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Real-world Knowledge Graphs
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Real-world Knowledge Graphs
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COVID-19 Knowledge Graph: a computable, multi-modal, cause-and-effect knowledge model of COVID-19

pathophysiology. (Domingo-Fernandez et. al. 2020)
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Querying a Knowledge Graph
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Reason over Discrete entities
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Reason over Discrete entities
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Knowledge Graph Embeddings
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NTN (Socher et. al. 2013), DistMult (Yang et al. 2015), ComplEx (Trouillon et al. 2016), ConvE (Dettmers et al. 2018).




Neural lensor Network

Contribution 1: Neural Tensor Networks

(NTNs) for relation classification

Reasoning with Neural Tensor Networks for Knowledge Base Completion (Socher et. al. 2013)
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Nleural lensor Network
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Reasoning with Neural Tensor Networks for Knowledge Base Completion (Socher et. al. 2013)
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Nleural lensor Network

Knowledge Base Word Vector Space
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Nleural lensor Network
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Reasoning with Neural Tensor Networks for Knowledge Base Completion (Socher et. al. 2013)

¢ Bengal tiger

= 0.5(v Bengal TV

12

tiger )



Nleural lensor Network

Knowledge Base Word Vector Space
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Nleural lensor Network
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Neural lensor Network

Experiments

Dataset #R. # Ent. #Train # Dev # Test

Wordnet 11 38,696 112,581 2,609 10,544
Freebase 13 75,043 316,232 5,908 23,733

Model WordNet Freebase Avg.
Distance Model 68.3 61.0 64.7
Hadamard Model 80.0 68.8 74 .4
Single Layer Model 76.0 33.3 30.7
Bilinear Model 84.1 87.7 85.9
Neural Tensor Network 36.2 90.0 38.1

Reasoning with Neural Tensor Networks for Knowledge Base Completion (Socher et. al. 2013)



Nleural lensor Network

Experiments
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Figure 4: Influence of entity representations. EV: entity vectors. WV: randomly initialized word
vectors. WV-init: word vectors initialized with unsupervised semantic word vectors.

Reasoning with Neural Tensor Networks for Knowledge Base Completion (Socher et. al. 2013) 16
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Multi-Hop Reasoning Moaels
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Multi-Hop Reasoning Moaels
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Multi-Hop Reasoning Moaels
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Multi-Hop Reasoning Modaels
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Multi-Hop Reasoning Moaels

United States

California
Interpretable focate_in

\ live_in produced _in
Competitive / \\
- 'v

born _in

Accura cY

\ collaborator? \

cast in

MINERVA .825 ,
MINERVA+RS 0.94
collaborator?
collaborator
Tab 2. MINERVA and MINERVA + Reward Shaping
fact inference performance on the UMLS Meryl Streep
benchmark dataset (Das et. al. 2018; Lin et. al
2018)
Phyllida Lloyd

4



Reinforcement Learning Framework
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Reinforcement Learning Framework

<Environment> <Action> <Transition> <Reward>
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Reinforcement Learning Framework
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Reinforcement Learning Framework
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Reinforcement Learning Framework
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Reinforcement Learning Framework
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Reinforcement Learning Framework
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Reinforcement Learning Framework
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Reinforcement Learning Framework
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Reinforcement Learning Framework
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Policy Gradient
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Policy Gradient
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REINFORCE Training
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Multi-Hop Knowledge Graph Reasoning with Reward Shaping (Lin et. al. 2018)



Reward Shaping
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Multi-Hop Knowledge Graph Reasoning with Reward Shaping (Lin et. al. 2018)
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Reward Shaping
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Experiment Setup
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Multi-Hop Knowledge Graph Reasoning with Reward Shaping (Lin et. al. 2018)
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Malin Results
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Main Results
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Interpretable Results
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Interpretable Results
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[ake-aways

e Practical knowledge graphs are incomplete and require automatic completion

« KG embeddings are effective approaches for recovering missing facts, but lack
INnterpretabllity

* Multi-hop KG inference is interpretable but less accurate

* Multi-hop KG Inference with embedding-based reward shaping combines the
best of both approaches

e The method can potentially be extended to multi-hop reasoning over joint KG
and text to better support downstream Al systems




