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Commonsense Reasoning

• Answer questions based on “common sense” 

• Take into account real world knowledge, social conventions, scientific facts etc.



Knowledge Graphs for Commonsense

• ConceptNet 

• Common-sense knowledge in the form of RDF triples 

• Words and phrases of natural language are connected with labeled edges. 

• (River, atLocation, bridge) 

• (Dog, hasA, tail) 

• (Ice, hasProperty, cold)



KG augmented PLMs

• Construct a context/schema 
graph including the question and 
answer nodes 

• Use a GNN on schema graph for 
multi-hop reasoning

Courtesy: [Lin et al. 2019]



Challenge: Need useful KG facts

• Extraction 

• Find k-hop paths between question 
and answer concepts (KagNet, QA-
GNN)

Courtesy: [Lin et al. 2019]



Challenge: Need useful KG facts

• Extraction 

• Find k-hop paths between question 
and answer concepts (KagNet, QA-
GNN) 

• Edge generation using PLMs 

• COMET [Bosselut et al. 2019] 

• Use transformer model (GPT) to 
generate new commonsense facts 

• Training task: Given the subject and 
relation tokens, the model 
generates the object tokens.



Challenge: Need useful KG facts

• Low Precision 

• Can result from bad annotations in KG 

• Low Recall 

• Missing edges in KG 

• Noisy extraction or generation of edges



Challenge: Need useful KG facts

• Low Precision 

• Can result from bad annotations in KG 

• Low Recall 

• Missing edges in KG 

• Noisy extraction or generation of edges 

• Both extraction and generation may introduce unhelpful edges 

• Need a way to filter/down-weight the importance of irrelevant edges



This Work

• Models the interactions b/w 
extracted and generated edges jointly 

• Identify contextually relevant edges



Hybrid Graph Construction

• Step1: Concept Grounding 

• Find relevant text spans in question and answer that match nodes in KG 

• Node features: BERT or TransE 

• Step2: Build graph 

• Use fully-connected graph



How to obtain edge features?

• For edges extracted from KG, initialize them using learned relation embeddings 
from KBE models. 

• Many edges don’t have labeled relations in KG



How to obtain edge features?

• Solution: Use GPT-2 to generate facts 

• Use average of hidden states for generated fact as edge features 

• Training: Fine-tune GPT-2 on synthetic facts from KG 

• Inference: Use prompt [h, $, t, $] to generate the fact (HGN w/ RelGen edges)

GPT-2
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Generated KG fact



How to obtain edge features?

• Solution: Use GPT-2 to generate paths from h to t [Wang et al. 2020] 

• Use pooling over the path to obtain edge features (HGN w/ PathGen edges)

GPT-2

< path from h to t >
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Model

• Graph Neural Networks (GNNs) for 
reasoning 

• Update node representations using 
message passing. 

• Node is updated according to 
information aggregated from the 
node’s graph neighborhood.

Figure credit: William Hamilton



Edge-to-node Message Passing

• Edge’s weight scales information flow through that edge 

• Edge weight -> Edge relevance 

          

• Edge weight



Node-to-edge Message Passing

• Embedding of an edge is influenced by 

• Neighboring nodes 

• Context s 

• Edge score 

• Measures edge’s relevance to s 

• Normalized edge scores -> Adjacency matrix



Model 

• Iteratively update the node and edge representations using message passing



Training 

• Aggregate node embeddings via attentive pooling -> vagg 

• Aggregate edge embeddings via edge-weighted sum pooling -> eagg 

• s - LM encoding of question and answer.



Entropy Regularization

• Penalize non-discriminative edge weights 

• Low entropy -> Higher certainty about edge weights 

• Prevents uniform distribution over edge weights



Commonsense QA results

Results on Commonsense QA on in-house test set



Commonsense QA results



CODAH results



Openbook QA and QASC results



Low-resource setting

• Good performance in low-data regime 

• Performance gap with LM fine-tuning is more in case of Commonsense QA 

• Retrieval makes up for low data in case of OpenBook QA



Ablation Studies

• Model variants 

• HGN 

• HGN w/o edge weights 

• HGN w/o entropy regularization 

• HGN w/o statement vector



User study on Learned Graph Structures

• Binarize the learned adjacency matrix 

• Evaluation metrics 

• Validness (0 or 1) 

• Helpfulness (0-2) 

• Prune rate



Case studies



Thank You!


