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THE FINDING Same retrieval. Substantially better answers.

Holding the retriever fixed, we changed only how retrieved context is organized and presented to the model, and answer
accuracy rose by +24.6 pp on LongMemEval and +15.9 pp on multi-hop LoCoMo, with 4.8x fewer stored units.

- The Problem: Dialogue Systems Forget 6 - Method: The Context Persistence Protocol
+ Volatile memory: when a session ends, everything the user ‘A modular memory layer of four composable | 1 { 1 { 1
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Goal. A memory layer that is (a) bounded, with capped temporal (+0.10) and entity (+0.05) boosts, then Answering: CPP wins. Same sessions, more correct answers

storage and principled eviction, and (b) accurate: the cross-encoder reranking of top-50 — top-k. (LoCoMo MC accuracy; gains p < 0.05, McNemar). Multi-hop: +15.9
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Where the gain comes from. LongMemEval accuracy as CPP

MemO0 atomic fact extraction, but stores without bound 7 . What the Model Actually Sees components are added (dev study):
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Two systems share the identical retrieval stack (BGE-M3 + (Liu et al., 2024). . Retrieval is matched, so the gain is presentation-driven:

BtMZf + RRF fusion + MiniLM reranking) and differ only in 8 - Experiments segments carry richer semantic fingerprints, and the evidence
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line sits at a high-attention position.
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difference must come from organization and presentation: § J ) how retrieved context is organized and presented
the question prior systems never isolated. Conditions. C1 no memory - C2 unbounded flat not only in what is retrieved. One appended evidence

retrieval - C3 full CPP. sentence was worth more than any retrieval upgrade we
5 - Hypotheses Setup. Qwen2.5-14B-Instruct (FP16), greedy decoding, tried, while storing 4.8x less.

seed 42, single RTX 4090 (24 GB). k =10 (LoCoMo) /

15 (LongMemEval), tuned on dev split.
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