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Dungeons & Dragons



Dungeons & Dragons
● Open ended, table-top roleplay game.
● Since 1974 , now in 5th edition [1].
● Predefined rules for gameplay [2-4].
● Several settings.
● Lore for each setting.
● History, status, relationships, description.
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Combat Encounters
● Players vs “monsters”.
● The way to attain progress [5].
● Immersion and verisimilitude [6].
● Need to align with lore.

○ Party going through forest attacked by a lion.
○ Party going in a boat in sea attacked by a lion.
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Research Problem



Research Problem
“Given a text prompt and/or relevant numerical values, creating 

cohesive D&D encounters with monsters and situations that align with 
the lore.”

● No encounter generator to select monsters automatically according 
to lore.

● No encounter generator to select monsters automatically according 
to desired difficulty.

● Dungeon masters need to try various combinations.
● Automatic generation remains a gap.
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Research Objectives



Research Objectives
● To analyze existing Dungeons & Dragons datasets and literature on NLP tasks 

to identify the information extraction techniques suitable for automated 

encounter generation.

● To apply named entity recognition to extract monster entities from D&D texts 

and to construct association maps capturing relationships between these 

entities, enabling automated, lore-consistent encounter generation.

● To model relationships among monsters by learning distributed semantic 

representations from text using Word2Vec and by performing community 

detection over monster properties and association maps, in order to uncover 

coherent monster groupings for automated encounter generation.

● To design a system for automated selection of monsters for D&D encounters 

and to validate the generated encounters for coherence with the lore.
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Literature Survey



Encounter Generation
● Publicly available online tools1 2 3 4.

○ Using challenge rating system 
○ Calculates XP point thresholds for player level inputs.
○ When a player selects monsters, calculates XP points for the monster combination.
○ Based on threshold, outputs the difficulty.
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Existing Works on D&D
● Forgotten Realms Wiki (FRW) dataset [2].

○ 11 datasets from FRW.

○ Free text generator.

○ Named entity classifier.

● Studies using D&D Data.

○ Dialogue and discourse analysis [7].

○ AI playing the game as DMs or players [8].

○ NER [9].

○ Image and Adventure generation [2,10].
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Named Entity Recognition Models
● LSTM, CNN and CRF based models.

○ Bi-LSTM-CRF [11] , Bi-LSTM-Bi-CRF [12].

○ Bi-LSTM-CNN [13]. 

● Contextualized string representations [14].

● Pre trained transformer based models.
○ BERT [15] with sequence tagging layer.

○ FLERT [16], Luoma and Pyysalo [17].
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Named Entity Recognition Frameworks
● Trankit [18].
● Stanza [19].

○ Contextualised string representation model.

● FLAIR [20].
○ Contextualised string representation model.
○ FLERT.

● spaCy4.
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Coreference Resolution
● End to end deep learning models.

○ Optimizing the margin likelihood of antecedent spans [21].

○ Iterative span ranking architecture [22].

● Language representation models.

○ BERT for span ranking [23].
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Word Embeddings 
● Vector representations for words.

○ One hot encoding.
○ Bag of words.

● Word2Vec [24].
○ CBOW.
○ Skip gram embeddings.

● GloVe [25].
● FastText [26].

16

[24] T. Mikolov, K. Chen, G. Corrado, and J. Dean, “Efficient estimation of word representations in vector space,” arXiv preprint arXiv:1301.3781, 2013.
[25] Pennington, J., Socher, R., & Manning, C. D. (2014, October). Glove: Global vectors for word representation. In Proceedings of the 2014 conference on empirical methods in natural language 
processing (EMNLP) (pp. 1532-1543).
[26] Bojanowski, P., Grave, E., Joulin, A., & Mikolov, T. (2017). Enriching word vectors with subword information. Transactions of the association for computational linguistics, 5, 135-146.



Community Detection
● Traditional methods.

○ Modularity based methods [27,28].

○ Label propagation based methods [29].

● Deep learning based methods.
○ Communitygan [30].

○ Non-negative Matrix Factorization [31,32].

○ Graph neural networks [33,34].
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Extracting Monsters from Fantasy Texts



Data
● Need to have several mentions of monster entities.
● Monster list

○ Publicly available monster list (D&D) System Reference Document 
(SRD) monster list2.

○ FRW-I dataset [2].
● Text

○ Publicly available monster lore3. 
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Methodology
● Obtaining monster lists.

○ SRD monster list (317 monsters). 
○ FRW-I extracted monster list (753 monsters).
○ Two lists for experiments: SRD list, merged list (853 

monsters).
● Obtaining text.

○ Publicly available lore text for 246 monsters.
○ Lore data of all 246 monsters combined.

● Setups for creating training, development and test 
sets.

○ Setup 1 - Tagging combined lore data using text lookup for 
SRD monster list.

○ Setup 2 - Tagging combined lore data using text lookup for 
merged list.
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Initial Text Lookup
● Initial text lookup of monsters in the lore data.
● False detections possible (impress → imp)
● Avoiding false detection.

○ An association map is formed by listing monsters found in each 
monster’s lore.

○ A threshold of 30 is taken and monsters that appear in more 
than 30 other monster’s lores are added to a list called ignore 
list.

○ This is done for both setup 1 and setup 2 and respective 
monsters lists were refined by removing the ignore list.
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Text lookup and BIO Tagging
● Combined monster lore was tokenized to sentences by Trankit tokenizer.
● Refined monster list was looked up and the position index of the words in 

the sentences were stored and sentences were tokenized.
● Using previous position index each of the words were tagged with BIO 

tags.
○ B-MONS.
○ I-MONS.
○ O

● Same method is followed for both the setup 1 and setup 2.
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Data Preparation
● BIO tagged data separated into training, development and test sets.

○ Done without separating sentences from same lore into 2 sets.
○ ⅔ (66.67 %) training set, ⅙ (16.67 %) development set and ⅙ (16.67 %) test.
○ Total 4520 sentences divided into 3011, 764 and 745 sentences.

● The test data that is produced during the process in Setup 2 is manually refined 
to produce gold standard test data.
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Training and Evaluation
● Zero-shot Trankit (XLM-RoBerta [14]) on the monster lore data.
● Models trained and tested with tagged data setup 1 and setup 

2.
○ XLM-Roberta pretrained model in Trankit.
○ Stacked embeddings as proposed by Akbik et al. [15] available in FLAIR 

(Config 1)
○ Stack embeddings with BiLSTM-CRF Sequence tagger (Config 2).

● Hyper parameters tuned.
○ Batch size of 32 identified for FLAIR.
○ Batch size of 16 for Trankit.
○ Number of epochs 25.

● Combined lore data is tagged with the best model identified 
and association maps and digraphs were created for 
visualization.
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Results - Model Scores
Model Training Precision Recall F1

Text 
Lookup 
test data

Manually 
tagged test 

data

Text 
Lookup 
test data

Manually 
tagged test 

data

Text 
Lookup 
test data

Manually 
tagged test 

data

FLAIR Config 1
Setup 1 62.11 82.97 72.46 28.23 66.89 42.12

Setup 2 91.91 85.58 92.46 89.17 92.19 87.34

FLAIR Config 2
Setup 1 64.91 86.10 80.43 28.58 71.84 42.87

Setup 2 91.11 85.47 92.87 89.50 92.97 87.43

Trankit

Zero shot 0.00 0.00 0.00 0.00 0.00 0.00

Setup 1 66.42 82.58 65.94 26.78 66.18 40.44

Setup 2 96.67 86.44 92.26 89.33 94.42 87.86
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Results - Association Map
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Results - Digraphs
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Discussion
● Zero shot Trankit was not able to identify any monster 

entities.
● FLAIR model LSTM-CRF sequence tagger outperformed 

the one LSTM tagger.
● Out of the compared models, fine tuned Trankit 

outperformed the fine tuned FLAIR models.
● Even some monsters such as archdevil, dust devil 

which were not in text lookup were identified by model.
● Some entity names that represent a particular monster 

according to the context they appear are identified as 
monsters.

● Plurals of fantasy domain specific monsters that cannot 
be identified by text lookup identified correctly.
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Community Detection in D&D Monsters



Community Detection
● Louvain [27] method to form environment based 

communities.
○ Merging of communities.
○ Enriching communities.

● 60 multi monster communities obtained and 290 single 
monster communities.

○ 72 percent of multi monster communities coherent.
○ Considering all the multi-monster communities and the encounters 

that were obtained in the same monster space it could be said that 87.7 
% of the encounters were same as or a subset of the monster 
communities.
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Word2Vec for Creating Encounters



Word2Vec on FRW Data
● Architectures used.

○ Continuous Bag-of-Words (C-BOW)
○ Skipgram.

● Obtained models which could identify some D&D 
relationships. 

○ When evaluating  Lolth - Vhaeraun = Asmodeus - Glasya, the 
expected answer Glasya was obtained from 72 out of 96 models (75 %).

○ For each rule of the form A, B → C, D, we adjusted the vector of C 
according to the equation C = A - B + D.

● The values show that the rules fitting does not provide 
expected results even for the monsters that were in the 
fitted rules, considering another relationship.

● The applied retrofitting strategy is not sufficiently reliable for 
downstream tasks such as encounter generation.
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LLM Fine-tuning and Benchmark



Datasets
● 41,106 instructions were obtained from FRW-J-Alpaca [2]. 
● Let’s call it as FRW-I.
● Sources used to create datasets.

○ 5etools1.
○ A total of 3786 human expert-created encounters were extracted from publicly available data 

from numerous online sources.
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Datasets Created from 5etools
● Linguistic diversity of instructions is seen to help models generalize better 

[35].
● We formed questions in 3-5 linguistically different formats for each 

column.
● Irrelevant features dropped.
● Two Datasets created.

○ 5et-I Instruction Dataset - Selecting one format for each monster, feature pair.
○ 5et-I-All Instruction Dataset - Selecting all formats for each monster, feature pair.
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Datasets Created from Encounters
● Input: A total of 3786 human expert-created 

encounters.
● Output: 2587 monster itemsets that can come 

together in an encounter were obtained.
● Frequent itemset mining using Apriori [36].
● Generating linguistically different question formats.
● 2 Datasets.

○ Enc-I Instruction Dataset - Selecting one question format for 
each rule.

○ Enc-I-All Instruction Dataset - Using all formats for each rule.

36[36] Srikant, R. (1996). Fast algorithms for mining association rules and sequential patterns. The University of Wisconsin-Madison.



Final Datasets Used for Instruction Tuning
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Final Datasets Used for Instruction Tuning
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Fine-tuning the Model
● Base model :- Mistral7BInstructv0.23 
● With 7B parameters, it is shown to be efficient and having comparable 

performance to the state of the art 13B parameter chat models and also known to 
work well LORA [37].

● Quantized LORA (QLORA) [38] is utilized to reduce the computing resources used 
for training.

● 8 models created by instruction tuning with the 4 datasets for 1 and 2 epochs 
respectively.

● The training was done using Axolotl framework in an H100 2XM GPU cloud virtual 
machine from runpod.io with 80 GB VRAM.
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Prompt Experiments
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Model Instruction Dataset Epochs Time (Minutes) Accuracy (%)

Model1v0.1 FRW-dnd-encounter 1 38 20.0

Model1v0.2 FRW-dnd-encounter 2 87 27.5

Model2v0.1 FRW-dnd-encounter-role 1 41 22.5

Model2v0.2 FRW-dnd-encounter-role 2 91 37.5

Model3v0.1 FRW-dnd-encounter-all 1 57 22.5

Model3v0.2 FRW-dnd-encounter-all 2 118 30.0

Model4v0.1 FRW-dnd-encounter-role-all 1 64 27.5

Model4v0.2 FRW-dnd-encounter-role-all 2 132 40.0



Prompt Experiments
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Results for the Best 2 Models
● Model, prompt pair which gave the best results was 

Model2v0.2 and the In Context Learning based prompt.
● The best prompt was based on In-Context learning, 

where two examples of boss monsters and the 
respective minion monsters provided and asking the 
model to provide the minion monsters for boss 
monster worked well.

● Some other common prompting techniques did not 
work well for this task.

○ Asking the LLM to walk through the steps.
○ Asking to include the prompt in the answer.
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Results for Best Model with the Best Prompt
● Spearman Correlation 
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Human 1 Human 2 GPT-4.1 Gemini-2.5 flash

Raw Scaled Raw Scaled Raw Scaled Raw Scaled

Human 2 0.49 1.00

GPT-4.1 0.39 0.80 0.44 0.90

Gemini-2.5-flash 0.45 0.92 0.53 1.08 0.59 1.20

DeepSeek-V3-0324 0.48 0.98 0.43 0.88 0.53 1.08 0.53 1.08



Results for Best Model with the Best Prompt
● Percentage of correct, partial and wrong answers for the set of 241 

different monsters for the best prompting method according to different 
judges.
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Result Human 1 Human 2 GPT-4.1 Gemini-2.5 
flash

DeepSeek-V3 
0324

Overall

Coherent monsters in 
output

37.3 48.1 45.2 37.8 28.6 39.4

Partially coherent 
monsters in output

21.2 21.2 11.6 31.5 47.7 26.6

Not coherent 41.5 30.7 43.2 30.7 23.7 33.9



Consistency with Monster CR
● Comparison of cumulative counts of correct, partially correct and failure 

outputs across Challenge ratings of monsters.
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Outputs of the Encounter Generating LLM
● Dip in the correct % in certain lower CR levels as they 

cannot be a boss monster.
● Also, in some other prompts pertaining to the 

monsters that are usually found alone, the LLM 
correctly provided the answer that the monster hunts 
alone. 

○ This by itself is one point to say that the LLM has correctly learnt 
the lore.

● Another aspect of wrong answers were that in some 
cases, the answers were not wrong but, answers had 
the generic category of the monster which resulted in 
rejecting that encounter.
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Overall Discussion
● Encounter generation.

○ With 66.6 % encounters being fully or partially coherent.
○ Evaluated by 2 Human evaluators and 3 LLMs.
○ Encounters for general category rather than specific monsters in 

some cases.
○ Encounter according to special characteristics of monsters in 

some cases.

● Research Contributions.
○ In PACLIC 2025 published paper titled “Lore Coherent Encounter 

Generation for Dungeons and Dragons: LLM Fine-tuning and 
Benchmark”.

○ In MERCON 2023 published paper titled “Fine Tuning Named 
Entity Extraction Models for the Fantasy Domain”.
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