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These structured signals are serialized into one final prompt, where the LLM acts as a judge rather than a generator: it verifies
Retrieval-heavy prompting remains practical because prefilling is evidence consistency, emits a categorical verdict, and maps token probabilities to the final recommendation score.

parallelizable and the model only needs to emit short scoring outputs
rather than long reasoning traces.

Takeaway: R3-REC improves sequential recommendation by organizing explicit intent, polarity, item semantics, and similar-user evidence into one retrieval-augmented reasoning pipeline, yielding consistent gains while keeping latency practical.
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