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Dungeons and Dragons



Dungeons and 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.

4

[1] J. Crawford, J. Wyatt, R. J. Schwalb, and B. R. Cordell, Player’s Handbook. Wizards of the Coast LLC, 2014.
[2] Peiris, A., & de Silva, N. (2022, October). Synthesis and Evaluation of a Domain-specific Large Data Set for Dungeons & Dragons. In Proceedings of the 36th Pacific Asia 
Conference on Language, Information and Computation (pp. 415-424).
[3] K. Squire, Open-ended video games: A model for developing learning for the interactive age. MacArthur Foundation Digital Media and Learning Initiative, 2007.
[4] A. Peiris and N. de Silva, “SHADE: Semantic Hypernym Annotator for Domain-Specific Entities-Dungeons and Dragons Domain Use Case,” in 2023 IEEE 17th International 
Conference on Industrial and Information Systems (ICIIS). IEEE, 2023, pp. 1–6.



Combat encounters
● Players vs “monsters”.
● The way to attain progress [5].
● Immersion and verisimilitude [6].
● Need to align with lore.
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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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Encounter Generation
● Publicly available online tools1 2 3.

○ Most of these tools use 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 DnD
● Forgotten Realms Wiki (FRW) dataset [8].

○ 11 datasets.

■ FRW-P (plain text) and FRW-J (Json) datasets.

■ FRW-I (Wiki infobox) dataset.

■ Word2Vec, Doc2Vec and PoinCare embeddings.

○ Free text generator.

○ Named entity classifier.
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Named Entity Recognition Models
● LSTM, CNN and CRF based models.

○ Bi-LSTM-CRF [9] , Bi-LSTM-Bi-CRF [10].

○ Bi-LSTM-CNN [11]. 

● Contextualized string representations [12].

● Pre trained transformer based models.
○ BERT [13] with sequence tagging layer.

○ FLERT [14], Luoma and Pyysalo [15].
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Named Entity Recognition Frameworks
● Trankit [16].
● Stanza [17].
● FLAIR [18].

○ 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 [16].

○ Iterative span ranking architecture [17].

● Language representation models.

○ BERT for span ranking [18].
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Word Embeddings 
● Vector representations for words.

○ One hot encoding.
○ Bag of words.

● Word2Vec [19].
○ CBOW.
○ Skip gram embeddings.

● GloVe [20].
● FastText [21].
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Community Detection
● Traditional methods.

○ Modularity based methods [22,23].

○ Label propagation based methods [24].

● Deep learning based methods.
○ Communitygan [25].

○ Non-negative Matrix Factorization [26,27].

○ Graph neural networks [28,29].
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Monster Entity Extraction
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 18
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