Simplifying Neural News Recommendation:
On User Modeling and Training Objectives
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Neural News Recommendation Needs Rigorous Evaluation & Simpler Baselines

Simpler design & training alternatives
insutficiently explored
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Solution: Unified Evaluation Framework Focused on Key Dimensions
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Late Fusion Consistently Improves Recommendation Over Complex User Encoders
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Supervised Contrastive Loss Benefits Class Separation
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‘/better separation of clicked and non-clicked news

Cross-entropy Loss

Supervised Contrastive Loss
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Supervised Contrastive Loss
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x less suitable for distinguishing hard negatives
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