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Thematic fit judgements 

Ferretti et al. (2001):  “[On a scale from 1 to 7, h]ow common is 
it to use each of the following to perform the action of eating?” 
Ø  cup     3.3 
Ø  fork    6.7 
Ø  knife    6.3 
Ø  napkin    3.8 
Ø  pliers    1.0 
Ø  spoon    6.3 
Ø  toothpick   2.1 
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Baroni & Lenci (2010): Distributional Memory (DM) approach: 

 
 
 
 
 
 
 
 
 

(1)  Count verb-role-filler triples and  
adjust counts by local mutual information (LMI) 

Estimating thematic fit (1/3) 
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Estimating thematic fit (2/3) 
Baroni & Lenci (2010): Distributional Memory (DM) approach: 

 
 
 
 
 
 
 
 
 
 

(2) Query the top 20 highest scoring fillers and compute the centroid 
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Estimating thematic fit (2/3) 
Baroni & Lenci (2010): Distributional Memory (DM) approach: 

 
 
 
 
 
 
 
 
 
 

(2) Query the top 20 highest scoring fillers and compute the centroid 
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Estimating thematic fit (3/3) 
Baroni & Lenci (2010): Distributional Memory (DM) approach: 

 
 
 
 
 
 
 
 
 
 

(3) Return cosine similarity of test role-filler and centroid 
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The OneBest method (1/2) 
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The OneBest method (2/2) 
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Prototype clustering (1/2) 
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Prototype clustering (2/2) 
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kClusters 

Ø  Use hierarchical agglomerative clustering package from NLTK  
 (Bird et al., 2009). 

Ø  To set number of clusters, use variance ratio criterion (VRC) 
 (Calinski and Harabasz, 1974). 

 
 
 

Ø  VRC cannot evaluate fewer than 3 clusters, capped at 10 clusters. 

Ø  2Clusters method forces 2 clusters for all verb-roles. 
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Overall results 

Method	
   Spearman’s	
  rho	
  (TypeDM),	
  range	
  =	
  [-­‐1,1]	
  
Centroid	
   0.35	
  
OneBest	
   0.36	
  
2Clusters	
   0.37	
  
kClusters	
   0.39	
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Correlation between human judgements from the McRae et al. 
(1998), Ferretti et al. (2001), and Padó (2007) datasets and 

automatic scores using LMIs from TypeDM, by prototype 
generation method. 
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Agents and patients results 

Method	
   Padó	
  (2007)	
  agents	
   Padó	
  (2007)	
  paAents	
  
Centroid	
   0.54	
   0.53	
  
kClusters	
   0.46	
   0.56	
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Correlation between human judgements from the Padó (2007) 
dataset, with agents and patients separated, and automatic 
scores using LMIs from TypeDM, by prototype generation 

method. 
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Instruments results (1/2) 

Method	
   Spearman’s	
  rho	
  (TypeDM)	
  
Centroid	
   0.36	
  
OneBest	
   0.39	
  
2Clusters	
   0.39	
  
kClusters	
   0.42	
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Correlation between human judgements on instruments from the 
Ferretti et al. (2001) dataset and automatic scores using LMIs 

from TypeDM, by prototype generation method. 
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Instruments results (2/2) 

Method	
   SENNA-­‐DepDM	
   TypeDM	
  
Centroid	
   0.19	
   0.36	
  
OneBest	
   0.27	
   0.39	
  
kClusters	
   0.34	
   0.42	
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Correlation between human judgements on instruments from the 
Ferretti et al. (2001) dataset and automatic scores using LMIs 

from SENNA-DepDM (Sayeed and Demberg, 2014) and 
TypeDM, by prototype generation method. 
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Locations results 

Method	
   SDDMX	
   TypeDM	
  
Centroid	
   0.25	
   0.23	
  
OneBest	
   0.28	
   0.24	
  
kClusters	
   0.33	
   0.29	
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Correlation between human judgements on locations from the 
Ferretti et al. (2001) dataset and automatic scores using LMIs 

from TypeDM and a novel extension of SENNA-DepDM 
(SDDMX), by prototype generation method. 
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Deep parameter tuning 
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Future directions 

Ø  More sophisticated clustering 
§  Expectation-maximization (generalize to weighted centroid) 
§  Non-negative matrix factorization 
§  Density peaks 
 

Ø  Knowledge-based number of senses 

Ø  More detailed modeling of predictions for method comparison  

Ø  Evaluation on a dataset that systematically varies polysemy 
and frequency 
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Thank you! 
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Data	
  from	
  this	
  project	
  available	
  at	
  h5p://rollen.mmci.uni-­‐saarland.de/	
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All correlation results 
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