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» We formulate the problem of attribute
value ensemble to choose the correct
value from a sequence of product 4. RESULTS :-
neighbors.

*  Why RL? - sequential learners have
several advantages like handling noise
by stopping early, high interpretability,
dynamic neighbor length, etc.
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» PAVE consistently outperforms BERT-based AE models across 5 attributes* and achieves an
average recall lift of 10.3% at the same precision. We apply confidence thresholds to match
AE precision using intermediate rewards obtained when the agent selects the final answer.

» See Figure 2 for breakup of recall gain with respect to the neighbor position in the sequence.

« Even on closed attributes like age range description and target gender where BERT AE models
already operate at high recall, PAVE surpasses by 7.8% in precision and 1.5% in recall.

3. PAVE :- * Non-sequential ensemble techniques like nearest neighbor or majority vote achieve similar
. . recall lift as PAVE but suffer from low precision (17% lower) due to noisy candidates and
- We propose PAVE: Product Attribute high bias. PAVE also outperforms model-based ensembleas well.

Value Ensemble model that uses Lazy- * PAVE can be scaled by combining multiple attributes & performs well on unseen attributes.
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