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(1) The boy and girl were playing.  He chased her, but she ran away. She thought he was gross.

(2) The man stalked the woman and scared her.  She fled town.  She decided he was crazy.
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Analogical Story Merging
(Finlayson 2009)

Analogical Story Merging (ASM) is an algorithm for 
extracting Proppian functions from semantically an-
otated text. ASM is a variation of  Bayesian Model 
Merging. The figure below illustrates its operation.  
First, stories (1,2) that have been transformed into 
structured representations (D) are used to construct an 
initial model (M0) that can generate all and only the sto-
ries observed.  The algorithm then searches the space 
of  state merges, where two states in the model 
(corresponding to two events in the story) are merged. 
The posterior, as calculated by Bayes’ rule, directs the 
search to the optimal model (in the example, M4).

The Story Workbench
(Finlayson 2008)

The Purpose
The purpose of  this work is to demonstrate the learning, by computer, of  Proppian mor-
phological functions (Propp 1968).  Later work will endeavor to test how morphologies 
differ across cultures, and whether people are sensitive to the presence of  these functions 
in their cultural narratives.  We begin with 16 single-move tales from Propp’s original 
corpus (about 22k words), translated into English. The tales are then annotated semi-
automatically by The Story Workbench annotation tool for 17 different layers of  meaning.

1. Tokens - location of  each word token
2. Multi-word Expressions - words that are made up of  multiple tokens
3. Sentences - location of  each sentence
4. Part of  Speech Tags - a Penn Treebank tag for each word token and multi-word expression
5. Lemmas - a lemma (i.e., stem, root form) for each word or multi-word expression not already in root form
6. Word Senses - a Wordnet sense for each token or multi-word expression
7. Context-Free Grammar Parse - a CFG parse of  each sentence
8. Referring Expressions - locations of  all expressions that refer to something
9. Referent Attributes - properties (unchanging attributes) of  referents referred to in the text
10. Co-reference Relationships - which referring expressions refer to the same referent (co-refer)
11. Time Expressions - location, type, and value of  temporal expressions, as defined by TimeML
12. Events - location, features, and type of  event mentions, as defined by TimeML
13. Temporal Relationships - event-event, event-time, or time-time temporal relationships, as defined by TimeML
14. Referent Relationships - event-event, event-referent, or referent-referent unchanging non-temporal relationships
15. Semantic Roles - predicate features and arguments, as defined in PropBank
16. Mental State - mental state valencies as consequences of  actions, as described by Lehnert et al. 
17. Proppian Functions - locations of  functions as identified by Propp

Evaluation Metrics
I will use at least three metrics to evaluate the output 
of  ASM over Propp’s single-move tales.

(1) I will create a synthetic morphology and test how 
reliably ASM can extract it from synthetic data.  This 
approach has already lead to a demonstration of  the 
ability of  ASM to extract plot units like Revenge and 
Pyrrhic Victory that have been intentionally embedded 
in tales.

(2) I will compare Propp’s own analysis with ASM’s.  
For this purpose, I am also annotating the locations of  
Propp’s functions in his tales.

(3) Cross-validation analyses using different subsets 
of  the input data. 

Future Work
Of  great interest will be to run ASM over sets of  folk-
tales from different cultures, and examine the differ-
ences.

Also of  great interest is whether cultural participants 
are sensitive to the functions extracted from their own 
culture’s folktales.  I have proposed several experimen-
tal paradigms to test this.


