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Project scope proposed initially

This is an extension to 
the initially proposed scope



Dungeons and Dragons

• Tabletop Role playing game
• A DM designs or follow a pre existing adventure
• Use props & images for immersion

A group of people playing D&D from the Critical Role web series. 
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Picture credit: Tomb of Annihilation (Wizards of the coast)



Tiamat 
Picture credit: Forgotten Realms Fandom Wiki

Research Problem

• Generating images consistent with the given 
narrative for a D&D adventure

• Difficult to create art for a given narrative
• Hard to maintain consistency of images across 

sessions
• Images should be consistent with the lore
• Pre existing or third party images needs to be 

incorporated
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Literature Survey

Evaluation Consistency

Key Phrase extraction Prompt generation Image generation
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Literature: Key Phrase Extraction

• Pre-processing & Summarization [1,2,3]

• Key phrase extraction using machine learning [4,5]

• Named Entity Recognition
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Literature: Prompt generation

• Prompt Engineering and Design Principles [6]

• Control over Text Generation with Templates and Constraints [7]

• Generative Pretrained Transformer (GPT) Models

•  Task-specific finetuning [8]

• Quantifying event boundaries in continuous narratives [9]
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What's the difference between prompts ?

Original Prompt Extended Prompt Original Prompt Extended Prompt

A dream of a distant 
galaxy

A dream of a distant 
galaxy, concept art, 
matte painting, HQ, 4k

photo of a riverbank photo of a riverbank, 
concept art, matte 
painting, HQ, 4k
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Negative prompts

• “A dream of a distant galaxy” 

• Reduce artifacts

• out of frame, lowres, text, error, 
cropped, worst quality, low quality, 
jpeg artifacts, ugly, …

Example of a bad output generation. 13



Tasha
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Literature: Image Generation

• Image Synthesis with Generative Adversarial Networks [10]

• Variational Autoencoders (VAEs) for Image Generation [11]

• Diffusion models for Image Generation [12]

• Image Style Transfer [13]

• Image-to-Image Translation [14]
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Literature: Consistency

• Document-Level Sentiment 
Analysis [15]

• Document-Level Relation 
Extraction [16]

• Image Temporal Consistency 
[17,18]
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Video 1: Example of using temporal consistent images to form a video[9] . 






Literature: Evaluation

• Evaluation Metrics for Text Generation [19]

• Image Evaluation [20]

• Consistency evaluation [21]
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Phase 1: 
Comparative Analysis of Named Entity Recognition in the Dungeons and Dragons 
Domain
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Elminster 
Picture credit: Forgotten Realms Fandom Wiki

Strahd 
Generated by our Pipeline

Beholder 
Picture credit: Forgotten Realms Fandom Wiki



Model Comparison

• Pre-trained Models: BERT[22], ELECTRA[23], and XLM-RoBERTa[24] are general pre-trained models 
that can be fine-tuned for NER.

• NER-specific Models: WikiNEuRal[25], RoBERTaNER[26], and BERT-CRF[27] are specifically 
designed or adapted for NER.

• Toolkits & Libraries: Spacy[28] and Trankit[29] are comprehensive NLP libraries/toolkits that 
provide functionalities beyond just NER.

• Domain-specific: StanfordAIMI[30] is a domain-specific, focusing mainly on medical tasks.

• Embedding Techniques: Flair[31] is unique in its use of contextual string embeddings.

[22] Jacob Devlin, Ming-Wei Chang, Kenton Lee, and Kristina Toutanova. 2018. Bert: Pre-training of deep bidirectional transformers for language understanding. arXiv preprint arXiv:1810.04805.
[23] Kevin Clark, Minh-Thang Luong, Quoc V Le, and Christopher D Manning. 2020. Electra: Pre-training text encoders as discriminators rather than generators. In International Conference on Learning Representations.
[24] Alexis Conneau, Kartikay Khandelwal, Naman Goyal, Vishrav Chaudhary, Guillaume Wenzek, Francisco Guzman, Edouard Grave, Myle Ott, Luke Zettle- ´ moyer, and Veselin Stoyanov. 2019. Unsupervised cross-lingual representation learning at scale. arXiv preprint arXiv:1911.02116.
[25] Simone Tedeschi, Valentino Maiorca, Niccolo Campol- ` ungo, Francesco Cecconi, and Roberto Navigli. 2021. WikiNEuRal: Combined neural and knowledgebased silver data creation for multilingual NER. In Findings of the Association for Computational Linguistics: EMNLP 2021, pages 
2521–2533.
[26] Jean Baptiste. 2022. roberta-large-ner-english: model fine-tuned from roberta-large for ner task. https://huggingface.co/Jean-Baptiste/ roberta-large-ner-english. (Accessed on 05/10/2023).
[27] Fabio Souza, Rodrigo Nogueira, and Roberto Lotufo. ´ 2019. Portuguese named entity recognition using bert-crf. arXiv preprint arXiv:1909.10649.
[28] M. Honnibal and I. Montani, “spaCy 2: Natural language understanding with Bloom embeddings, convolutional neural networks and incremental parsing,” unpublished.
[29] M. Van Nguyen, V. D. Lai, A. P. B. Veyseh, and T. H. Nguyen, “Trankit: A light weight transformer-based toolkit for multilingual natural language processing,” arXiv preprint arXiv:2101.03289, 2021. 32
[31] A. Akbik, T. Bergmann, D. Blythe, K. Rasul, S. Schweter and R. Vollgraf, “FLAIR: An Easy-to-Use Framework for State-of-the-Art NLP,” in Proceedings of the 2019 Conference of the North American Chapter of the Association for Computational Linguistics: System Demonstrations, pages 
54-59, Minneapolis, Minnesota, 20191. 23



D&D adventure books

[32] Wizards of the Coast, (2023, March 28). LOST MINE OF PHANDELVER. D&D Beyond. [Online]. Available: https://www.dndbeyond.com/sources/lmop
[33] Wolfgang Baur, Steve Winter, and Alexander Winter. 2014a. Hoard of the Dragon Queen. Wizards of the Coast.
[34] Wolfgang Baur, Steve Winter, and Alexander Winter. 2014b. Rise of Tiamat. Wizards of the Coast.
[35] Christopher Perkins, Tracy Hickman, and Laura Hickman. 2016. Curse of Strahd. Wizards of the Coast.
[36] Christopher Perkins, Will Doyle, and Steve Winter. 2017. Tomb of Annihilation. Wizards of the Coast.
[37] Christopher Perkins, Graeme Barber, Bill Benham, et al. 2021. Candlekeep Mysteries. Wizards of the Coast.
[38] Stacey Allan, Will Doyle, Ari Levitch, and Christopher Perkins. 2021. The Wild Beyond the Witchlight. Wizards of the Coast. 
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Data Collection and Annotation

25

Text 
extraction

Separate 
to 

segments

Separate 
to 

paragraphs

Send to 
LLM + 
system 
prompt

BloomDolly OpenLLaMA

Manual cross 
examination

Ground truth 
annotations

[39] T. Le Scao et al., “BLOOM: A 176B-Parameter Open-Access Multilingual Language Model,” 
arXiv preprint arXiv:2211.05100, 20221.
[40] Databricks. 2023. Dolly: The first open source, commercially viable instruction-tuned llm. 
Databricks Blog. 
[41] Xinyang Geng and Hao Liu. 2023. Openllama: An open reproduction of llama.



Data Collection and Annotation

Using the BIO (beginning-inside-outside) tagging 
scheme, identify and label named entities in the 
provided text from D&D adventure books. The entities 
of interest are Persons (Person), Locations (Location), 
Organizations (Organization), and Miscellaneous. The 
text is: ”The traveling extravaganza known as the 
Witchlight Carnival visits your world once every eight 
years. You have a dim memory of sneaking into the 
carnival as a child without paying... ...pair of elves 
named Mister Witch and Mister Light were decidedly 
unhelpful.” Any ambiguities or errors in entity 
recognition should be removed.

Annotation process

Text segmentation process

System prompt, Text to be annotated and result 
(Bloom, OpenLLaMA)

System prompt, Text to be annotated (Dolly)
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Result Comparison between LLMs
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Results
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Results
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Recent Advances in Natural Language Processing (RANLP) 

2023

[42] Weerasundara, G., & de Silva, N. (2023). Comparative analysis of named entity recognition in the dungeons and dragons domain. arXiv preprint arXiv:2309.17171.. 31



Phase 2:
A Multi-Stage Approach to Image Consistency in Zero-Shot Character Art 
Generation for the D&D Domain

33



Literature: Generative AI & LLMs

• LLMs (Bloom, Dolly, OpenLLaMA etc.)
• Diffusion models (Stable diffusion [43], DALL-E etc [44])
• Multi-agent LLM Orchestration (Autogen [45], MetaGPT [46] etc)
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[46] Hong, S., Zheng, X., Chen, J., Cheng, Y., Wang, J., Zhang, C., ... & Wu, C. (2023). Metagpt: Meta programming for multi-agent collaborative framework. arXiv preprint arXiv:2308.00352.



Literature: Stable Diffusion

35Art generated by Stable diffusion



Experiment: Applying style to images

portrait (painting) of tabaxi, de Rivia closeup, suit, collar, formal attire, D&D, fantasy, intricate, elegant, highly detailed, 
artstation, concept art, matte, sharp focus, (brush strokes), (oil on canvas), hearthstone, art by Titian and Greg Rutkowski 
and Rembrandt van Rijn and Alphonse Mucha

No style transfer With style transfer
36



Experiment: Iterative changes

Image of a dragon, 
concept art, matte 
painting, HQ, 4k 
(Stable diffusion )

37

make only the dragon 
red (InstructPix2Pix 
[36])

dragon is inside a cave cave is a crystal cave make only the dragon 
red

[47] T. Brooks, A. Holynski, and A. A. Efros, “Instructpix2pix: Learning to follow image editing instructions,” arXiv preprint arXiv:2211.09800, 2022. 97



Image Generation Pipeline

Style 
Embedding

Text 
Encoder

Character 
Sheet Lora

Pose Sheet

Diffusion 
Model

LoRA

Extracting 
Segmented 

Images

Segmenting 
with Yolo

Consistent 
Images

ControlNet

Captioning 
With WD14

Image 
Processing

Remove 
Common 

Words and 
Insert a 

Unique ID

Input 
Prompt

39



Literature : Low Rank Aduptation (LoRA)
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Picture credit: LoRA from scratch [48]

[48] Aisuko (2024) Lora from scratch, Kaggle. Available at: https://www.kaggle.com/code/aisuko/lora-from-scratch (Accessed: 10 June 2024). 



Experiment: Training a General 
Art Style

Elf in a general built model

Elf in a style embedded 
model
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Datasets
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Experiment: Training a Specific Character Generation

Dreambooth LORA

Greater in Size Minute in Size

More VRAM/ resources Less VRAM/ resources

Need much less data but more 
dependent on dataset quality

Can supplement dataset quality 
with relevant text/ descriptions but 
need more data
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Experiment: Character Sheet Generation
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Datasets
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Literature: Controlnet

47
[49] Zhang, L., Rao, A., & Agrawala, M. (2023). Adding conditional control to text-to-image diffusion models. In Proceedings of the IEEE/CVF International Conference on Computer Vision (pp. 3836-3847).



Literature: Controlnet
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Experiment: Pose Sheets
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Experiment: Control Output
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Literature : YOLO

51
[50] Hussain, M. (2023). YOLO-v1 to YOLO-v8, the rise of YOLO and its complementary nature toward digital manufacturing and industrial defect detection. Machines, 11(7), 677.



Experiment: Separation and Training for Specific Character
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Experiment: Clustering

• DINOv2 (feature extractor) [51]
• K-MEANS++ (clustering method) [52]

[51] Oquab, M., Darcet, T., Moutakanni, T., Vo, H., Szafraniec, M., Khalidov, V., ... & Bojanowski, P. (2023). Dinov2: Learning robust visual features without supervision. arXiv preprint arXiv:2304.07193.
[52] Kapoor, A., & Singhal, A. (2017, February). A comparative study of K-Means, K-Means++ and Fuzzy C-Means clustering algorithms. In 2017 3rd international conference on computational intelligence & 
communication technology (CICT) (pp. 1-6). IEEE.



Workflow

Text Phrase

Image Output
With Name/ 
Description

Context DB

Image Pipeline

Check if 
available

NER/ Similarity 
check
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Literature: LLaVA
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Results

58



Specifications

Component Specification

GPU Nvidia RTX 4090

VRAM 24GB

RAM 61GB

CPU 16vCPU
59



International Conference on Agents and Artificial 
Intelligence (ICCART) 2023

60[53] Weerasundara, G., & de Silva, N. (2024, January). A Multi-Stage Approach to Image Consistency in Zero-Shot Character Art Generation for the D&D Domain. In ICAART (3) (pp. 
235-242).



Phase 3:
Map Generation
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Experiment: Force Directed Graph Drawing
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Experiment: Wave Function Colapse
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Experiment: Cellular Automata with Perlin Noise
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Experiment: Consistent Dungeon Generation
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Phase 4:
Multi Agent Workflow for Adventure Generation

(This is beyond the initial scope)
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Multi Agent Workflow

67

Seed 
Description

DM Agent
Story Writer 

Agent
Editor 
Agent

Encounter/ 
Mood/ Table 

Designer Agent

Recorder 
/Reporter/Styling 

Agent Image Prompt 
Generator 

Agent

Pipeline 
Implementor 

Agent
Function CallsScripts

Saved Files
Context DB

Map Reader 
Agent

RAG



Agents
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Literature: Retrieval augmented generation (RAG)
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Tables

71



Styling
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73



74
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Outcome
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Outcome
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Outcome
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Outcome
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Pipeline Specifications

• Timing
• Zero shot character generation pipeline (in RTX 4090 | 24GB VRAM)

• 10-20 minutes per pipeline (generation, processing, segmenting, captioning 
and clustering) * 6 => 1 to 2 hours

• 15-30 minutes per LoRA
• 1-2 seconds for generation

• ~1-4 hours for content generation
• 5-6 minutes for map generation

80



Conclusion

• Consistent image generation pipeline
• Generating character sheets
• Training a character specific LoRA
• Saving to Context DB
• Evaluation

• D&D  based map generation
• Map generation with cellular automata
• Map to image
• Using Maps to retrieve context

• End to end pipeline for d&d adventure generation
• Multi agent content generation
• RAG
• Function calls with pre made scripts

• Published 2 papers (RANLP 2023, ICCART 2023, 3rd paper)
• https://github.com/gayashan2020/consistantChar.git

81
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