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Overview

• This paper introduces a smart way based on seq2seq architecture to do 
event extraction at document-level.

• The proposed model is constructed completely based on the components
of the pretrained BERT, NO extra parameters added.

• They propose to use an alternate metric for evaluation, which is slot-
based, instead of mention-based as before.

• The proposed model significantly improves the performance with the 
proposed evaluation metric.



Overview

• Document-level event extraction:



Proposed Evaluation Metric

• "Document-level event-based template filling is ultimately an entity-based
task"



Proposed Evaluation Metric

• Reference (gold) role-filler entities of one role in a document d:

• Predicted role-filler entities:

• Consider sets , where

• is the set of all possible one-to-one maps (of size-m) between subsets of
R and S.

• First step: find best alignment between R and S:

Where



Proposed Evaluation Metric

• Second step: compute scores with the best alignment found:

• This new metric is based on CEAF, which is originally used for coreference
resolution measure.



Model: Main Idea

• Use an encoder to encodes the context of the whole document (usually
short in MUC dataset)

• Use a decoder to generate the answers for the slots of the template of the 
document.

• Modify pretrained BERT to make the encoder and the decoder work at the 
same place.



Model: Overall architecture



Model: Encoder & Decoder at the same place

• Source tokens: input document

• Target tokens: gold entities to fill in the given template, the entities
are arranged in the predefined order which expresses which entities are
used to fill which role:



Model: Autogressive masking

• They design a special mask for running the encoder and the decoder at
the same place (i.e., BERT):



Model: Pointer Embeddings

• To help the decoder be aware of the positions of the extracted entities in 
the source document, they use pointer embeddings which are positional
embeddings of the extracted source tokens.



Model: Pointer Decoding

• At timestep t, compute the dot product of the current target token
embedding with the source token embeddings:

• Leverages the token classifier of BERT, which is already pretrained with th
e Masked Language Modeling task to make prediction:



Results
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