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Introduction

• DnD is a popular fantasy tabletop role-playing game which has become a 
subculture phenomena due to its immense popularity. 

• When starting a session in a DnD game, players typically follow an 
established guide which directs the overall setting of the game. Making a 
proper guide is a very time consuming endower. 

• One of the main bottlenecks in making an enjoyable guide is creating 
relevant images to match the situation. Unless you are a talented artist 
it's a difficult task. 



Introduction

• The guide is in a narrative format and 
consists mainly of text accompanied by 
images to influence the mood and help 
players immerse themselves. 

• The purpose of this research is to 
generate coherent and contextually 
consistent images by taking the pre-
made narrative as a text input. 

• The generated images should not 
conflict with the mood the guide tries 
to establish.



Introduction

• The field of Image generation has been evolving rapidly with time 
from GAN models to current diffusion based models. 

• Recent introduction of stable diffusion, a 860 million parameter open 
source text to image diffusion model, has opened up many paths for 
individual and small team based developers to experiment with 
diffusion models without massive hardware requirements typically 
associated with these kinds of models. 



Objective

• The goal is to generate cohesive images in the style of D&D modules 
given the text of an adventure.

• The generated images should adhere to the lore and context of the 
adventure.



Vector Quantized Diffusion 
Model for Text-to-Image 

Synthesis
Shuyang Gu
Dong Chen
Jianmin Bao

Fang Wen
Bo Zhang

Dongdong Chen

Lu Yuan
Baining Guo



Related Work

• GAN-based Text-to-image generation.

• Limitations
• Single domain images
• Cannot handle complex images



Related Work

• Auto regressive model.

• Limitations
• Uni directional bias
• Accumulated errors
• Slow in inference



Related Work

• Denoising Diffusion Probabilistic Models.



Latent Spaces

• A latent space is some underlying “hidden” representation for a given 
distribution of raw data.



Autoencoders

• An autoencoder is an unsupervised learning technique that uses 
neural networks to find non-linear latent representations for a given 
data distribution. 

• The neural network consists of two parts, an encoder network and a 
decoder network.



Variational Autoencoders (VAE)

• The main issue with vanilla 
autoencoders is that the model 
can learn any latent space it 
wants, so it often ends up 
memorizing individual data points 
by placing them in their own far 
out pockets of latent space.

• Variational autoencoders 
overcome this problem by 
enforcing a probabilistic prior 
(Typically a gausean) on the latent 
space.



Vector Quantized Diffusion Model

• Two step process
• VQ-VAE, which reduces context length
• VQ-Diffusion, which models the discrete latent space



VQ-Diffusion

• Add noise in discrete space (mask & replace)
• Recover the original sample from noise with transformer



Mask & Replace diffusion strategy

• Corrupt the tokens by stochastically masking some of them so that 
the corrupted locations can be explicitly known by the reverse 
network.

• Specifically, we introduce an additional special token, [MASK] token, 
so each token now has (K +1) discrete states. 

• each ordinary token has a probability of γt to be replaced by the 
[MASK] token and has a chance of Kβt to be uniformly diffused, 
leaving the probability of αt = 1 − Kβt − γt to be unchanged, whereas 
the [MASK] token always keeps its own state.



Mask & Replace diffusion strategy

• Hence, we can formulate the transition matrix Qt ∈ R(K+1)×(K+1) as,



Benefit of Mask & Replace diffusion strategy

• the corrupted tokens are distinguishable to the network, which eases 
the reverse process. 

• The random token replacement forces the network to understand the 
context rather than only focusing on the [MASK] tokens.

• The computation cost of q(xt|x0) is reduced from O(tK2) to O(K).



Results



Qualitative comparison



FID comparison on 
different models

Ablation studies on 
fast inference 
strategies
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Text to Image Generation



Challenges

• Cross domain problem – effective fusion of natural language 
information (text) and visual information (image)

• Semantic consistency – generated image should be holistically/ 
locally consistent with the text

• Abstractive textual information – text information is abstract and 
lack explicit spatial information



Semantic special aware GAN



Semantic special aware block



Visualization of predicted masks



Quantitative results



Qualitative result
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Examples



Parti Model

• Parti is a two-stage model, composed of an image tokenizer and an 
autoregressive model

• The first stage involves training a tokenizer that turns an image into a 
sequence of discrete visual tokens for training and reconstructs an 
image at inference time. 

• The second stage trains an autoregressive sequence-to-sequence 
model that generates image tokens from text tokens.



Model Overview



Model Overview



Size variants of Parti



Scaling



Training Datasets

• The data includes the publicly available LAION-400M dataset , 
FIT400M (a filtered subset of the full 1.8 billion examples used to 
train the ALIGN model) , JFT-4B dataset (which has images with text 
annotation labels). 

• For textual descriptions of JFT, they have randomly switched between 
the original labels as text (concatenated if an image has multiple 
labels) or machine-generated captions from a SimVLM model.



Evaluation Datasets

• Models were evaluated on MS-COCO (2014) and Localized Narratives



Quantitative analysis



Human evaluation results



Adding details
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Examples



More Examples



Main contributions

• Given a few casually captured images of a subject, the model can 
synthesize novel renditions of the subject in different contexts, while 
maintaining high fidelity to its key visual features.

• A new technique for fine-tuning text-to-image diffusion models in a 
few-shot setting, while preserving the model’s semantic knowledge 
on the class of the subject.



Improvements



High-level method overview

• This method takes as input a few images of a subject (e.g., a specific 
dog) and the corresponding class name (e.g. “dog”), and returns a 
fine-tuned/“personalized” text-to-image model that encodes a 
unique identifier that refers to the subject.

• Then, at inference, we can implant the unique identifier in different 
sentences to synthesize the subjects in difference contexts.



High-level method overview



Method

• Representing the Subject with a unique Identifier
• Fine tuning the process to avoid overfitting and loss



Representing the Subject with a unique 
Identifier
• The goal is to “implant” a new (key, value) pair into the diffusion 

model’s “dictionary” such that, given the key for our subject, we are 
able to generate fully-novel images of this specific subject with 
meaningful semantic modifications guided by a text prompt.

• approach and label all input images of the subject “a [identifier] [class 
noun]”, where [identifier] is a unique identifier linked to the subject 
and [class noun] is a coarse class descriptor of the subject (e.g. cat, 
dog, watch, etc.). The class descriptor can be obtained using a 
classifier.



Fine tuning



Fine tuning

• Given a small set of images depicting the target subject and with the 
same conditioning vector  obtained from the text prompt “a 
[identifier] [class noun]”, the text-to-image model can be fine-tuned 
using the classic denoising loss used in Cascaded Text-to-Image 
Diffusion Models with the same hyperparameters as the original 
diffusion model. 

• Two key issues arise with such a naive fine-tuning strategy: Overfitting 
and Language-drift.



Overfitting

• Since the input image set is quite small, fine-tuning the large image 
generation models can overfit to both the context and the 
appearance of the subject in the given input images (e.g., subject 
pose).

• Though regularization or selectively fine-tuning certain parts of the 
model can be used, the best results that achieve maximum subject 
fidelity are achieved by fine-tuning all layers of the model.



Overfitting



Language Drift

• The language drift is the phenomena where a language model that is 
pre-trained on a large text corpus and later fine tuned for a specific 
task progressively loses syntactic and semantic knowledge of the 
language as it learns to improve in the target task.



Solution

• They have propose an autogenous class-specific prior-preserving loss 
to counter both the overfitting and language drift issues. 

• This method is to supervise the model with its own generated 
samples, in order for it to retain the prior once the few-shot fine-
tuning begins.
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Training stage 1 – CLIP model training

CLIP
zi

zt

Art of a 
woman

A photo 
of a dog

A photo of a 
woman



Training stage 2 – Prior + Decoder (unCLIP)



Decoder

• This uses diffusion models to produce images conditioned on CLIP 
image embeddings (and optionally text captions). 

• They have modified the architecture of GLIDE model by projecting 
and adding CLIP embeddings to the existing timestep embedding, and 
by projecting CLIP embeddings into four extra tokens of context that 
are concatenated to the sequence of outputs from the GLIDE text 
encoder.

• They enable classifier-free guidance by randomly setting the CLIP 
embeddings to zero (or a learned embedding) 10% of the time, and 
randomly dropping the text caption 50% of the time during training.



Decoder

• To generate high resolution images, they train two diffusion 
upsampler models one to upsample images from 64*64 to 256*256 
resolution, and another to further upsample those to 1024*1024 
resolution.

• To improve the robustness of our upsamplers, they slightly corrupt 
the conditioning images during training.

• For the first upsampling stage, they use gaussian blur, and for the 
second, they use a more diverse BSR degradation.

• To reduce training compute and improve numerical stability, the 
model was trained on random crops of images that are one-fourth 
the target size.



Autoregressive (AR) prior

• the CLIP image embedding zi is converted into a sequence of discrete 
codes and predicted autoregressively conditioned on the caption y.

• PCA applied to embetings Zi and used at 319 dimentions
• Add text captions as prefix
• Text transformer – 24 blocks encoder & decoder



Diffusion prior

• The continuous vector zi is directly modelled using a Gaussian 
diffusion model conditioned on the caption y.

• Decoder only transformer.
• Combined input : encoded input + CLIP embedding + timestamp + 

noised zi 

• Output : unnoised zi 

• Generate 2 samples of zi and use one with the best dot product with 
zt



Image Manipulations

• This approach encode any given image x into a bipartite latent 
representation (zi, xT ).

• The latent zi describes the aspects of the image that are recognized by 
CLIP, while the latent xT encodes all of the residual information 
necessary for the decoder to reconstruct x.



Variations



Interpolations



Text Diffs

• A key advantage of using 
CLIP compared to other 
models for image 
representations is that it 
embeds images and text to 
the same latent space, thus 
allowing us to apply 
language-guided image 
manipulations



Human Evaluations



Comparison on MS-COCO
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Introduction

• This paper proposes a method to customize a CLIP based diffusion 
model through a series of input images towards an aesthetic defined 
by the user. 



Methodology

• The process is done by modifying the original text embeddings of the 
prompt used to generate images by using a separate text embedding. 

• Using several images, an average of visual embeddings can be taken 
which is described as the aesthetic preference of the user. 

• The similarity between two embeddings calculated as a dot product is 
used as the final prompt for image generation. 



Methodology

“A fountain, sculpture”

Embedding

Diffusion Model



Methodology

“A fountain, sculpture”

Embedding

Aesthetic 
Embedding

Diffusion Model

Embedding



Testing

• They have trained the model with images from Simulacra Aesthetic 
Captions and LAION Aesthetics datasets and tested for different 
prompts and using the Simulacra aesthetic models a score was given 
for aesthetics. 

• The results show an improvement on the aesthetic scores on the 
proposed model.



Other Notable Research Papers 

• Generating Images from Captions with Attention (2016)
• AttnGAN: Fine-Grained Text to Image Generation with Attentional 

Generative Adversarial Networks (2017)
• Neural Discrete Representation Learning (2018) – (VQ-VAE)
• Denoising Diffusion Probabilistic Models (2020)
• Zero-Shot Text-to-Image Generation (2021) – (DALI -E)
• Diffusion Models Beat GANs on Image Synthesis (2021)
• Taming Transformers for High-Resolution Image Synthesis (2021)
• Re-imagen: Retrieval-augmented Text-to-image Generator (2022)



Proposed Research Direction

• The proposed research attempts to use text extracted from pre-made 
adventure to generate cohesive and contextually accurate images 
according to the given setting. 

• We attempt two tactics to reach the goal, 
• by identifying the context behind the text we hope to develop a NLP model to 

generate precise prompts to be fed into a diffusion model.
• by filtering and enhancing generated images according to DnD style we hope 

to further match the resultant images to context.



Methodology

• When an adventure is given in text format we will first try to extract 
key words/phrases that are relevant

• We will then convert the phrases to prompts that can be inserted to a 
diffusion model (specifically stable diffusion)

• The resultant embeddings will then be changed according to aesthetic 
embeddings in DnD style.

• The sample output images will be filtered to get most relevant images
• The final image will then be upscaled.



Methodology

Aesthetic 
Embedding

Diffusion Model

Text phrases

Embeddings

NLP

Text prompts
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NLP - Key phrase Extraction

• Lemmatize Text: we can bring each word to its root form to reduce 
repetition.

• Select Potential Phrases: filter stop words and group together 
consecutive words bearing contextual similarity.

• Score Each Phrase: rank the list of possible phrases to figure out 
which one is the most important.



NLP - Key phrase Extraction
Text Tokens Key Words

In the city of Neverwinter, a dwarf named Gundren
Rockseeker asked you to bring a wagon load of 
provisions to the rough-and-tumble settlement of 
Phandalin, a couple of days' travel southeast of the 
city. Gundren was clearly excited and more than a 
little secretive about his reasons for the trip, saying 
only that he and his brothers had found "something 
big," and that he'd pay you ten gold pieces each for 
escorting his supplies safely to Barthen's Provisions, 
a trading post in Phandalin. He then set out ahead of 
you on horse, along with a warrior escort named 
Sildar Haliwinter, claiming he needed to arrive early 
to "take care of business." You've spent the last few 
days following the High Road south from 
Neverwinter, and you've just recently veered east 
along the Triboar Trail. You've encountered no 
trouble so far, but this territory can be dangerous. 
Bandits and outlaws have been known to lurk along 
the trail.

In, the, city, of ,Neverwinter,
[object Object],,token,26,26,,,[object 
Object],,token,28,28,a,[object 
Object],,token,30,34,dwarf,[object 
Object],,token,36,40,named,[object 
Object],,token,42,48,Gundren,[object 
Object],,token,50,59,Rockseeker,[object 
Object],,token,61,65,asked,[object 
Object],,token,67,69,you,[object 
Object],,token,71,72,to,[object 
Object],,token,74,78,bring,[object 
Object],,token,80,80,a,[object 
Object],,token,82,86,wagon,[object 
Object],,token,88,91,load,[object 
Object],,token,93,94,of,[object 
Object],,token,96,105,provisions,[object 
Object],,token,107,108,to,[object Object],,token,……

dwarf named, named gundren, gundren rockseeker, 
rockseeker asked, wagon load, travel southeast, 
clearly excited, little secretive, ten gold, gold 
pieces,
[object Object],,chunk,422,436,supplies 
safely,[object Object],,chunk,465,476,trading 
post,[object Object],,chunk,544,557,warrior 
escort,[object Object],,chunk,552,563,escort 
named,[object Object],,chunk,559,570,named 
sildar,[object Object],,chunk,565,581,sildar 
haliwinter,[object Object],,chunk,606,617,arrive 
early,[object

We have used the RAKE (Rapid Automatic Keyword Extraction) model here.



NLP – Prompt generation

• Input Text: A dwarf driving a wagon full of provisions
• Select Potential Phrases: A dwarf driving a wagon full of provisions, 

illustration, wide angle, fine details, cinematic, realistic, closeup, D&D, 
fantasy, intricate, elegant, highly detailed, digital painting, artstation, 
octane render, 8k, concept art, matte, sharp focus, illustration, 
hearthstone, art by Artgerm and Greg Rutkowski and Alphonse 
Mucha



Test Results

A dwarf driving a wagon full of provisions A dwarf driving a wagon full of provisions, illustration, wide angle, fine 
details, cinematic, realistic, closeup, D&D, fantasy, intricate, elegant, 
highly detailed, digital painting, artstation, octane render, 8k, concept 
art, matte, sharp focus, illustration, hearthstone, art by Artgerm and 
Greg Rutkowski and Alphonse Mucha



Style Transfer

• For style transfer we are planning to use the model provided in            
”Personalizing Text-to-Image Generation via Aesthetic Gradients” and 
training custom embeddings in DnD style.

• We have tested the result of aesthetic embeddings on pre trained 
fantasy themed model.



Test Results
A city

Without Embedding With Embedding



Test Results
A city skyline after a nuclear war, explosions, dark, digital painting, concept art, highly detailed, artstation, matte, 
sharp focus, art by Artgerm and Greg Rutkowski

Without Embedding With Embedding



Test Results
A fantasy city

Without Embedding With Embedding



Test Results
A fantasy city within a dark cavern, highly detailed, digital art, concept art, sharp focus, beautiful vfx, official 
media, anime key visual, wlop

Without Embedding With Embedding
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