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The structure
• The Goal 
• Previous works 
• Heterogeneous supervision 

• Supervision conflicts 
• True Label Discovery 

• REHESSION Framework 

• Relation Mention Representation 

• True Label Discovery component 

• Relation Extraction component 

• Experiment 
• Contribution
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Relation Extraction
• Goal: find the entity relation from unstructured text
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Hussein was born in Amman 
on 14 November 1935.

Hussein Amman

entity pair

sentence / context

Born-in 

President-of 

Died-in 

Parents-of 

…

None
multi-class 
classification

• relation mention • relation types of interest



Previous Work
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• Supervised Learning: 

• Multi-class classification 

Limited by human annotation

Limited, need domain 
experts

costly and time-
consuming

……



Mintz et al. “Distant supervision for relation extraction without labeled data”, ACL 2009

Previous Work
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• Bootstrap learning: 

• Start with a set of seed patterns / annotations, iteratively generate 
more 

• Suffers from semantic shift



REHESSION

Goal : conduct relation extractor learning 
annotations from Heterogeneous 
supervision at context level.

 6



Heterogeneous supervision 

(Using annotations from) 

heterogeneous information sources


1. knowledge base

2. domain specific pattern (domain heuristics). 
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Domain-specific Patterns

Knowledge Base



Supervision conflicts
• context and labeling function:
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Supervision conflicts
Source consistency assumption: a source is likely to provide true 
information with the same probability for all instances. (Ratner et al., 2016) 
However: 
labeling functions mistakes by certain “error routine”; 
Different from human annotator.

Proficient subset: some subset is reliable than others for a labeling function
(Varma et al., 2016)
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True Label discovery

1. Identify and trust labeling function on proficient  
subsets
2. Context awareness (at sentence level): use context 
information to improve accuracy
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A Representation Learning Approach
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Heterogeneous Supervision 
generation

Relation Mention 
Representation

Relation Extraction

True Label 
Discovery



Problem Definition
• For POS-tagged corpus D, we refer its relation mentions as 

• Goal: annotate entity mentions with relation types of 
interest                                  or None 

• Labeling functions:  
• Annotation: 
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Hussein was born in Amman 
on 14 November 1935.

Hussein Amman

entity pair

sentence / context



REHESSION Framework  
(except Extraction and Representation of Text Features)  
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Notations
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REHESSION Framework 
1. Text Feature Representation: After being extracted from context, text 
features are embedded in a low dimension space by Representation learning; 
2. Relation Mention Representation: Text feature embeddings are utilized to 
calculate Relation Mention embeddings; 
3. True Label Discovery: with relation mention embeddings, true labels are 
inferred by calculating labeling functions’ reliabilities in a context-aware 
manner; 
4. Modeling Relation Type: Inferred true labels would ‘supervise’ all 
components to learn model parameters. 
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Text Feature Extraction
We adopted texture features, POS-tagging and brown clustering to extract 
features
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C3: Hussein was born in 
Amman 
       on 14 November 1935



Relation Mention Representation

• Text Feature Extraction 

• Text Feature Representation 

• Relation Mention Representation
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Text Feature Representation
• Leverage features’ co-occurrence information to learn the representation 

, and help the model generalize better. 

• Loss function of this part:
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co-occurrence here refers to 
features occur in the same relation 
mention

Negative sampling

 
 



Relation Mention Representation 
• Here, we adopted the bag-of-features average, then do linear mapping 

and nonlinear tanh on it to different semantic space.
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Li, Yaliang, et al. "A survey on truth discovery." Acm Sigkdd Explorations Newsletter 17.2 (2016): 1-16.

Conflicts among Heterogeneous 
Supervision

• Truth Discovery: 

• Some sources (labeling functions) would be more reliable 
than others 
• Refer the reliability of different sources and the true 
label at the same time 
• Context awareness: A source is likely to provide true 
information with the same probability for instances with 

similar context. 

• Source Consistency Assumption: a source is likely to provide true information with the 
same probability for all instances.
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Heterogeneous Supervision for Relation 
Extraction
• Relation Extraction: 

• Matching context with proper relation type 

• Heterogeneous Supervision: 

• Refer true labels in a context-aware manner

 21

context



True label discovery
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True label discovery
• Describing the correctness of Heterogeneous Supervision
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underlying true label

 

observed annotation

Representation of relation mention

Representation of labeling function

 



True label discovery
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• correctness of annotation: 
• prob.in proficient subset: 
• assume: 
• Prob of correct annotation: 

•  The true label loss: 



Relation Extraction
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Relation Extraction (context aware)
• Adopts soft-max as the relation extractor: 

• Loss function: KL-Divergence: 

• true label distribution 
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A Representation Learning Approach
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Model Learning
• Joint optimize three components
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Two Data Sets
NYT (Riedel et al., 2010) : 
a news corpus sampled from  294k 1989-2007 New York Times news 
articles. 1.18M sentences, 395 of them are annotated by authors of 
(Hoffmann et al., 2011) and used as test data 
Wiki-KBP: 
1.5M sentences sampled from 780k Wikipedia articles as training 
corpus(Ling and Weld, 2012), 
the 2k sentences in test set manually annotated in 2013 KBP slot filling 
assessment results (Ellis et al., 2012) 
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Number of relation types
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Number of None type

 31



Experiments
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Experiments
• Effectiveness of proposed true label discovery component: 
• Ori: with proposed context-aware true label discovery component 
• LD: with Investment (compared true label discovery model)
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Case Study
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Summary

•Deal with heterogeneous supervisions  
•Go beyond the “source consistency 
assumption” in prior works and leverage 
context-aware embeddings to induce 
proficient subsets  
• bridges true label discovery and relation extraction with 

context representation 

 35


