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Background

Why Automatic Question Classification?

Why Graph Convolutional Network (GCN)?

Categorize questions for learning diagnosis and analytics 
Provide foundation for more complex tasks such as information
retrieval and question answering [1]

Graphs can capture intra-question relationships, such as syntactic
dependencies, semantic similarities, and proximity measures
GCNs provide effective localized aggregation of node features into
embeddings for downstream tasks

Challenges

Limited information in text compared to document-level counterparts
Lack of question text-specific feature extraction and graph
construction methods - current text graph construction methods work
with word-level nodes only

Approach

PQ-GCN: adapting text graphs for question classification
Capturing meaningful chunks (phrases) as nodes
Disambiguation and contextualisation of word-level information

Feature Extraction and Graph Construction

Model Architecture 

Considerations

Graph propagation

Incorporating phrase-based features as modular add-on
Consolidating 5 homogenous graphs into single question embedding

Taking inspiration from SHINE [2],

Each graph is passed through their own 2-layer GCN
Each GCN output is then concatenated to form question embeddings
Dynamic question graph is created by taking questions as nodes and
calculating cosine similarity between question embeddings as edges
Dynamic question graph is passed through a final 2-layer GCN and a
linear layer for label classification

Evaluation

Datasets
NU: cognitive complexities - 596 questions
ARC: reasoning capabilities - 279 questions
LREC: expected answer types - 344 questions
Bloom: educational objectives - 2522 questions
TREC: question topics - 5952 questions

Baselines
Non-graph models: CNN, Bi-LSTM
Graph models: TextGCN, Text-Level_GNN, HyperGAT, TensorGCN,
SHINE, ME-GCN, InducT-GCN

Analysis and Conclusion 

Why PQ-GCN?

Best macro-averaged F1 scores: NU (0.724), LREC (0.751), TREC (0.801)
with consistent high precision and recall
At least 0.1 point improvement from base SHINE model

Note: CNN’s unusual performance on Bloom - due to distinct and mutually
exclusive label class-specific keywords in corpus

Promising classification performance compared to baselines
across datasets
Demonstrates effectiveness of alternative feature extraction
methods to enhance existing text graph-based tasks

Figure 1: Feature extraction and graph construction

Figure 2: Graph propagation

Node set construction:
Words: whitespace tokenization
Phrases: noun-/verb-phrase regex matching
Word-/phrase-level POS tags: default set from NLTK
Named entities: NELL knowledge base

Edge set construction: 
Words/phrases: pointwise mutual information (PMI) 

Named entities: cosine similarity
Node features from pre-trained models; one-hot encoding otherwise
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