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DnD is.a popular fantasy tabletop role-playing game which has become af
sL)bcuIture phenomena due to its immense popu%rlty i

'8 When starting a session in a Dn Iﬁame players typically follow an
established guide which dlr,ects thea\overall setting of the game. Making a

pro‘%r gUJeI“e_ IS a very tlmﬂ"consumﬁhg endower.

e One of, the\maln bottleneqks I makmg an enjoyable gwde IS creating
relevan“c images to match the situation. Unless you are a talented artlst
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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.

above even Icewind Dale, lies the Sea of Moving

Ice. Gigantic icebergs wander listlessly through
this glasslike sea, or are sent smashing and grinding
against each other by bitterly cold winds, the sea spray
transformed into fantastic frozen shapes around them.
Only creatures adapted to severe cold can survive such
frigid extremes, but many beasts—and even people—
make their homes in the Sea of Moving lee. One such

Far to the north, beyond the Spine of the World and

creature is the white dragon Arauthator, known as “Old
‘White Death” by those he stalks and terrorizes. In this
section of the adventure, the heroes' battle against the
cult leads them to one of Arauthator’s iceberg lairs.

THE DRAAKHORN'S CALL

“The Sea of Moving |ce was the last known location of the
Droakhorn. No one can pinpoint its present location from
the saund, or even verify with certainty that the relic is still
in the northern sea, but the search must start there.

“The one person who could tell us more is a tiefling
sorcerer called Maccath the Crimson. No one alive knows
more about the Draakhorn than her, but the Arcane
Brotherhood, of which she is also a member, hasn't
seen her for three years. She was investigating the Sea of

Maving ice when she disappeared.”

“OLD WHITE DEATH”




Introduction

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

e 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 Fang Wen Lu Yuan
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Related Work

* GAN-based Text-to-image generation.

K —
Real
Text
. Image D — Real/lFake?
P
G — (2] —
L —p Generated
Noise Image I
¢ Input text

e Limitations
e Single domain images
e Cannot handle complex images



Related Work

e Auto regressive model.
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e Limitations
e Uni directional bias
e Accumulated errors
e Slow in inference



Related Work

e Denoising Diffusion Probabilistic Models.
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Latent Spaces

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

An Oversimplified Example of a Cat/Dog Image Latent Space

daytime

time of day of the
image

night time v

More dog-like

More cat-like

how dog-like versus cat-like an image is



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.
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Variational Autoencoders (VAE)

* The main issue with vanilla
aUtoenCOderS iS that the mOdeI Messy Autoencoder Latent Space Well Distributed VAE Latent Space
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. o, ‘o
o
* Variational autoencoders . .
overcome this problem by * L o . ®

enforcing a probabilistic prior
(Typically a gausean) on the latent
space.




Vector Quantized Diffusion Model

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

Step1: VQ-VAE Codebook
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VQ-Diffusion

* Add noise in discrete space (mask & replace)

* Recover the original sample from noise with transformer
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Mask & Replace diffusion strategy

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

e 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 y, to be replaced by the
[MASK] token and has a chance of KB, to be uniformly diffused,
leaving the probability of at = 1 — KB, -y, to be unchanged, whereas
the [MASK] token always keeps its own state.



Mask & Replace diffusion strategy

* Hence, we can formulate the transition matrix Q, € R(K+1)x(K+1) as,
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Benefit of Mask & Replace diffusion strategy

e 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(tK?) to O(K).



Results
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Qualitative comparison

CUB-200 dataset MSCOCO dataset

This beautiful little The long wings
spreaded showing  An airplane that is
the breast and the parked at airport
belly of the large bird

A small sized blue
bird that has a
short pointed bill

bird has a white
breast and very
intriguing red eyes

DF-GAN DM-GAN

VQ-Diffusion

Some children are
playing soccer
on the field

A giraffe is
standing in
a green field



Ablation studies on
FID comparison on Eact inference

different models strategies

oo [ cunm | o e Training steps

StackGAN 74.05 51.89 55.28
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Text to Image Generation with
Semantic-Spatial Aware GAN

Wentong Liao Michael Ying Yang

Kai Hu Bodo Rosenhahn



Text to Image Generation

This is a gray bird with black wings and A horse in a grassy field set against a
Input : : . _ _
Text white wingbars light yellow sides and foggy mountain range
yellow eyebrows.
ke
R,
2 Y
Output
Image

Single object Complex scene with multiple objects



Challenges

* Cross domain problem — effective fusion of natural language
information (text) and visual information (image)

e 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

Generated images
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Semantic special aware block

Text feature vector

Conditional Affine Transformation:
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Mask predictor

* Control content
» « Semantic aware: predicted
from textual feature
—» ¢ Spatial aware in pixel level

Predicted
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Visualization of predicted masks

Generated
Input Text Image SSA bl SSA b2 SSA b3

This small bird has a |

short beak, a light gray \\ ,.;f
breast, a darker gray '

and black wing tips.

SSA b4 SSA b5 SSA b6 SSA b7
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Quantitative results

Methods IS 1 FID | R-precision 7

CUB CUB COCO CUB COCO
StackGAN++ [35] 4.044+0.06 15.30 81.59 - -
AttnGAN [20] 4361+0.03 2398 3549 67.82+4.43 85.47+3.69
ControlGAN [16]  4.5840.09 - - 69.33+3.23 82.43+2.43
SD-GAN [31] 4.67+0.09 - - - -
DM-GAN [39] 4754+0.07 16.09 32.64 72314091 88.5640.28
DF-GAN [2¢] 4.861+0.04 19.24 28.92 . -
DF-GANT1 [2%] 5.10 14.81 21.42 - -
DAE-GAN [24] 44240.04 15.19 28.12 85440.57 92.6+0.50
Ours 517+0.08 1561 19.37 7594+0.92 90.64+0.71




Qualitative result

A small bird with an The bird has a This bird has a long A small bird witha A close up of a boat Some cows are A skier walks A herd of elephants
orange bill and grey bright red eye, a pointed beak with a black bill and a on a field with a standing on the field through the snow up are walking through
crown and breast.  gray bill and a wide wingspan. fuzzy white crown  cloudy sky. on a sunny day. the slope. a river.

white neck. nape throat and
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Scaling Autoregressive Models for Content-Rich
Text-to-Image Generation

e Jiahui Yu e Zirui Wang e Ben Hutchinson
* Yuanzhong Xuy  Vijay Vasudevany * Wei Han

 Jing Yu Kohy e Alexander Kuy e Zarana Parekh
 Thang Luongy * Yinfei Yang e Xin Li Han Zhang
e Gunjan Baidy e Burcu Karagol Ayan e Jason Baldridgey

Yonghui Wu



Examples

s

A. A photo of a frog reading the newspaper named “Toaday” writ-  B. A portrait of a stame of the Egyprian god Anubis wearing avia-  C. A high-contrast photo of a panda riding a horse. The panda is
ten on it. There is a frog printed on the newspaper too. tor gogales, white r-shire and leather jacker. The ciry of Los Ange-  wearing a wizard hat and is reading a book. The horse is standing
les is in the background. Hi-res DSLR photograph. on a street against a gray concrete wall. Colorfid flowers and the

word "PEACE" are painted on the wall. Green grass grows from

cracks in the street. DSLR photograph. daytime lighting.

BE
EXCELLENT
TO EACH
OTHER=

Figure 1: Example images generated by Parti. Top row: “Oil-on-canvas painting of a blue night sky
with roiling energy. A fuzzy and bright yellow crescent moon shining at the top. Below the exploding
vellow stars and radiating swirls of blue, a distant village sits quietly on the right. Connecting earth

and sky is a flame-like cypress tree with curling and swaying branches on the left. A church spire | | g 83 " &

rises as a be(l(‘(}n aver mH”‘.‘g bhff’_ hills” (a 67-word descriplion of the S[a_[‘['y ngh[ by Vincent D. A giant cobra snake made from X. X € {“salad”, “pancakes”, E. A wombat sits in a vellow beach chair, while sipping a martini  ¥. The saving "BE EXCELLENT TO EACH OTHER" .... (a) brick
Van Gogh) J’_\Iid(lle Irow: ""A C-’OSE?—IIP hfgk-(‘onrrasr phgr{) of S'\’dﬂ{?’\’ Opgra House _g;'”jng next to  ‘sushi”, “com”)} that is on his laprop keyvboard. The wombai is wearing a white  wall and alien (b) driftwood. (c) old wooden boat with reflection.
Eiffel tower, under a blue night sky of roiling energy, expleding yellow stars, and radiating swirls of panama hat and a floral Hawaiian shirt. Out-of focus palm rrees () stained glass. (See text for full prompts.)

blue”. Last row: Similar to the middle row, but with “anime illustration” and different landmarks S yte heckeroind: DGR pliotpTope. Wide chple View,

(the Greatr Pyramid and the Parthenon).



Parti Model

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

e 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
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Figure 3: Overview of Parti sequence-to-sequence
generation with ViT-VQGAN as the image tokenizer (right).

left) for text-to-image



Model Overview

ViT- Super-Resolution
VQGAN Upsampler
H frozen trainable
N - Original Image Reconstructed Image
o 256 x 256 256 x 256

Original Image

Reconstructed Image
1024 x 1024

1024 x 1024

Figure 4: A learned super-resolution module to upsample 256 x 256 images to higher-resolution
1024 x 1024 ones based on a frozen ViT-VQGAN image tokenizer. The super-resolution module
takes 256 x 256 images as inputs without conditioning on text inputs.



Size variants of Parti

Model Encoder Layers Decoder Layers Model Dims MLP Dims Heads Total Params
Parti-350M 12 12 1024 4096 16 350M
Parti-750M 12 36 1024 4096 16 750M
Parti-3B 12 36 2048 8192 32 3B

Parti 16 64 4096 16384 64 0B




Scaling
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Figure 6: An illustration of 16-stage GSPMD pipelines used to scale the 20B model training. The
figure shows how the 16 devices are used for data parallelism in the quantizer, embedding and softmax
layers, but repurposed for pipelining in the encoder and decoder layers. Each color represents data
or layer assigned to one device. The decoder uses 4-round circular schedule to further reduce the
pipeline bubble ratio. On top of this, we use additional 64-way data parallelism for all layers.



Training Datasets

* The data includes the publicly available LAION-400M dataset,
FITA00M (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

Dataset Train Val AvgWords Caption Image

MS-COCO (2014) 82K 40K 10.5 “A bowl of broccoli and apples with
a utensil.”

Localized Narratives
(COCO subset) 134K 8K 42.1 “In this picture, we see a bowl con- x’ -
taining the chopped apples and broc- -
coli. In the background, we see a _ — -
white table on which seeds or grains, i 5
broccoli, piece of fruit, water glass
and plates are placed. This table is
covered with a white and blue color . L———
cloth. This picture is blurred in the BT W

L e R

bac kg round.” A

B
FAT S
EEEESRSSEPEEET]

Table 2: Evaluation data statistics and examples. Images from the COCO portion of Localized
Narratives come from the MS-COCO (2017) set: Localized Narratives descriptions are four times the
length of captions in MS-COCO on average. The example above highlights the massive difference in
detail between MS-COCO and Localized Narratives for the same image.



Quantitative analysis

MS-COCO FID ()

LN-COCOFID ()

Approach Model Type

Zero-shot Finetuned Zero-shot Finetuned
Random Train Images [10] - 2.47 -
Retrieval Baseline - 17.97 6.82 33.59 16.48
TReCS [46] GAN - - - 48.70
XMC-GAN [47] GAN - 9.33 - 14.12
DALL-E [2] Autoregressive  ~28 - - -
CogView [3] Autoregressive 27.1 - - -
CogView?2 [61] Autoregressive 24.0 17.7 - -
GLIDE [11] Diffusion 12.24 - - -
Make-A-Scene [10] Autoregressive 11.84 7.55 - -
DALL-E 2 [12] Diffusion 10.39 - - -
Imagen [13] Diffusion 7.27 - - -
Parti Autoregressive 7.23 3.22 15.97 8.39




Human evaluation results

100% Number of
91.7% 90.5% Votes

0/5

_— 15
2/5

54.8% 55.2% 3/5

45.2% 44.8% W s

B 55
Majority
Vote

50%

25%

8.3% 9.5%

AMC-GAN Parti Retrieval Parti AMC-GAN Parti Retrieval Parti
Image Realism Image-Text Match

Figure 8: Human evaluation results over 1,000 randomly sampled prompts from the MS-COCO
(2014) validation set. Each prompt is rated by 5 independent human evaluators. The zero-shot Parti
models are used in all comparisons. Our model significantly outperforms XMC-GAN [47], despite
the latter being finetuned on MS-COCO. When compared against the retrieval model (retrieval over

about 4B training images), Parti is better on image-text match, but worse on image realism (as
retrieved 1mages are real images).



Adding details

a Aovan parked on grass. b

A smilling sloth wearing o leather jacket, A smiling sloth wearing a bowihe and : A van with a cityscape painted o it
& cowboy hav and a kil Niolding a guarterstafl and a big book, A shiny VIV van parked on grass. and parked on grass,

A smiling sloth wearing a leather jacket, a cnwhm- hat, a kilt A smiling shoth wearing a bowtic and holding a A shiny VW van with a cityscape painted on it and
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DreamBooth: Fine Tuning Text-to-Image Diffusion
Models for Subject-Driven Generation

* Nataniel Ruiz e Varun Jampani  Michael Rubinstein
* Yuanzhen Li * Yael Pritch e Kfir Aberman



Examples

gztting o hadreut

Input images

Input images worn by a bear ot M. Fuge on top of snaw with Eiffel Tower

Figure 1: With just a few images (typically 3-5) of a subject (left), DreamBooth—our Al-powered photo
booth—can generate a myriad of images of the subject in different contexts (right), using the guidance of a
text prompt. The results exhibit natural interactions with the environment, as well as novel articulations and
variation in lighting conditions, all while maintaining high fidelity to the key visual features of the subject.

Image credit (input images): Unsplash.



More Examples

Input images

city of Versailles




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

Fidelity b 4
) 4

New contexts
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New contexts o/ 1 New contexts

Input Images Image-guided, DALL-E2 _ Text-guided, Imagen Ours



High-level method overview

e 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
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Method

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



Representing the Subject with a unique
dentifier

 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.

e 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

Reconstruction Loss
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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

e 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

Generating “A dog”

Vanilla model

Input images




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.

Input images (a) Incorrect context synthesis {b) Context-appearance entanglement (c) Overfitting




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.



Hierarchical Text-Conditional Image
Generation with CLIP Latents

e Aditya Ramesh e Alex Nichol e Mark Chen
e Prafulla Dhariwal e Casey Chu



Training stage 1 — CLIP model training

Art of a A photo A photo of a
woman of a dog woman



Training stage 2 — Prior + Decoder (unCLIP)
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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

e 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.

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

e 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 .

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



Diffusion prior

* The continuous vector z; is directly modelled using a Gaussian
diffusion model conditioned on the captiony.

* Decoder only transformer.

e Combined input : encoded input + CLIP embedding + timestamp +
noised z,

* Output : unnoised z,

* Generate 2 samples of z, and use one with the best dot product with
Zt



Image Manipulations

* This approach encode any given image x into a bipartite latent
representation (z, x; ).

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



Variations

Figure 3: Variations of an input image by encoding with CLIP and then decoding with a diffusion model. The
variations preserve both semantic information like presence of a clock in the painting and the overlapping
strokes in the logo, as well as stylistic elements like the surrealism in the painting and the color gradients in
the logo, while varying the non-essential details.



Interpolations

Figure 4: Variations between two images by interpolating their CLIP image embedding and then decoding
with a diffusion model. We fix the decoder seed across each row. The intermediate variations naturally blend
the content and style from both input images.

e

L=
aphoto of an adult lion — a photo of lion cub

a photo of a landscape in winter — a photo of a landscape in fall

Figure 5: Text diffs applied to images by interpolating between their CLIP image embeddings and a normalised
difference of the CLIP text embeddings produced from the two descriptions. We also perform DDIM inversion
to perfectly reconstruct the input image in the first column, and fix the decoder DDIM noise across each row.



Text Diffs

e 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

Granny Smith: 100% Granny Smith: 0.02% Granny Smith: 94.33%
iPod: 0% iPod: 99.98% iPod: 0%
Pizza: 0% Pizza: 0% Pizza: 5.66%

Figure 6: Variations of images featuring typographic attacks [20] paired with the CLIP model’s predicted
probabilities across three labels. Surprisingly, the decoder still recovers Granny Smith apples even when the
predicted probability for this label is near 0%. We also find that our CLIP model is slightly less susceptible to
the “pizza” attack than the models investigated in [20].



Human Evaluations

unCLIP Prior  Photorealism  Caption Similarity Diversity
AR 47.1% £ 3.1% 41.1% + 3.0% 62.6% £ 3.0%

Diffusion 48.9% £+ 3.1% 45.3% £ 3.0% 70.5% £ 2.8%

Table 1: Human evaluations comparing unCLIP to GLIDE. We compare to both the AR and diffusion prior
for unCLIP. Reported figures are 95% confidence intervals of the probability that the unCLIP model specified

by the row beats GLIDE. Sampling hyperparameters for all models were swept to optimize an automated
proxy for human photorealism evaluations.



Comparison on MS-COCO

Model FID  Zero-shot FID  Zero-shot FID (filt)
AttnGAN (Xu et al.| [ 2017) 35.49
DM-GAN (Zhu et al.,[2019) 32.64
DF-GAN (Tao et al.| [2020 21.42
DM-GAN + CL {Ye et al.[[20 20.79
XMC-GAN (Zhang et al. 0.33
LAFITE (Zhou et al.| 2021) 8.12

Make-A-Scene I]Gafni et al.l Eﬂﬁb 7.55

DALL-E (Ramesh et al., 2021} ~ 28

LAFITE (Zhou et al..|2021) 26.94
GLIDE (Nichol et al.||[2021) 12.24 12.89
Make-A-Scene (Gafni et al.| [2022) 11.84
unCLIP (AR prior) 10.63 11.08
unCLIP (Diffusion prior) 10.39 10.87

Table 2: Comparison of FID on MS-COCO 256 x 256. We use guidance scale 1.25 for the decoder for both
the AR and diffusion prior, and achieve the best results using the diffusion prior.
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Introduction

e 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.

Original
SD

Personalized
with SACs+

A fountain, sculpture
Original
SD

Personalized
with SACg

Sy
A A beautiful mannequin made Photorealistic white marble greek
plants in a thick wood where time of marble printed in 3d goddess face profile sculpture
has stopped. trending on Artstation  geometric neon + kintsugi.. entwined by c
i — 3 ‘; :

Dark Voleano is an impressive
dark red quartzite...

gt

Original
SD

Personalized
with LA[ON7+

o - i
A whole train covered i wil style Art Deco in Santorini island
graffiti in the style of Seen, HQ palm trees crystal clear neon water,
masterpiece, vibrant trending Artstation, octane render...

A gothic cathedral in the A painting of a path going up
middle of the forest a hill, oil on canvas



Methodology

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

e 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
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Embedding
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Diffusion Model




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

e Generating Images from Captions with Attention (2016)

e AttnGAN: Fine-Grained Text to Image Generation with Attentional
Generative Adversarial Networks (2017)

* Neural Discrete Representation Learning (2018) — (VQ-VAE)

e Denoising Diffusion Probabilistic Models (2020)

e 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,

e 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.

e 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.
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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

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.

Tokens

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,93,94,0f,[object
Object],,token,96,105,provisions,[object
Object],,token,107,108,to,[object Object],,token,

Key Words

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

1/ ogresnoatdRF VATL AQEL

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
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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
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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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