 27]. The various extensions of them are: VQ-VAE-2 for multi-
level encoding [77] and VQ-GAN, for image quality improvement using perceptual loss and patch-based discriminators [21].    

3) Other important image encoders include specialized models such as dVAE [96], VQ-Diffusion [30], RQ-VAE [46], 
Transformer-VQ [53], VQ-SEG and VQ-IMG [25], ViT-VQGAN [110], and encoders from CLIP [73].    

4) For text as an input, words are first split into tokens. The methods used for it are BPE [87], WordPiece [15], SentencePiece [45], 
or UnigramLM [44]. These tokens are then encoded using models such as BERT [15], T5 [11, 74], or CLIP’s text encoder 
[73].    

5) Attention mechanism helps models to focus on relevant parts of text or images, even if they are far apart from each other in the 
sequence [1, 40]. That means, it identifies the long-range dependencies in text and images for generative models. Self-attention, 
was introduced in Transformer architecture, which connects all positions in a sequence directly [100].    

6) In text to image generation models, attention mechanism is also very important. For example, DALL-E model uses three types 
of attention. These are text to text attention, image to text attention and image to image attention. This improves alignment 
between text and images using cross-attention [76].    

7) Classifier-Free Guidance (CFG) improves image quality in diffusion models [33]. In this process, some text conditions are 
randomly removed and replaced with an empty token while performing training. Therefore, during inferencing time, the model 
mixes conditional predictions (with text) and unconditional predictions (without text). Presence of a guidance scale controls 
how strongly the image follows the text, pushing results closer to the conditional prediction [33].  
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Image Generation Paradigms  
Text to image models is grouped together on the basis of how they generate images. Some models belong to more than one group.  
Autoregressive (AR) Models  

 AR models generate images in steps. They predict one token at a time. Early models like iGPT [9], PixelCNN [97], 
PixelRNN [98], and Image Transformer [67] were based on AR using small datasets. Later models were scaled up to more 
stronger models such as: 

 DALL-E: 12B parameters, 250M image-text pairs [76] 
 CogView: 4B parameters, 30M pairs, with training stability tricks [16] 
 Parti: 20B parameters, high-quality images, iterative prompt refinement [111] 
 M6: focuses on multi-modal pre-training [51] 

However, to reduce one-directional bias, bidirectional AR models were introduced. These are: 
 ImageBART [20] 
 ERNIE-ViLG [113] 

For multi-modal data analysis, 3D Transformers such as NÜWA handle text (1D), images (2D), and video (3D) using 3D Nearby 
Attention [103]. The Training Strategies used in AR models are End-to-end for ERNIE-ViLG [113] and Multi-modal pre-training for 
M6 [51]. ·         
Non-Autoregressive (NAR) Models NAR models generate multiple parts of an image at once instead of performing in steps. Some 
of them are: 

 MaskGIT that uses bidirectional masked prediction [6] 
 Multi-stage generation appears in CogView2 [17], Muse [5], aMUSEd [68] 
 Emage introduces additional improvements [23] 

Their applications include super-resolution in CogView2 [17], Muse [5], and aMUSEd [68]. ·        Generative Adversarial Networks 
(GAN) GANs generate images using a generator–discriminator architecture. Both generator and discriminator are neural networks 
that train in a competition. Some of the models based on GANs are: 

 Large-scale models: GigaGAN [39] 
 One-stage GANs: DF-GAN [95] 
 Improved designs: StyleGAN-T [85], GigaGAN [39], XMC-GAN [112] 

Based on Prompt and Embedding, some GANs models are: 
 Multi-granularity text-image matching: DAE-GAN [81] 
 Pseudo-text methods: LAFITE [114] 
 CLIP-based fusion: FuseDream [55], VQGAN-CLIP [13] 
 Better semantic alignment: MA-GAN [109] 

For training, the common strategies include: 
 Segmentation-assisted training: TReCS [43] 
 Modified loss functions: XMC-GAN [112] 

The applications of GANs are super-resolution which is achieved in MA-GAN [109], DAE-GAN [81], GigaGAN [39].  
 Diffusion Models  

Diffusion models are better than both GANs and Autoencoders in terms of high-quality image generation. They add noise to the 
images in encoder part and gradually remove noise from decoder part to generate images. Some of the diffusion-based models are: 

 Flow-based diffusion: InstaFlow [56], SD3 [19] 
 Latent Diffusion Models (LDMs): LDM [79], SDXL [71], InstaFlow [56], SDXL-Turbo [86] 
 Ablated diffusion: GLIDE [65] 

Diffusion models with multi-stage pipelines include DALL-E2 [75], Wuerstchen [70], T-GATE [115], PIXART-α [8], PixArt-Σ [7], 
Ten [101], FouriScale [35], Make a Cheap Scaling [31], CogView3 [118], SDXL [71], and Frido [22]. The architectural 
improvements in diffusion models include: 

 U-Net changes: FreeU [89], SCEdit [37] 
 Mixture of Experts: ERNIE-ViLG 2.0 [24], eDiff-I [2], RAPHAEL [106] 
 Hybrid models: YOSO [59], Diffusion2GAN [38], UFOGen [105] 
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Based on Prompt and Embedding, the diffusion models are: 
 Vector quantization: VQ-Diffusion [30], Frido [22] 
 Better text-image alignment: Imagen [82], Re-Imagen [10], Predicated Diffusion [94], CosmicMan [48], kNN-Diffusion 

[88] 
 Prompt optimization: Prompt Expansion [14], DALL-E3 [4], CosmicMan [48], Parrot [47] 

 
For training, the common strategies include: 

 Distillation: SDXL-Turbo [86], SwiftBrush [64], InstaFlow [56], Diffusion2GAN [38] 
 Neighbor-based methods: kNN-Diffusion [88], ConPreDiff [107] 
 Shifted diffusion: Corgi [120] 
 Disentanglement: PanGu-Draw [57] 

Loss improvements appear in models like Self-perception [52], YOSO [59], Diffusion2GAN [38], and UFOGen [105]. 
Reinforcement learning is used in models like Parrot [47], RL-Diffusion [116], and RLCM [66]. LoRA is applied in Multi-LoRA 
Composition [119].  
 
Their applications are as follows:  

 Scene generation: SceneGraph2Image [61], Text2Street [93] 
 Hand generation: HanDiffuser [62], Giving a Hand to Diffusion Model [69] 
 Super-resolution: PIXART-α [8], PixArt-Σ [7], Ten [101], FouriScale [35], Make a Cheap Scaling [31], CogView3 [118] 
 Other Models: The other models architecture used for text to image generation are: Energy-based models, PPGN [63] and 

Mamba-based models, ZigMa [34]    
 Multimodal models are also used for image to text generation. These combine text, image, and other forms of data as 

inputs. Some of the models based on it are: Versatile Diffusion [104], GLIGEN [50], MiniGPT-5 [117], DiffusionGPT [72], 
RPG-DiffusionMaster [108], UNIMO-G [49], and CompAgent [102]. 
 
 

III. RESEARCH METHODOLOGY 
In this section, a brief introduction of research methodology has been given. It explains how a machine learns to create images from 
text descriptions, like generating a flower image from a sentence, using a diffusion model and with attention mechanism and 
autoencoder model.  
 
A. Diffusion Model 
The entire process for methodology using diffusion model is performed using following steps: 
1) The dataset comprised of flower images having a size of 64×64 each along with text descriptions. These texts were converted 

into embeddings, that were used to represent the meaning of the text. The images are were normalized into –1 to 1 for stability 
in the training. Data is fed to the model in small batches, such as 16 images at a time and shuffled for better learning. 

2) The proposed model is a UNet based architecture with attention mechanism added so that it can better understand the text. It 
comprises of encoder and decoder components. The encoder, compress the image to perform feature extraction, while the 
decoder, decompress the latent features to recreate the image. Residual blocks were used in the architecture to help model train 
smoothly with a proper information flow and stabilize the training.  The most important part in the architecture are Attention 
layers. They helped the image features “look at” the text embeddings to understand which visual details match the text. 

3) The architecture follows diffusion technique to create image from text. Therefore, it takes a clean image as an input and slowly 
add noise to it until it becomes a pure noise. Later, in denoising process, the model learns, how to remove the noise added in 
steps. For that, it uses the text embeddings to get reference how a particular image looks according to the text. 

4) The model is trained for 10 epochs with Adam optimizer and GPU for faster computation. Average losses were recorded for 
each training epochs. 
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The architecture for Diffusion Model is given as follows: 

 
Fig. 1 Diffusion Model Architecture 

 
B. Autoencoder 
The entire process for methodology using autoencoder is performed using following steps: 
1) Data Preparation The dataset is same as of used in diffusion model. For training stability, all images are normalized to the range 

[0, 1] by dividing pixel values by 255. A custom dataset class called Text2ImageDataset is implemented to load the dataset that 
includes the normalized RGB image, text embeddings, and the original text description. Only the training split of the dataset is 
utilized with a batch size of 32 and shuffling enabled for each epoch. 

2) Model Architecture The proposed model is a conditional autoencoder with two primary components: an encoder and a decoder. 
The encoder progressively compresses the 64×64×3 input image using a sequence of convolutional layers with stride 2 for 
downsampling. It starts with 3 input channels and increases the feature depth to 64, then 128, and finally 256 channels, resulting 
in a compact latent representation of size 8×8×256. The text embedding (1024 dimensions) is first projected down to 256 
dimensions using a fully connected (Linear) layer, then reshaped into a spatial feature map of size 8×8 and spatially expanded 
to match the latent dimensions. This text-conditioned feature map is concatenated channel-wise with the visual latent features, 
producing a combined latent representation of 512 channels. The decoder then upsamples this combined latent representation 
using a series of transposed convolutional layers (stride 2) to gradually increase the spatial size back to 64×64, reducing the 
channel count step-by-step from 512 to 256, then 128, then 64, and finally to 3 output channels. The final layer applies a 3×3 
convolution followed by a Sigmoid activation to ensure the reconstructed image lies in the [0, 1] range. This simple encoder-
decoder structure relies on direct channel concatenation for conditioning and does not include residual connections or attention 
mechanisms. 

3) Training Procedure The model is trained for 10 epochs using the Adam optimizer with a learning rate of 1e-3. The average loss 
per epoch is accumulated and displayed, allowing observation of how reconstruction quality improves over time. 

The architecture for Diffusion Model is given as follows: 

 
Fig. 2 Autoencoder Architecture 

 
IV. COMPARATIVE RESULTS ANALYSIS: ATTENTION-BASED DIFFUSION VS CONDITIONAL AUTOENCODER 

This section describes about the result analysis comparison for two models used for text to image generation tasks on the Flowers-
HD5 dataset. Both models were trained for 10 epochs on GPU using MSE loss, but they solve different problems. The diffusion 
model focuses on image generation, while the autoencoder focuses on image reconstruction. The training performance and loss 
behavior comparison for both the models is given as follows: 
 
A. Diffusion Model 
1) Training starts with high loss because the model learns to remove strong noise. 
2) During the first epoch, the average loss drops from about 0.95 to 0.35, showing fast learning. 
3) Loss values fluctuate because random noise is added at every step. 
4) Over 10 epochs, the loss is expected to stabilize around 0.1–0.2. 
5) Training is slower because the model uses attention and multiple denoising steps. 
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B. Autoencoder Model 
1) The autoencoder starts with much lower loss because it only reconstructs images. 
2) Loss typically starts around 0.05 and reduces to about 0.01 by Epoch 10. 
3) Training is stable and smooth, with very little fluctuation. 
4) Training is faster due to a simpler architecture. 
According to the training comparison, diffusion model achieved a higher initial loss but shows strong improvement. However, 
autoencoder converges faster, but learning may stop improving early. Both models reach low MSE values, but diffusion loss is more 
variable. 

 
Fig 3. Training Loss over Epochs (Diffusion Model) 

 

 
Fig 4. Training Loss over Epochs (Autoencoder Model) 

 
The image quality and efficiency comparison for both the models is given as follows: 
a) Diffusion Model Outputs 
 Generates new and diverse flower images from text embeddings. 
 Attention layers help match image details with text descriptions. 
 Early outputs may show noise issues, but quality improves with training. 
 Image generation is slow, as it requires many denoising steps. 

 
b) Autoencoder Model Outputs 
 Produces reconstructed versions of input images, not new images. 
 Reconstructions are visually similar to the originals but slightly blurry. 
 Text affects images only in a limited way. 
 Very fast inference, since it is a single forward pass. 

 
The diffusion model proved to be better for new image generation and semantic diversity. While, autoencoder is better for accurate 
reconstruction and speed. Diffusion benefits more from attention; autoencoder uses simple feature concatenation. 
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Fig 5. Diffusion Model Output 

 

 
Fig 6. Autoencoder Model Output 

 
V. CONCLUSION 

This study compared a conditional autoencoder and an attention-based diffusion model for text-conditioned flower images 
generation. The autoencoder learned quickly and reconstructed images accurately with low error. But the kind of images generated 
were not new or diverse. The diffusion model trained more slowly and had higher loss, but it was able to generate completely new 
images that matched the text descriptions. Overall, the autoencoder is fast and efficient for reconstruction tasks, while the diffusion 
model is more powerful for text-to-image generation. 
 

VI. FUTURE WORK 
In future, we would like to use the autoencoder as a latent compressor for diffusion models. Also, we will add quantitative metrics 
such as CLIP score, PSNR for model evaluation. Training shall be performed on higher resolutions and more diverse datasets. Also, 
we will try to improve text conditioning in autoencoders using attention. 
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