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FrameNet + NLP = <3

• We want to develop systems that 

understand text 

• Frame semantics and FrameNet offer a 

linguistically & computationally satisfying 

theory/representation for semantic relations
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Frame-semantic Parsing

• Given a text sentence, analyze its frame 

semantics. Mark: 

‣ words/phrases that are lexical units 

‣ frame evoked by each LU 

‣ frame elements (role–argument pairings) 

• Analysis is in terms of groups of tokens.  

No assumption that we know the syntax.
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SemEval Task 19 [Baker, Ellsworth, & Erk 2007]



FrameNet SRL, Parsing:  

Early Work

• The original SRL paper actually used FrameNet 

(Gildea & Jurafsky 2002).  

Also Thompson et al. 2003 (w/ frame ID), 

Fleischman et al. 2003, Padó & Lapata 2005,  

Erk & Padó 2006, Matsubayashi et al. 2009, 

Fürstenau & Lapata 2009. 

• SemEval 2007 shared task (Baker et al. 2007): full-

text annotations.  

Best system by Johansson & Nugues.
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SEMAFOR
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[Das, Schneider, Chen, & Smith 2010]



SEMAFOR
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✓

[Das, Schneider, Chen, & Smith 2010]



The SEMAFOR Pipeline
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[Das, Schneider, Chen, & Smith 2010]

statistical 
(supervised, feature-based) 

trained on full-text annotations

heuristic  
(whitelist)

Preprocessing: syntactic dependency parser



Full-text Annotations

8

https://framenet.icsi.berkeley.edu/fndrupal/index.php?q=fulltextIndex

https://framenet.icsi.berkeley.edu/fndrupal/index.php?q=fulltextIndex


Full-text Annotations
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SEMAFOR

• SEMAFOR’s models consist of features over 

observable parts of the sentence (words, 

lemmas, POS tags, dependency edges & paths) 

that may be predictive of frame/role labels 

• Full-text annotations as training data for 

(semi)supervised learning 

• Extensive body of work on semantic role 

labeling [starting with Gildea & Jurafsky 2002 for 

FrameNet; also much work for PropBank]

10

[Das, Schneider, Chen, & Smith 2010]



SEMAFOR

• State-of-the-art performance on SemEval’07 

evaluation (outperforms the best system 

from the task, Johansson & Nugues 2007) 

• On SE07:   [F] 74% [A] 68% [F→A] 46%  

On FN1.5: [F] 91% [A] 80% [F→A] 69% 

• BUT: This task is really hard. Room for 

improvement at all stages.
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[Das, Schneider, Chen, & Smith 2010]

[Das et al. 2014]



SEMAFOR Demo
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http://demo.ark.cs.cmu.edu/parse

http://demo.ark.cs.cmu.edu/parse
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How to improve?

• Better modeling with current resources 

• Ways to use non-FrameNet resources 

• Create new resources?
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Advances in Modeling
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Advances in Modeling
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Unknown Predicates

• Problem: Many frame-evoking predicates 

are seen neither in lexicon nor training data. 

How, then, to assign the correct frame? 

• Solution: Propagate frame labels from 

known predicates to unknown predicates in 

a similarity graph. [Das & Smith 2011, 2012 / 2014]
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Unknown Predicates
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Word Representations

• Problem: With little training data, many 

features are too infrequent to be useful—

particularly for rare/unseen words. 

• Solution: Learn word embeddings that are 

predictive of frame labels (neural network). 
[Hermann et al. 2014]
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Advances in Modeling
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Constraints on Argument 

Combinations

• Problem: A frame’s arguments should not overlap, but 

this means classification decisions are not independent. 

• Also, some frames define hard Requires/Excludes 

constraints over role pairs. 

• Solution 1: Beam search (approximate).  
[Das et al. 2010 / 2014] 

• Solution 2: Dual decomposition (exact).  
[Das et al. 2012 / 2014] 

• Solution 3 (Google’s variant of SEMAFOR): Label arguments 

with dynamic programming. [Täckström et al. 2015]
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Constraints on Argument 

Combinations
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Conclusion
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• SEMAFOR system from CMU has been applied to 

tasks as diverse as stock prediction and spoken 

dialogue segmentation 

 

• Ongoing research at CMU, Google, & elsewhere!

http://demo.ark.cs.cmu.edu/parse

http://www.ark.cs.cmu.edu/SEMAFOR/

http://demo.ark.cs.cmu.edu/parse
http://www.ark.cs.cmu.edu/SEMAFOR/
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