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"open schema"  

KB (of Science!) 

with entity-relation structure? 

…and reasoning?

"Who did Bezos 
criticize?"



Scientific Literature Growth

26,560,336 
papers since 1811
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new every day
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Cora:  KB of Research Papers
[McCallum et al 1996]



institutions, conferences, journals, grants, advisors,...



Application Goals

• Better tools → Accelerate progress of science.


• Revolutionize peer review

- “open peer review”

- Submission, reviews & comments public.

A KB of all scientists in the world 
from papers, patents, web pages, newswire, press releases, tweets, blogs,...

A KB of scientific entities & relations 
materials, equipment, organisms, processes, tasks, methods,...
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Wei Li studies at Xinghua U. 
Her 2008 publications include 
W. Li. “Scalable NLP” ACL, 2008.
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Joint Inference

[POS & shallow parsing, ICML 2004] 
    [Entity & Relation Extraction, ACL, 2011] 

... 

 1. How to represent & inject uncertainty from IE into KB? 
 2. How to use KB contents to aid IE? 
 3. IE isn’t “one-shot.”  Add new data later; redo inference. 
     Want KB infrastructure to manage IE.
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Human 
Edits

Epistemological Philosophy 
“Truth is inferred, not observed.”

evidence evidence

  Human Edits as evidence: [Wick, Schultz, McCallum 2012] 
  ✘ Traditional: Change DB record of truth

  ✔ Mini-document  “Nov 15: Scott said this was true”

- Sometimes humans are wrong, disagree, out-of-date.

- Jointly reason about truth & editors’ reliability/reputation.

evidence

“Epistemological KnowledgeBase”
[2010, 2012]



“Epistemological KnowledgeBase”
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  Never Ending Inference  [Wick, et al 2012] 
  ✘  KB entries locked in

  ✔ KB entries always reconsidered with more evidence, time,...

inference constantly bubbling in background...
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  Resolution is foundational   [KDD 2008; ACL 2012] 
  ✘  Not just for coref of entity-mentions...

  ✔ Align values, ontologies, schemas, relations, events,...

 Especially in Epistemological DB:  entities/relations never input, only “mentions”

inference constantly bubbling in background...
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  Resource-bounded Information Gathering  [WSDM 2012] 
  ✘  Full processing on whole web

  ✔ Focus queries and processing where needed & fruitful

inference constantly bubbling in background...
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  Smart Parallelism   [ACL 2011; NIPS 2011] 
  ✘  MapReduce, black-box

  ✔ Reason about inference & parallelism together

inference constantly bubbling in background...
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Author Entity Resolution

A. Banerjee, S. Chassang, E. Snowberg. Decision Theoretic Approaches to 
Experiment Design and External Validity. Handbook of Field Experiments. 2016.

Arindam Banerjee, S. Merugu, I. S. Dhillon, J. Ghosh. Clustering with Bregman 
Divergences. JMLR. 2006.

A. Banerjee, I. S. Dhillon, J. Ghosh, S. Sra. Clustering on the Unit Hypersphere 
using von Mises-Fisher Distributions.  
Journal of Machine Learning Research. 2005
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Scientific Entity Resolution

23

Dengue viruses are members of the Flaviviridae, 
transmitted principally in a cycle involving humans 

and mosquito vectors.

The virus-encoded RNA-dependent RNA 
polymerase (RdRp), which is required for 

replication of the positive-strand RNA 
genome, is a key enzyme of members of the 

virus family Flaviviridae

We present several modifications of the original 
recurrent neural network language model 

 Unlike Toutanova et al. (2015), we also consider 
RNNs, specifically Long-Short Term Memory Networks 

(LSTMs) (Hochreiter and Schmidhuber, 1997)
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Entity Resolution as 
Clustering

m4 …m3m2m1

Given mentions M = {m1,m2,…,mN} 

m5 mNm6

Partition M into entities E = {e1,e2,…,ek} 
where k unknown in advance

m4 …m3m2m1 m5 mNm6



Entity Resolution Challenge

Large number of mentions (100Ks or 10Ms)
Large number of entities (many singleton clusters)

Power law of entity size
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★ More efficient.  Fewer factors; avoid N2.
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Hierarchical vs Pairwise Evaluation

Samples versus Time
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Figure 5: Sampling Performance Plots for 145k mentions
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Figure 6: Runtime performance on two datasets

Our hierarchical model provides the advantages
of recently proposed entity-based coreference sys-
tems that are known to provide higher accuracy
(Haghighi and Klein, 2007; Culotta et al., 2007b;
Yang et al., 2008; Wick et al., 2009; Haghighi and
Klein, 2010). However, these systems reason over a
single layer of entities and do not scale.

Techniques such as lifted inference (Singla and
Domingos, 2008) for graphical models attempt to
exploit redundancy in the data, but fail to achieve
any significant compression on real-world data be-
cause the observations usually negate any symmetry
assumptions. On the other hand, our model is able
to compress similar (but potentially different) obser-
vations together in order to make inference fast even
in the presence of real observed data.

6 Conclusion

In this paper we presented a new hierarchical model
for large scale coreference and applied it to the prob-
lem of author disambiguation. Our model recur-
sively defines an entity as a summary of its children
nodes, allowing succinct representations of millions
of mentions. Indeed, inference in the hierarchy is
orders of magnitude faster than a pairwise CRF, al-
lowing us to scale to six million mentions taken
from DBLP and a web crawl. In future work we
would like to investigate and manipulate the seman-
tic meaning of the entity hierarchies in order to pro-
vide interpretable summaries of large datasets, such
as all the entities in mentioned in New York Times.
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Our hierarchical model provides the advantages
of recently proposed entity-based coreference sys-
tems that are known to provide higher accuracy
(Haghighi and Klein, 2007; Culotta et al., 2007b;
Yang et al., 2008; Wick et al., 2009; Haghighi and
Klein, 2010). However, these systems reason over a
single layer of entities and do not scale.

Techniques such as lifted inference (Singla and
Domingos, 2008) for graphical models attempt to
exploit redundancy in the data, but fail to achieve
any significant compression on real-world data be-
cause the observations usually negate any symmetry
assumptions. On the other hand, our model is able
to compress similar (but potentially different) obser-
vations together in order to make inference fast even
in the presence of real observed data.

6 Conclusion

In this paper we presented a new hierarchical model
for large scale coreference and applied it to the prob-
lem of author disambiguation. Our model recur-
sively defines an entity as a summary of its children
nodes, allowing succinct representations of millions
of mentions. Indeed, inference in the hierarchy is
orders of magnitude faster than a pairwise CRF, al-
lowing us to scale to six million mentions taken
from DBLP and a web crawl. In future work we
would like to investigate and manipulate the seman-
tic meaning of the entity hierarchies in order to pro-
vide interpretable summaries of large datasets, such
as all the entities in mentioned in New York Times.

145k mentions 1.3m mentions

(single threaded)

[Wick, Singh, McCallum, ACL, 2012]

Author Coreference



PubMed + Web of Science
• 200 million author mentions = ~400GB 
• Inference speed 

- ~100k samples per second

- ~48 hours of inference time

3 machines


48 cores
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January 15, 2000

Tech pioneer Bill Gates stepped down 
today as chief executive officer of 
Microsoft, the Seattle-headquartered 
software giant.  He will remain 
Chairman of the company, which rose to 
prominence after beating Digital 
Research Inc for the contract to 
provide an operating system for PCs.  
His long-time friend, Steve Balmer, 
will take over as CEO of Microsoft.  
Gates will now focus on the charitable 
foundation he runs with his wife 
Melinda French Gates. Bill and Melinda 
were married in a ceremony in Hawaii, 
rather than her hometown of Dallas. 
Steve Balmer was best man. 
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• Text → Mentions → Coref → Relations

• Universal Schema:
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- Relation Types
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[Riedel, Yao, Marlin, McCallum NAACL 2012]

[AKBC 2012]
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“Universal Schema” Relation Types
[Yao, Riedel, McCallum, AKBC 2012]

<subj<professor>prep
>at> 

<subj<historian>prep>
at> 

Kevin Boyle

Ohio State Y

R. Freeman

 Harvard Y

Learns asymmetric entailment:

PER historian at UNIV → PER professor at UNIV


but        PER professor at UNIV → PER historian at UNIV
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• Text → Mentions → Coref → Relations

• Universal Schema:


- Entity Types

- Relation Types

- Implicature of implicit info


[AKBC 2012]
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Spouse(A,B) & Chairman(B,C) & HQ-in(C,D) ➞ Lives-in(A,D)
Spouse(A,B) &     CEO(B,C)      & HQ-in(C,D) ➞ Lives-in(A,D)
Spouse(A,B) &     COO(B,C)      & HQ-in(C,D) ➞ Lives-in(A,D)
Child-of(A,B) &    COO(B,C)      & HQ-in(C,D) ➞ Lives-in(A,D)

??? ~ lives-in

####### #######

#######

W

Deep Recursive Neural Network

#######

#######

#######

Chain of reasoning on vectors

[Neelakantan, Roth,

 McCallum, 2015]



Entities 18M

Freebase triples 40M  

ClueWeb triples 12M

Relation types 25,994

Data
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Applications & Collaborations

• OpenReview.net


• MIT Material Science


• US Patent Office


• Meta.com



• Backend API

• ICLR 2017 

UAI 2017 
...


• ArXiv overlay

• lightweight  

"reviewing entities" 
• Experimentation & 

social science on 
peer review culture

OpenReview.net



MIT Material Science
Recipe paragraphs

from 300k papers Extracted recipe structure

New recipe ideas



USPTO PatentsView 
Inventor Disambiguation Competition

UMass: 1st place.  Deploying at USPTO.



Mission - Organize and Deliver All of the World’s 
Scientific and Technical Information.

Founded in 2010  •  Team of 25+  •  Venture Backed 
Toronto (HQ)  •  San Francisco  •  Montreal

 



38K
Serial Titles 

(Books & Journals)

37
Major STM 
Publishers

Large Commercial STEM 
Text-Mining Collection

28M
Closed Access

Full-Text Articles

14M
Open Access

Full-Text Articles

+



3.5B
recommendations

1B
paper-concept 

matches

422M
citations

26M
papers

16M
genetic elements

20M
concepts

14.5M
researchers

2M
antibodies

407K
drugs

427K
institutes

234K
bacteria

96K
diseases

85K
products

36K
journals

4.6B
Knowledge Graph

connections

  's Scientific Knowledge Graph:

78



Summary
• Building and leveraging knowledge bases for science

• Representation 

- Knowledge graph: entities & relations:

- symbols   universal schema vector embeddings (on nodes & edges)


- Reasoning by RNN paths through network.

- Next: efficient search for scientific reasoning by RL through this graph 

• Applications 
- OpenReview.net (+ KB of all researchers, expertise, career path)

- MIT Material Science

- USPTO Patent Inventor Disambiguation

- Meta.com

(nodes) (edges)


