A Generative Model of Words and F
Relationships from Multiple Sources code and data

Introduction

Word embeddings: useful semantic representations for

downstream natural language processing tasks:
distance in embedding space ~ semantic distance
learn using co-occurrence statistics

Technical domains (such as medicine) may have:

x corpora of himited size and expressivity

v prior knowledge encoded in knowledge graphs

unstructured text structured knowledge
the animal

dog quick carnivore canid
fox fox

lazy brown
trickster mammal
over jumps
predator
‘appears in sentence with’ ‘IS HYPONYM of’

Experiments

Triplet classification: predict if (S, R, T) 1s true/false:

A. unstructured data helps when structured data 1s scarce

B. unlabelled structured data also helps

probability mass of true entities
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Edge prediction: predict R given S and T, etc.: report

total probability of all correct responses
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Model

- Approach:
1.combine structured (knowledge graph) and unstructured (free-
text) data
2.generalise co-occurrence to include relationships defined by
edges in graph: represent as affine transformations

Joint generative model of relationships and entity pairs

Boltzmann distnbution: 1
P(S,R,T|©) = e S5 RTIO)
Z(0)
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IS_LOCATION_OF . . .
(cosine similarity)

“S 1s related to T through R”

IS HYPONYM_OF

Latent relationships from unlabelled examples

Inference: stochastic maximum likelihood (PCD)

Data

Generic English: Wikipedia (unstructured), WordNet (structured)
12 relationships (including APPEARS_IN_SENTENCE)
112,581 WordNet training examples
Medical English: electronic health records (EHR) from MSKCC
(unstructured), SEMMEDDB (structured)
took top 20 relationships from SEMMEDDB
1dentified UMLS concepts in EHR

Conclusion

Our model learns embeddings using both distributional statistics
and structured knowledge graphs

Relationships between words are affine transformations of the space
Combining data sources can improve the quality of embeddings

We can predict relationships for entities not appearing in the graph
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