Retriever Portfolios: A Principled Approach to Adaptive RAG
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In standard deployments, the same knowledge index and retriever setting serve every query, making retrieval a fixed bottleneck when
the question type changes. g
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Needs a reasoning chain. Needs coverage, not redundancy. Needs domain semantics.
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Different queries need different retrievers; the challenge is adapting cheaply. 1 > 3 1 : 1 > 3 1 z . 200
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Takeaway. Portfolios outperform all single-retriever baselines, even when those baselines retrieve more documents. %gg — 192 %
Online adaptive search per query Key point. The gains come from complementarity: top-k retrievers by average score are often redundant, while a learned o18
portfolio of 5 members nearly matches pool-optimal adaptation. . . . .
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T at inference time. Key point. Complementary retrieval improves final answers, outperforming static baselines and online Vendi-RAG.

Offline adaptation is more efficient
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The problem is not about finding good retrievers; it's about finding complementary ones. e Vendi-Portfolio Vendi-RAG Adaptive ® No Retrieval @ Nearest Neighbor Retrieval

Takeaway. Portfolios avoid expensive per-query search while retaining strong Exact Match.



