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LLM memory is widely used in long-term conversation understanding. Agentic memory
systems often use mutation, structural organization, learned retrieval strategies, or other
complex operations. Is this complexity always necessary? We study RAW-RAG, a naive
RAG baseline using dense retrieval and reranking over raw history to supply evidence to
a reader LLM. Across LoCoMo, LongMemEval, MEME, and MemoryAgentBench, RAW-
RAG ranks first among the compared memory systems in six of seven benchmark–model
settings, outperforming the strongest compared agentic memory system by 0.13–5.53
points. We investigate why raw-history retrieval remains competitive. Evidence analysis
shows that its higher coverage of necessary evidence can offset lower utilization. Useful
evidence includes both answer values and the relations and dependency paths needed
to derive them. Even complete access to transformed memory stores leaves an accuracy
gap relative to raw evidence, highlighting the importance of preserving raw information.
These findings challenge the necessity of complex agentic memory for the evaluated
conversation tasks and establish naive RAG as an essential baseline.
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Figure 1 | Strong accuracy with low ingestion cost. Left: accuracy across seven benchmark–model settings,
with sector-wise truncated linear scales. Right: cumulative sequential ingestion time on BEAM-1M.
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Figure 2 | Mem0 proposes few mutations, and fewer take effect. Top: write-action distributions. Bottom:
per-conversation proposed and effective mutation rates on LoCoMo (left) and LongMemEval (right).
Dashed lines: decision-weighted means. Rates are relative to all emitted decisions.

1. Introduction

Large language models (LLMs) are increasingly used in long-term interactions, where they must
draw on information accumulated across many conversations and tasks [35, 58]. The resulting
histories can far exceed a model’s context window, yet relevant past information must remain
accessible for future responses. To address this challenge, recent research has developed a range
of agentic memory systems that store, organize, and retrieve information beyond the active
context [4, 10, 33, 54]. Memory management includes extraction, summarization, mutation,
consolidation, clustering, graph construction, and community discovery, while retrieval may
involve iterative search or trainable retrieval strategies [4, 6, 10, 23, 53, 54, 58]. These devel-
opments raise a basic question: when is the added complexity of agentic memory systems1

necessary? To investigate, we start with a simple alternative: retrieval-augmented generation
(RAG) over raw history.
RAG is often considered insufficient for long-term memory [33, 41, 57]. Two common objections
to raw-history retrieval motivate our investigation. The first is conceptual: RAG is commonly
associated with static corpora, whereas long-term interactions involve superseded facts, dele-
tions, and dependent state changes. Can retrieving history suffice without explicitly maintaining
current state? The second is empirical: prior evaluations report RAG trailing agentic memory
systems [4, 5, 53].
These concerns motivate a closer examination of memory management. We first ask how often
memory tasks involve dynamic changes, how complex those changes are, and whether they
exceed what reader LLMs can handle directly from retrieved evidence. Two preliminary experi-
ments examine explicit state maintenance. We first audit Mem0 on all LoCoMo conversations
and all 500 LongMemEval examples. UPDATE and DELETE together account for only 4.39%
of the 33,902 write decisions on LoCoMo and 2.46% of the 428,858 write decisions on Long-
MemEval (Figure 2); many proposed updates are duplicates or malformed. Effective mutations,
defined as persisted text-changing updates or deletions, account for only 1.90% and 1.34% of
all decisions. Replacing UPDATE with append-only ADD and DELETE with NONE raises

1Here, we use agentic memory system as an umbrella term for memory systems encompassing agentic content
processing, structural organization, and retrieval control beyond a fixed raw-history retrieval pipeline.
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Table 1 | LoCoMo accuracy for Mem0 [4] under the
full mutation policy and an ADD/NONE-only pol-
icy. Category 5 adversarial questions are excluded.
∆: ADD/NONE minus full.

Category Full policy ADD/NONE only ∆

Multi-hop 63.24 64.66 +1.42
Temporal 49.74 53.06 +3.32
Open-domain 53.47 60.42 +6.94
Single-hop 77.05 78.28 +1.23

Overall 67.36 69.42 +2.06

Table 2 | MEME phase-visible oracle accuracy (%).
Overall is the six-task macro-average.

Task GPT-4o-mini DeepSeek-V4-Flash Qwen3.5-35B-A3B

ER 98.00 99.00 97.00
Agg 47.00 63.00 56.00
Tr 81.00 92.00 89.00
Del 39.00 86.00 46.00
Cas 1.83 82.32 39.63
Abs 36.15 91.54 93.85

Overall 50.50 85.48 70.25

LoCoMo accuracy from 67.36% to 69.42%, without reducing any category score (Table 1). Explicit
mutation provides no accuracy gain in this configuration. We then test whether raw evidence is
sufficient for dynamic conversation on MEME, which includes exact recall, aggregation, tracking,
deletion, cascade, and invalidation tasks. Readers receive the evidence available at the queried
phase in chronological order, eliminating retrieval errors but still requiring them to resolve state
changes. DeepSeek-V4-Flash reaches 82.32% on cascades and 91.54% on invalidation (Table 2).
Performance varies substantially across readers, but these results show that difficult transitions
can be resolved from sufficient raw evidence. Together, these diagnostics suggest that capable
readers can often resolve changing states directly from raw evidence. To examine the empirical
concern, we review 14 prior works and identify coarse retrieval units, restricted retrieval depth,
or absent reranking in several evaluated baselines (Appendix E). These limitations leave open
whether the reported gaps reflect a need for agentic memory systems or weaknesses in the
chosen retrieval baselines.
We introduce RAW-RAG as a diagnostic baseline: naive RAG over raw history, using only
dense retrieval and cross-encoder reranking to select evidence for a reader [19, 32]. Across four
benchmarks, this simple baseline ranks first among the compared memory systems in six of
seven benchmark–model settings.
Our contributions are summarized as follows:

• We challenge the presumed necessity of explicit memory mutation: capable readers can
resolve dynamic states from sufficient raw history, and disabling mutation improves
accuracy in the tested configuration.

• We establish RAW-RAG as a strong reference baseline, ranking first in six of seven settings
across four benchmarks, showing that naive RAG matches or exceeds the compared
agentic memory systems in most settings.

• We identify evidence access and relational completeness as key bottlenecks: retrieving
answer values does not ensure sufficient supporting paths, and complete-store access does
not close the gap to raw evidence.

2. Related Work

2.1. Agentic memory systems

External-memory architectures organize persistent information through write, management,
and read operations [41, 47, 57]. Early approaches summarize or reflect on experience streams
[24, 35, 40, 46, 48, 58], or provide tiered stores and read–write interfaces [9, 29, 33, 44]. Recent
approaches extract and mutate facts or maintain evolving graphs [4, 30, 36, 54], consolidate
hierarchical or recurrent stores [5, 10, 16, 21, 26, 31, 51], or construct selective event-level and
abstract representations [7, 12, 23, 26, 45, 53, 59]. Hybrid and lightweight approaches retain
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Figure 3 | Pipelines of agentic memory systems (EverMemOS and Memora) and naive RAG (RAW-RAG)
across build, store, and recall stages.

source episodes alongside derived memories or selectively maintain events and preferences
[18, 22, 34, 42, 49, 52, 55]. Concurrent work studies ReFind, which preserves raw chat logs
and gives an agent iterative lexical search with session, temporal, context-expansion, and
deduplication controls [20]. We evaluate a fixed dense-retrieval and reranking baseline, isolating
evidence access from query-time search control. We compare these systems with naive RAG for
long-term conversation understanding and diagnose their evidence-access limitations.

2.2. Retrieval-augmented generation

Retrieval-augmented language models combine external non-parametric memory with a gen-
erator [2, 13, 19]. Lexical and dense retrievers select candidates; late-interaction models and
cross-encoders refine ranking [17, 32, 37, 38]. Structure-aware variants use summaries, graphs,
or hierarchies [3, 6, 8, 12, 39]. Adaptive variants learn when to retrieve and assess evidence or
answers [1]. Long-context and memory-QA studies emphasize evidence selection, granularity,
index keys, and temporal cues [11, 14, 15, 25, 27, 43, 50]. We use standard dense retrieval and
reranking to assess what agentic memory systems add to long-term conversation understanding.

3. The RAW-RAG

Our motivation is to test whether agentic memory systems improve long-term conversation
understanding beyond retrieval over raw history. RAW-RAG (Figure 3(c)) provides a simple
reference, leaving evidence interpretation and state reconstruction to the reader.
RAW-RAG indexes source history without LLM-based extraction, summarization, graph con-
struction, or mutation. Each conversation is serialized with message timestamps and image
captions, split into 256-token windows with 32-token overlap, and embedded in a flat index.
These embeddings support semantic matching while the original window text remains available
as reader evidence.
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Table 3 | LoCoMo and LongMemEval accuracy by question type (%). For LongMemEval, S-U., S-A., and
S-P. denote single-session user, assistant, and preference; M-S. denotes multi-session; KU. knowledge
update; and TR. temporal reasoning. Bold: column maxima excluding Full-context.

Method

LoCoMo LongMemEval

GPT-4o-mini GPT-4.1-mini GPT-4.1-mini
Single Multi Temp. Open Overall Single Multi Temp. Open Overall S-U. S-A. S-P. M-S. KU. TR. Overall

Full-context 83.00 66.80 56.20 48.60 72.30 86.90 77.20 74.20 56.60 80.60 85.70 98.20 16.70 51.10 76.90 60.20 65.60

MemU [31] 72.77 62.41 33.96 46.88 61.15 74.91 72.34 43.61 54.17 66.67 67.14 19.64 76.67 42.10 41.02 17.29 38.40
Mem0 [4] 67.13 51.15 55.51 72.93 66.88 68.97 61.70 58.26 50.00 64.20 82.86 26.78 90.00 63.15 66.67 72.18 66.40
A-MEM [54] 66.83 52.13 61.99 30.21 60.84 73.25 59.93 72.90 42.71 68.83 95.71 100.00 63.33 61.65 82.05 52.63 71.60
MemoryOS [16] 74.55 58.87 44.24 46.88 63.64 77.05 66.31 47.66 55.21 67.60 94.29 89.29 100.00 67.67 80.77 54.89 74.40
Nemori [30] 82.10 65.30 71.00 44.80 74.40 84.90 75.10 77.60 51.00 79.40 90.00 92.90 86.70 55.60 79.50 72.20 74.60
RecMem [5] 79.79 72.70 57.32 58.33 72.47 86.92 78.37 75.39 57.29 81.10 95.71 96.43 86.67 65.41 75.64 68.42 76.80
MemOS [21] 81.09 67.49 75.18 55.90 75.80 85.37 79.43 75.08 64.58 80.76 95.71 67.86 96.67 70.67 74.26 77.44 77.80
SimpleMem [23] 86.01 74.94 63.76 68.40 78.25 88.15 79.55 78.82 76.04 83.87 85.71 75.00 76.67 60.92 79.48 83.46 76.87
EMem [59] 83.00 70.20 77.10 60.20 78.00 89.70 79.00 80.00 65.20 84.20 93.80 82.10 46.70 82.10 95.40 80.60 83.00
MemMachine [49] 93.94 84.04 80.69 73.96 88.12 95.12 88.30 91.59 71.88 91.69 92.86 100.00 55.56 66.67 86.32 58.65 74.33
Memora [53] 87.08 69.50 79.54 60.07 80.61 91.80 78.70 86.60 59.40 86.30 98.60 78.60 83.30 78.20 97.40 89.50 87.40
EverMemOS [10] 91.08 86.17 81.93 66.67 86.76 96.67 91.84 89.72 76.04 93.05 97.14 85.71 93.33 73.68 89.74 77.44 83.00

RAW-RAG 94.57 85.93 82.04 73.61 89.07 96.79 92.32 90.86 80.21 93.70 100.00 98.21 100.00 77.69 91.03 81.45 87.53

At query time, the question is embedded and cosine similarity retrieves the 128 closest windows.
A cross-encoder jointly scores each question–window pair for relevance and selects the top 15.
The selected evidence is then supplied with the question to the reader, which resolves temporal
order and relevant state changes when generating the answer. Top-15 limits the number of
selected items. Appendix B specifies the full pipeline.

4. RAG Is Stronger Than We Thought

This section presents our experiments evaluating RAW-RAG against agentic memory systems,
including benchmark comparisons, ablations, and efficiency.

4.1. Benchmarks and baselines

We evaluate memory-augmented conversation on four benchmarks, namely LoCoMo (10 conver-
sations; 1,540 non-adversarial questions on single-hop, multi-hop, temporal, and open-domain
reasoning) [27], LongMemEval (500 examples on recall, temporal reasoning, preferences, and
updates) [50], MEME (100 episodes; 1,188 phase-specific questions on dynamic memory up-
dates and complex memory dependency understanding) [15], and MemoryAgentBench (2,071
questions from 14 sources on accurate retrieval, test-time learning, long-range understanding,
and conflict resolution) [11].
Baselines include EverMemOS [10], MemOS [21], EMem [59], SimpleMem [23], MemU [31],
MemMachine [49], Mem0 [4], Memora [53], Nemori [30], MemoryOS [16], A-MEM [54], and
RecMem [5], alongside Full-context. On LoCoMo and LongMemEval, we evaluate RAW-RAG
under settings fully aligned with the corresponding comparison settings, as detailed in Ap-
pendix A. On MEME and MemoryAgentBench, all systems follow the same evaluation pro-
cedure. Comparisons under aligned evaluation settings and their scope are presented in Ap-
pendix A. Appendices D.1 and D.3 detail benchmark tasks and baseline settings. Appendix A.4
reports evidence lengths and 5,000-token controls, where RAW-RAG remains competitive.

4.2. Main results

Tables 3 and 4 summarize the main results; all evaluation details are provided in Appendix A.
RAW-RAG achieves the highest score among the compared memory systems in six of seven
benchmark–model settings, excluding Full-context. It leads LoCoMo by 0.65–0.95 points, Long-
MemEval by 0.13 points, GPT-4o-mini MEME by 2.24 points, and MemoryAgentBench by
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Table 4 | MEME and MemoryAgentBench scores by subset (%). Bold: reader-wise column maxima
excluding Full-context. Overall: six-task macro-average (MEME) or mean of four capability macros
(MemoryAgentBench). Dashes: Full-context results unavailable due to context-length limits.

Method
MEME MemoryAgentBench

ER. Agg. Tr. Del. Cas. Abs. Overall AR. TTL. LRU. CR. Overall

GPT-4o-mini

Full-context 93.00 10.00 44.00 16.00 3.66 9.23 29.31 – – – – –

MemU [31] 52.00 6.00 31.00 19.00 1.22 10.00 19.87 52.30 9.12 22.54 20.50 26.12
EverMemOS [10] 44.00 3.00 50.00 20.00 2.44 10.00 21.57 43.38 48.30 24.77 29.50 36.49
MemOS [21] 78.00 19.00 49.00 21.00 3.66 10.77 30.24 52.03 45.73 33.13 12.00 35.72
Mem0 [4] 70.00 5.00 61.00 14.00 7.32 9.23 27.76 57.90 46.75 20.47 40.00 41.28
EMem [59] 48.00 36.00 63.00 37.00 6.71 12.31 33.84 57.60 49.07 17.11 30.00 38.44
MemMachine [49] 98.00 9.00 73.00 29.00 4.88 8.46 37.06 58.12 25.12 31.38 27.50 35.53
Memora [53] 93.00 11.00 58.00 23.00 6.10 10.00 33.52 68.78 47.77 26.82 32.00 43.84

RAW-RAG 97.00 19.00 78.00 26.00 4.27 11.54 39.30 67.85 47.68 31.74 46.00 48.32

DeepSeek-V4-Flash

Full-context 97.00 59.00 88.00 63.00 48.17 23.85 63.17 – – – – –

MemU [31] 50.00 9.00 23.00 17.00 3.05 10.77 18.80 62.12 7.13 22.82 21.00 28.27
EverMemOS [10] 44.00 4.00 71.00 22.00 5.49 16.92 27.24 52.85 51.02 32.29 34.00 42.54
MemOS [21] 77.00 29.00 33.00 24.00 6.71 17.69 31.23 56.68 49.27 32.44 11.50 37.47
Mem0 [4] 85.00 13.00 57.00 22.00 4.27 17.69 33.16 62.92 48.70 21.19 35.00 41.95
EMem [59] 48.00 36.00 87.00 38.00 6.10 15.38 38.41 63.62 49.72 16.53 28.50 39.59
MemMachine [49] 100.00 11.00 85.00 48.00 7.32 16.92 44.71 70.08 27.02 44.09 27.00 42.05
Memora [53] 92.00 2.00 57.00 38.00 9.15 20.00 36.36 75.05 50.72 31.76 34.00 47.88

RAW-RAG 100.00 21.00 87.00 29.00 3.66 18.46 43.19 75.78 50.39 33.48 54.00 53.41

4.48–5.53 points. MemMachine leads DeepSeek-V4-Flash MEME among the memory systems
by 1.52 points, while Full-context leads RAW-RAG by 19.98 points in that setting. RAW-RAG is
competitive across these tasks despite its simpler ingestion procedure.

4.3. Ablation studies and efficiency

We organize the analysis around three research questions: why RAW-RAG uses its retrieval
design, whether additional memory management improves accuracy, and how efficiently it
ingests, organizes and retrieves long histories.

RQ1: Why is RAW-RAG designed this way? We first test the roles of reranking, retrieval
depth, and chunk size. Table 5 and Figure 4 isolate these choices on MemoryAgentBench using
20,000 paired, source-stratified bootstrap resamples and Holm correction. Removing reranking
lowers Total by 3.92 points (pHolm = 0.0012), while returning only one item lowers it by 11.73
points. Final-k values of 5, 10, 30, and 60 stay within 1.3 points of the baseline. Top-120 loses
14.57 points, driven by long-range understanding and conflict resolution. Chunk sizes from
128 to 1,024 do not significantly change Total. These results support reranking and moderate
retrieval depth, without requiring the exact default chunk size or k.

RQ2: Can additional memory management improve RAW-RAG? We evaluate three memory-
management operations: atomic-fact extraction, summary augmentation, and graph-based
retrieval expansion. These variants reuse the chunking, embedding model, and reranker, while
changing the indexed representation or retrieval candidate set. None improves RAW-RAG
(48.32%) on the same 14-source MemoryAgentBench Total (Table 5, orange rows). The exact
construction and retrieval procedures are given in the representation and retrieval ablation
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Table 5 | MemoryAgentBench RAW-RAG ablations. Gray: default; blue: retrieval variants; orange:
memory-management additions. a/b: chunk size/overlap in tokens.

Setting AR. TTL. LRU. CR. Total ∆ 95% CI

RAW-RAG 67.85 47.68 31.74 46.00 48.32 – –

− reranker 59.13 44.29 29.66 44.50 44.40 -3.92 [-5.80,-2.06]
128/16 70.50 46.89 28.93 46.00 48.08 -0.24 [-1.54,+1.05]
512/64 65.68 49.27 32.49 46.00 48.36 +0.04 [-1.15,+1.25]
1024/128 66.28 48.08 31.79 46.00 48.04 -0.28 [-1.76,+1.19]
+ display-turn dedup 68.27 37.69 31.75 46.00 45.93 -2.39 [-3.53,-1.28]
+ Atomic facts 57.25 15.37 21.17 21.00 28.70 -19.62 [-21.99,-17.21]
+ Raw summary 67.53 45.89 29.62 27.00 42.51 -5.81 [-7.70,-3.90]
+ Graph-expanded 65.42 46.49 31.74 26.50 42.54 -5.78 [-7.50,-4.07]

Table 6 | Ingestion and retrieval latency on 10
MEME episodes and 110 questions (seconds). To-
tal: Add-to-ready plus Search, without answer gen-
eration or evaluation.

System Add→ready Search Total

EverMemOS [10] 8217.69 1083.79 9301.48
Mem0 [4] 4025.23 117.72 4142.95
MemMachine [49] 3104.35 411.39 3515.74
MemOS [21] 2591.59 177.97 2769.56
EMem [59] 1082.37 479.59 1561.97

RAW-RAG 50.32 255.59 305.91
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appendix (Appendix C.3), with the extraction prompts in the prompt appendix (Appendix G.2).
Atomic-fact extraction reduces test-time learning from 47.68% to 15.37% and Total by 19.62
points, consistent with loss or disruption of usable demonstrations (Appendix F). Summary
augmentation largely preserves Accurate Retrieval performance but loses 5.81 points overall,
chiefly on conflict resolution. Graph expansion ties RAW-RAG on long-range understanding yet
remains 5.78 points lower overall. Thus, these three memory-management additions reduce
overall accuracy in this setting.

RQ3: How efficient is RAW-RAG? We finally examine the computational cost of these addi-
tions and compare system-level latency and scaling. On the 11 commonly measured non-conflict
MemoryAgentBench sources, the three additions require 21.6–109.3M LLM tokens and 2.9–8.8
hours for Add+Search, versus 12 minutes for RAW-RAG (Table 32). We then compare systems
on the same 10-episode, 110-question MEME slice, using one external conversation/search
worker and each system’s native internal parallelism. RAW-RAG finishes Add-to-ready plus
Search in 305.91 seconds (Table 6), 5.1× faster than the next system and 30.4× faster than Ever-
MemOS. For scaling, we stream the same 1,710-message BEAM-1M conversation approaching
one million tokens [43] into each system with one external worker (Figure 1, right panel). At
the endpoint, cumulative Add time ranges from 0.33 hours for RAW-RAG to 26.95 hours for
Memora; the next-fastest completed run, MemOS, takes 3.25 hours. Both studies exclude answer
generation and evaluation; BEAM-1M includes six completed sequential runs. Appendix D
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Table 7 | MemoryAgentBench semantic evidence
coverage and conditional reader utilization (%).

System Coverage Utilization

MemU [31] 19.07 89.37
MemMachine [49] 21.54 84.30
EverMemOS [10] 25.11 80.00
MemOS [21] 34.48 85.85
EMem [59] 34.72 89.71
Mem0 [4] 40.03 82.39

RAW-RAG 45.29 84.43

Table 8 | MEME coverage and utilization from de-
terministic checks (%).

System Coverage Utilization

MemU [31] 35.69 84.20
EverMemOS [10] 47.64 76.86
EMem [59] 50.08 86.55
MemOS [21] 62.12 66.67
Mem0 [4] 63.22 65.51
MemMachine [49] 70.37 82.66

RAW-RAG 76.35 73.76

details execution conditions. On these workloads, RAW-RAG combines competitive accuracy
with lower ingestion and combined ingestion–retrieval costs.

5. Why Is RAW-RAG Enough in Most Cases?

5.1. RAW-RAG offsets lower utilization with high coverage

Does RAW-RAG perform well because it supplies better evidence, or because readers use
that evidence more effectively? This distinction matters: improving the reader cannot reliably
compensate for missing evidence, while broader retrieval may not resolve reasoning errors.
We measure coverage, the fraction of questions with sufficient retrieved evidence, and utiliza-
tion, answer accuracy conditional on sufficient evidence. Coverage is assessed by an LLM
judge on MemoryAgentBench and task-specific deterministic checks on MEME (Appendix C.1).
Conditioning on coverage separates evidence availability from subsequent answer generation,
although the system-specific question sets preclude a controlled comparison of readers.
Tables 7 and 8 show that RAW-RAG achieves the highest coverage on both benchmarks: 45.29%
and 76.35%. On MemoryAgentBench, coverage spans 19.07–45.29%, whereas utilization spans
only 80.00–89.71%. MEME shows the same pattern: coverage varies by 40.66 points versus 21.04
for utilization. Thus, systems differ more in supplying sufficient evidence than in answering
correctly once it is supplied. RAW-RAG leads in coverage, helping offset its less-than-best
conditional utilization and explaining its strong performance.

Finding 1

Evidence access is a major bottleneck: RAW-RAG supplies sufficient evidence more often,
helping offset lower conditional reader utilization.

5.2. Raw history preserves the paths needed for reasoning

Raw history can preserve not only answer values but also the information needed to derive them.
Useful retrieval therefore includes the order and dependencies that make one value current.
On MEME tracking and cascade after-state questions, an LLM jointly assesses result coverage
(required answer values) and path coverage (those values plus chronological order or linked
dependency rules and upstream triggers; Appendix G.10). Table 9 reports P(path | result): the
fraction of result-covered questions whose retrieved contexts also contain a complete supporting
path. This conditional rate measures how often successful value retrieval also preserves the
relations and paths needed to use those values.
RAW-RAG achieves the highest conditional path coverage (62.34%), followed by MemMa-
chine (56.70%); MemU reaches only 9.62%. Systems that retrieve answer values can still differ
substantially in preserving their supporting relations.
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Table 9 | MEME result and executable-path cover-
age judged by an LLM on tracking and cascade
after-state questions (%). The last column gives
path coverage conditional on result coverage.

System Result Path P(path | result)

MemU [31] 59.09 5.68 9.62
MemOS [21] 88.26 21.21 24.03
Mem0 [4] 81.06 38.64 47.66
EMem [59] 76.52 37.88 49.50
EverMemOS [10] 78.03 39.02 50.00
MemMachine [49] 84.85 48.11 56.70

RAW-RAG 90.53 56.44 62.34
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51.59

33.84
48.36
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45.12
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32.26

19.87
31.07

Figure 5 | GPT-4o-mini MEME: native retrieval vs.
complete store, with gap to raw.

Finding 2

RAW-RAG is most useful when it preserves both answer values and the temporal or depen-
dency relations needed to derive them.

5.3. Preserving raw evidence supports downstream recovery

The preceding analyses identify missing evidence and incomplete dependency paths in retrieved
contexts, but do not establish where these gaps arise. Relevant information may remain in
memory but escape retrieval, or it may have been discarded or distorted by ingestion-time
processing, such as replacing source passages with extracted facts or compressed summaries. We
therefore ask: can improved access to the stored memories recover performance, or do these ingestion-time
operations leave information gaps that later retrieval cannot repair?
We compare three conditions on MEME. Native uses each system’s ordinary retrieval and
readout. The complete-store oracle uses gold-informed selection over all exported phase-visible
memories. The raw-evidence control selects original annotated support sessions using the same
gold information. Both controls share a value-free task policy and a 5,000-token packing budget.
Figure 5 shows that the complete-store oracle improves all seven systems, but the recovered
performance varies across stored representations. RAW-RAG and MemMachine, which retain
raw conversational content in their evaluated stores, reach 57.54% and 57.46%, respectively,
compared with 61.60% for raw evidence. These results are consistent with a role for infor-
mation preservation during ingestion in downstream recovery. The two source-preserving
systems recover performance closest to the raw-evidence control, whereas access to the complete
transformed stores leaves substantially larger deficits. Removing the packing ceiling leaves all
seven stores 7.58–29.38 points below raw evidence, with all paired 95% intervals for these gaps
excluding zero. However, the residual gap is not a pure measure of information loss during
ingestion: even RAW-RAG falls short, and evidence assembly and positional effects such as
lost in the middle [25] may also contribute. Appendix C.5 specifies the controls; Appendix A.5.2
reports the full results.

Finding 3

Preserving information during ingestion matters for downstream recovery: information
discarded or distorted during ingestion is difficult to recover through retrieval alone.
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6. Limitations and Conclusion

6.1. Limitations and future work

Our evidence is limited to offline conversation on public benchmarks; it does not establish
performance for interactive, multimodal, or broader operational settings. More discussions are
in Appendix F; raw-history approaches also raise storage and privacy concerns. Future work
should evaluate a broader range of models on longer histories while accounting for explicit
privacy and deletion constraints. It should also identify when structured or compressed memo-
ries offer advantages over raw retrieval, considering trade-offs among accuracy, latency and
computational cost. State reconstruction also depends on reader capability. Future evaluations
should test whether explicit state maintenance benefits weaker readers or reduces repeated
reasoning across queries.

6.2. Conclusion

Is agentic memory management always needed for long-term conversation understanding?
Across four benchmarks, RAW-RAG, a naive baseline using dense retrieval and reranking over
raw history, ranks first among the compared memory systems in six of seven benchmark–model
settings. Our diagnostic analyses identify evidence access as the larger observed bottleneck:
useful evidence includes not only answer values but also supporting relations and dependency
paths. Even complete access to transformed stores does not close the gap to raw evidence. These
findings challenge the need for complex agentic memory systems in the evaluated conversation
tasks. Improved agentic memory systems should demonstrate gains over a well-specified naive
RAG baseline and establish what the added complexity contributes.
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A. Experimental Settings and Complete Results

We supplement the main-table comparisons with evaluations of RAW-RAG under settings fully
aligned with the corresponding prior studies. Each comparison first specifies its evaluation
setting and then presents the corresponding results. Published baseline scores are retained,
and RAW-RAG results are measured in this study. All scores use a 0–100 scale unless stated
otherwise; “–” means unavailable. Full-context uses no embeddings.
The remaining sections report retrieval and memory-management ablations, context-budget
controls, diagnostic analyses with uncertainty estimates, and efficiency measurements.

A.1. LoCoMo results

Evaluation and score averaging. For RAW-RAG, judge accuracy is the mean of the binary
correctness judgments across questions and judge repetitions. LoCoMo excludes category 5 and
contains 1,540 questions: single-hop (category 4; 841), multi-hop (category 1; 282), temporal
(category 2; 321), and open-domain (category 3; 96). The RAW-RAG configurations use 256-
token windows, 32-token overlap, 128 dense candidates, and 15 reranked chunks expanded
to complete turns. Appendix G.3 specifies the inherited judge instructions, response parsing,
failure scoring, and the limits of retrospective format-failure accounting.

A.1.1. Text-embedding-3-small setting

This setting uses text-embedding-3-small, with separate GPT-4o-mini and GPT-4.1-mini reader
blocks. RAW-RAG uses Cohere Rerank-v3.5 and follows the corresponding evaluation setting
for history access, answer generation, and scoring. Each fixed answer receives three GPT-4o-
mini judgments; category and overall accuracy are question-weighted means of these binary
judgments. Table 10 reports the matched comparison, with published baseline scores from Dai
et al. [5], our evaluations of SimpleMem [23], and the MemMachine and Memora results from
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Table 3. SimpleMem, MemMachine, and GPT-4o-mini Memora are evaluated in this study;
GPT-4.1-mini Memora uses the published policy-retriever result [53].

Table 10 | LoCoMo accuracy (%) under the text-embedding-3-small evaluation setting, scored by a large
language model (LLM) judge. Single, Multi, and Open denote single-hop, multi-hop, and open-domain
questions. Overall is question-weighted; adversarial questions are excluded. Bold marks the highest
score in each column within each reader block.

Method Single Multi Temporal Open Overall

GPT-4o-mini
MemoryOS [16] 74.55 58.87 44.24 46.88 63.64
Mem0 [4] 65.52 52.84 52.02 37.50 58.64
A-MEM [54] 66.83 52.13 61.99 30.21 60.84
RecMem [5] 79.79 72.70 57.32 58.33 72.47
SimpleMem [23] 86.01 74.94 63.76 68.40 78.25
MemMachine [49] 93.94 84.04 80.69 73.96 88.12
Memora [53] 87.08 69.50 79.54 60.07 80.61

RAW-RAG 94.57 85.93 82.04 73.61 89.07

GPT-4.1-mini
MemoryOS [16] 77.05 66.31 47.66 55.21 67.60
Mem0 [4] 66.23 58.16 63.86 44.79 62.92
A-MEM [54] 73.25 59.93 72.90 42.71 68.83
RecMem [5] 86.92 78.37 75.39 57.29 81.10
SimpleMem [23] 88.15 79.55 78.82 76.04 83.87
MemMachine [49] 95.12 88.30 91.59 71.88 91.69
Memora [53] 91.80 78.70 86.60 59.40 86.30

RAW-RAG 96.79 92.32 90.86 80.21 93.70

A.1.2. Qwen3 retrieval setting

This setting uses Qwen3-Embedding-4B and Qwen3-Reranker-4B, with GPT-4o-mini and GPT-
4.1-mini reader blocks over all 1,540 questions. RAW-RAG follows the EverMemOS evaluation
setting [10], including history access, answer generation, grading prompts, and score averag-
ing. The judge is GPT-4o-mini-2024-07-18 at temperature zero, called three times per fixed
answer; accuracy is the mean of the three question-weighted accuracies. Table 11 presents the
corresponding results, with baseline scores from Hu et al. [10].

A.1.3. Short-answer evaluation

This comparison aligns RAW-RAG with the short-output evaluation setting used for the Mem0
and Nemori comparisons. We report LLM-judge accuracy (J), token F1, and BLEU-1 (B1) for the
resulting answers. We keep the results published by Mem0 [4] separate from Nemori’s version-1
re-evaluations [30]: even the same named baseline has different reported scores. Table 12 gives
overall results, and Tables 13 and 14 give the category-level metrics. Our evaluation averages
three binary judge decisions per answer.
For RAW-RAG, J, F1, and BLEU-1 evaluate the same generated answers. The lexical metrics
follow Nemori’s definitions. F1 uses sets of lowercased tokens after replacing periods, commas,
exclamation marks, and question marks with spaces. BLEU-1 uses lowercased word tokenization,
unigram weights, and sentence-level scoring with method-1 smoothing; scores are averaged over
questions. The RAW-RAG “minimal” rows use GPT-4o-mini and GPT-4.1-mini with the same
shortest-answer instruction and retrieved evidence, obtained using text-embedding-3-small and
Cohere Rerank-v3.5. The instruction asks for only the entity, date, number, or list needed to
answer the question, without explanation or background.
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Table 11 | LoCoMo LLM-judge accuracy (%) with Qwen3-Embedding-4B and Qwen3-Reranker-4B. Single,
Multi, and Open denote single-hop, multi-hop, and open-domain questions. Overall is question-weighted;
adversarial questions are excluded. Bold marks column maxima within each reader block, including ties
at the displayed precision.

Method Single Multi Temporal Open Overall

GPT-4o-mini
MemoryOS [16] 62.43 56.50 37.18 40.28 54.70
Mem0 [4] 66.71 58.16 55.45 40.62 61.00
MemU [31] 72.77 62.41 33.96 46.88 61.15
MemOS [21] 81.45 69.15 72.27 60.42 75.87
Zep [36] 88.11 71.99 74.45 66.67 81.06
EverMemOS [10] 91.08 86.17 81.93 66.67 86.76

RAW-RAG 95.28 86.88 79.96 72.57 89.13

GPT-4.1-mini
MemoryOS [16] 67.30 59.34 42.26 59.03 60.11
Mem0 [4] 68.97 61.70 58.26 50.00 64.20
MemU [31] 74.91 72.34 43.61 54.17 66.67
MemOS [21] 85.37 79.43 75.08 64.58 80.76
Zep [36] 90.84 81.91 77.26 75.00 85.22
EverMemOS [10] 96.67 91.84 89.72 76.04 93.05

RAW-RAG 96.67 94.68 92.94 80.90 94.55

Published overall scores. Mem0’s published GPT-4o-mini category scores, in Single / Multi
/ Temporal / Open order, are 67.13 / 51.15 / 55.51 / 72.93. Weighting these by 841 / 282 /
321 / 96 questions gives 62.14, rather than the published overall score of 66.88. Question-level
judgments are unavailable, so the tables preserve both the published category scores and the
published aggregate without recomputing either.

A.2. LongMemEval-S results

We evaluate RAW-RAG under the corresponding matched LongMemEval-S settings with GPT-
4.1-mini as the reader. The two full-set retrieval settings use all 500 questions; the non-abstention
setting uses the 470 answerable questions. Overall accuracy is question-weighted.

A.2.1. Text-embedding-3-small setting

This setting uses text-embedding-3-small and includes all 500 questions, including abstention
items. The category counts in S-U./S-A./S-P./M-S./KU./TR. order are 70/56/30/133/78/133.
RAW-RAG uses Cohere Rerank-v3.5 and follows the corresponding history-access, answer-
generation, evidence-budget, and scoring settings. Each fixed answer receives three GPT-4o-
mini judgments, averaged over questions and repetitions. Table 15 reports MemoryOS, A-MEM,
RecMem, Nemori, MemMachine, Memora, and RAW-RAG in this setting. Published results
are from Dai et al. [5], Nan et al. [30], Xia et al. [53]; Memora uses its published policy retriever.
Full-context is omitted because it performs no embedding-based retrieval. EMem and EMem-G
belong to the 470-question setting in Appendix A.2.3.

A.2.2. Qwen3 retrieval setting

This setting uses Qwen3-Embedding-4B and Qwen3-Reranker-4B over all 500 questions. RAW-
RAG follows the EverMemOS evaluation setting [10], including history access, answer genera-
tion, and the repeated-judge scoring procedure. As on LoCoMo, the shared grading prompts are
evaluated with three GPT-4o-mini judgments per fixed answer, and overall accuracy averages
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Table 12 | Overall LoCoMo scores under the short-answer evaluation setting (0–100). Metrics are LLM-
judge accuracy (J), token F1, and unigram BLEU (B1). Sources M, N, and L denote the Mem0 [4] paper,
the Nemori [30] paper, and this study. RAG (256/2) uses 256-token chunks and top-2 retrieval; Mem0g [4]
is the graph variant. “Minimal” requests only the shortest sufficient answer. Dashes indicate unavailable
scores; bold marks column maxima per reader, excluding Full-context.

Method Source J F1 B1

GPT-4o-mini
Full-context M 72.90 – –

A-MEM [54] M 48.38 – –
LangMem M 58.10 – –
Zep [36] M 65.99 – –
OpenAI M 52.90 – –
Mem0 [4] M 66.88 – –
Mem0g [4] M 68.44 – –

Full-context N 72.30 46.20 37.80

LangMem N 51.30 35.80 29.40
Zep [36] N 58.50 37.50 30.90
Mem0 [4] N 61.30 41.50 34.20
Nemori [30] N 74.40 49.50 38.50

RAG (256/2) M 60.97 – –
RAG N 30.20 20.80 16.40
RAW-RAG (minimal) L 85.78 52.58 44.50

GPT-4.1-mini
Full-context N 80.60 53.30 45.00

LangMem N 73.40 47.60 40.00
Zep [36] N 61.60 36.90 30.90
Mem0 [4] N 66.30 43.50 36.50
Nemori [30] N 79.40 53.40 45.60

RAG N 32.90 23.50 19.20
RAW-RAG (minimal) L 90.87 49.57 41.35

correctness over questions and repetitions. Table 16 reports the corresponding results, retaining
the published EverMemOS baseline set.

A.2.3. Non-abstention evaluation

This setting follows EMem and its graph variant EMem-G [59]: it contains 470 non-abstention
questions, with category counts 64/56/30/121/72/127 in the S-U./S-A./S-P./M-S./KU./TR. or-
der. It removes the 30 annotated abstention items from the full set: six S-U., twelve M-S., six KU.,
and six TR. questions. The RAW-RAG comparison uses the corresponding matched evaluation
conditions, including answer generation, judge prompts, and three GPT-4o-mini judge repe-
titions. The textemb3 configuration pairs text-embedding-3-small with Cohere Rerank-v3.5;
Qwen3 pairs Qwen3-Embedding-4B with Qwen3-Reranker-4B. We reuse the existing GPT-4.1-
mini answers and their three binary GPT-4o-mini judgments, remove only the 30 annotated
abstention items, and recompute question-weighted accuracy. For the remaining question set
Qans and correctness judgment yir ∈ {0, 1},

Accans =
100

3|Qans| ∑
i∈Qans

3

∑
r=1

yir, |Qans| = 470. (1)

19



Table 13 | LoCoMo short-answer scores by question type with GPT-4o-mini (0–100). Metrics are LLM-
judge accuracy (J), token F1, and unigram BLEU (B1). Single, Multi, and Open mean single-hop,
multi-hop, and open-domain. Src. identifies the source: M, Mem0 [4] paper; N, Nemori [30] paper; L, this
study. Mem0g [4] is the graph variant; “minimal” requests the shortest sufficient answer. Bold marks
column maxima excluding Full-context.

Method Src.
Single Multi Temporal Open

J F1 B1 J F1 B1 J F1 B1 J F1 B1

GPT-4o-mini

A-MEM [54] (rerun) M 39.79 20.76 14.90 18.85 9.22 8.81 49.91 35.40 31.08 54.05 33.34 27.58
LangMem M 62.23 35.51 26.86 47.92 26.04 22.32 23.43 30.75 25.84 71.12 40.91 33.63
Zep [36] M 61.70 35.74 23.30 41.35 19.37 14.82 49.31 42.00 34.53 76.60 49.56 38.92
OpenAI M 63.79 34.30 23.72 42.92 20.09 15.42 21.71 14.04 11.25 62.29 39.31 31.16
Mem0 [4] M 67.13 38.72 27.13 51.15 28.64 21.58 55.51 48.93 40.51 72.93 47.65 38.72
Mem0g [4] M 65.71 38.09 26.03 47.19 24.32 18.82 58.13 51.55 40.28 75.71 49.27 40.30

Full-context N 83.00 53.10 44.70 66.80 35.40 26.10 56.20 44.10 36.10 48.60 24.50 17.20

LangMem N 61.40 38.80 33.10 52.40 33.50 23.90 24.90 31.90 26.20 47.60 29.40 23.50
Zep [36] N 63.20 39.70 33.70 50.50 27.50 19.30 58.90 44.80 38.10 39.60 22.90 15.70
Mem0 [4] N 68.10 44.40 37.70 60.30 34.30 25.20 50.40 44.40 37.60 40.60 27.10 19.40
Nemori [30] N 82.10 54.40 43.20 65.30 36.50 25.60 71.00 56.70 46.60 44.80 20.80 15.10

RAG N 32.00 22.20 18.60 31.30 18.60 11.70 23.70 19.50 15.70 32.60 19.00 13.50
RAW-RAG (minimal) L 91.84 55.47 46.71 84.40 44.69 37.36 80.06 61.53 52.88 55.90 20.60 18.10

Table 14 | LoCoMo short-answer scores by question type with GPT-4.1-mini (0–100). Metrics are LLM-
judge accuracy (J), token F1, and unigram BLEU (B1). Single, Multi, and Open mean single-hop,
multi-hop, and open-domain. Baseline scores are from the Nemori [30] paper; RAW-RAG uses the
shortest-sufficient-answer instruction. Bold marks column maxima excluding Full-context.

Method
Single Multi Temporal Open

J F1 B1 J F1 B1 J F1 B1 J F1 B1

GPT-4.1-mini

Full-context 86.90 61.40 53.40 77.20 44.20 33.70 74.20 47.50 40.00 56.60 28.40 22.20

LangMem 84.50 51.00 43.60 71.00 41.50 32.50 50.80 48.50 40.90 59.00 32.80 26.40
Zep [36] 66.90 45.50 40.00 53.70 30.50 20.40 60.20 23.90 20.00 43.80 24.20 19.30
Mem0 [4] 71.40 48.60 42.00 68.20 40.10 30.30 56.90 39.20 33.20 47.90 23.70 17.70
Nemori [30] 84.90 58.80 51.50 75.10 41.70 31.90 77.60 57.70 50.20 51.00 25.80 19.30

RAG 35.90 25.80 22.00 31.70 20.10 12.80 27.40 22.30 19.10 28.80 17.90 13.90
RAW-RAG (minimal) 95.80 56.21 46.66 87.12 42.61 35.65 87.12 44.33 37.88 71.18 29.43 23.21

This recalculation reuses the existing answers and judgments. The textemb3 and Qwen3 RAW-
RAG configurations yield respectively 1,238/1,410 and 1,277/1,410 correct judgments, or 87.80
and 90.57. Their full-set scores remain 87.53 and 89.93. Table 17 reports the matched non-
abstention comparison. The textemb3-configured RAW-RAG exceeds EMem and EMem-G by
4.80 and 2.90 points; the Qwen3-configured RAW-RAG exceeds them by 7.57 and 5.67 points.
The separate 5,000-token textemb3-configured control in Appendix A.4 scores 90.14 (1,271/1,410)
on this subset, compared with its full-set 89.20.

A.3. PersonaMem-v2 results

Table 18 extends the evaluation to PersonaMem-v2 [14], covering nine conversational scenarios.
The RAW-RAG run uses GPT-4.1-mini as the answer model and is evaluated by multiple-choice
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Table 15 | LongMemEval-S accuracy (%) with GPT-4.1-mini under the text-embedding-3-small evaluation
setting, using all 500 questions. S-U., S-A., and S-P. denote single-session user, assistant, and preference
questions; M-S., multi-session; KU., knowledge update; TR., temporal reasoning. Overall is question-
weighted. Bold marks column maxima.

Method S-U. S-A. S-P. M-S. KU. TR. Overall

GPT-4.1-mini
MemoryOS [16] 94.29 89.29 100.00 67.67 80.77 54.89 74.40
A-MEM [54] 95.71 100.00 63.33 61.65 82.05 52.63 71.60
RecMem [5] 95.71 96.43 86.67 65.41 75.64 68.42 76.80
Nemori [30] 90.00 92.90 86.70 55.60 79.50 72.20 74.60
MemMachine [49] 92.86 100.00 55.56 66.67 86.32 58.65 74.33
Memora [53] 98.60 78.60 83.30 78.20 97.40 89.50 87.40

RAW-RAG 100.00 98.21 100.00 77.69 91.03 81.45 87.53

Table 16 | LongMemEval-S LLM-judge accuracy (%) with GPT-4.1-mini, Qwen3-Embedding-4B, and
Qwen3-Reranker-4B, using all 500 questions. S-U., S-A., and S-P. denote single-session user, assistant,
and preference questions; M-S., multi-session; KU., knowledge update; TR., temporal reasoning. Overall
is question-weighted. Bold marks column maxima.

Method S-U. S-A. S-P. M-S. KU. TR. Overall

GPT-4.1-mini
MemU [31] 67.14 19.64 76.67 42.10 41.02 17.29 38.40
Zep [36] 92.90 75.00 53.30 47.40 74.40 54.10 63.80
Mem0 [4] 82.86 26.78 90.00 63.15 66.67 72.18 66.40
MemOS [21] 95.71 67.86 96.67 70.67 74.26 77.44 77.80
EverMemOS [10] 97.14 85.71 93.33 73.68 89.74 77.44 83.00

RAW-RAG 100.00 96.43 95.56 79.20 92.31 89.97 89.93

Table 17 | LongMemEval-S accuracy (%) with GPT-4.1-mini on the 470 non-abstention questions. The
textemb3 setting uses text-embedding-3-small; Qwen3 uses Qwen3-Embedding-4B. EMem-G [59] is
EMem [59]’s graph variant. S-U., S-A., and S-P. denote single-session user, assistant, and preference
questions; M-S., multi-session; KU., knowledge update; TR., temporal reasoning. Overall is question-
weighted. Bold marks column maxima.

Method S-U. S-A. S-P. M-S. KU. TR. Overall

GPT-4.1-mini
EMem [59] 93.80 82.10 46.70 82.10 95.40 80.60 83.00
EMem-G [59] 94.80 87.50 50.00 82.60 94.40 83.70 84.90

RAW-RAG (textemb3) 100.00 98.21 100.00 76.31 94.44 81.36 87.80
RAW-RAG (Qwen3) 100.00 96.43 95.56 78.79 94.44 91.08 90.57

accuracy on 5,000 questions. We report scenario-level percentages; its overall score is the
question-weighted accuracy.

Experimental configuration. We fully align the evaluation design and retrieval backbones with
the EverMemOS comparison [10]: the PersonaMem-v2 text benchmark with 32k histories, the
5,000-question multiple-choice task, GPT-4.1-mini as the reader, and exact-match answer-letter
accuracy. Specifically, RAW-RAG uses Qwen3-Embedding-4B for dense retrieval and Qwen3-
Reranker-4B for reranking [56]. It indexes 256-token windows with 32-token overlap, retrieves
128 candidates, and selects the top 15 reranked windows, expanding them to complete source
turns for the reader. The reader uses temperature 0 and a maximum of 16,384 output tokens.
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RAW-RAG uses no persona profile; EverMemOS uses its profile-enabled memory-management
pipeline. Appendix B.2 specifies the retrieval query; Appendix G.8 gives the exact reader input.

Table 18 | PersonaMem-v2 multiple-choice accuracy (%) with GPT-4.1-mini and 32k-token histories.
RAW-RAG’s Overall score is question-weighted over 5,000 questions. Subset abbreviations: CON =
Consultation; EP = Email (Personal); TR = Translation; EPR = Email (Professional); CW = Creative Writing;
WP = Writing (Professional); KQ = Knowledge Query; SM = Social Media; CH = Chat. Profile indicates
use of persona profiles. Bold marks the highest accuracy in each scenario and overall.

Method Profile CON EP TR EPR CW WP KQ SM CH Overall

GPT-4.1-mini

Zep [36] No 39.51 42.51 36.92 37.59 41.22 40.54 63.43 32.35 44.87 43.40
Mem0 [4] No 43.21 41.30 43.08 42.41 42.86 34.75 59.20 38.66 40.30 43.85
MemU [31] Yes 37.86 33.20 38.46 32.76 35.51 35.14 56.97 34.03 34.22 38.70
MemoryOS [16] Yes 35.80 36.84 40.00 35.86 35.51 35.91 57.96 35.29 36.88 40.05
MemOS [21] Yes 48.15 49.80 51.92 50.00 48.16 48.26 61.94 46.64 44.87 50.72
EverMemOS [10] Yes 51.03 53.85 50.00 53.79 55.10 45.56 63.68 47.90 52.09 53.25
RAW-RAG No 46.51 50.20 50.09 46.52 48.80 48.25 57.89 47.84 45.58 49.62

Comparative performance. RAW-RAG achieves 49.62% accuracy (2,481/5,000), ranking third
among seven systems behind MemOS and EverMemOS, without leading any individual sce-
nario. The comparison measures overall system performance with each system’s native profile
configuration; statistical significance remains untested.

A.4. Ablation studies

This section reports retrieval-design and memory-management ablations, followed by controls
on reader-visible evidence. Table 5 compares chunking and reranking choices with three added
memory-management operations. We first give the full final-k sweep, then measure actual reader
context and report two distinct 5k controls: a six-system MemoryAgentBench intervention and
RAW-RAG-only interventions on the other three benchmarks.

A.4.1. Retrieval and memory ablations

The retrieval-depth sweep uses the same MemoryAgentBench setting and official capability-
level averaging as Table 5. Its paired intervals compare each final-k condition with the default
k = 15; statistical procedures are specified in Appendix C.6. Totals and differences are computed
from unrounded scores and rounded independently; a displayed difference can therefore differ
by 0.01 points from subtraction of the displayed totals.
Although top-10 and top-60 do not significantly change Total after Holm correction, top-60
improves Long-Range Understanding by 2.22 points with a Holm-adjusted p = 0.025 within
that task family, illustrating that one global context size need not be optimal for every capability.
The memory-management additions in Table 5 use the stated retrieval configuration and change
the named representation or expansion operation. Evidence length varies across these conditions.
Their computation and latency results are reported in Appendix A.6.

A.4.2. Evidence-length analysis

We measure the evidence actually supplied to the main RAW-RAG readers before comparing
capped conditions. The selected top-k windows can vary in token count after expansion and
formatting. Native overflow and truncation policies are specified in Appendix B.3.
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Table 19 | Effect of retrieval depth on RAW-RAG with GPT-4o-mini on MemoryAgentBench. Final k is the
number of reranked chunks selected for the reader; Total (%) averages the four capability scores. Gray
marks the default k = 15. ∆ and its paired-bootstrap 95% confidence interval (CI) compare each setting
with the default, in percentage points.

Final k Total ∆ 95% CI

GPT-4o-mini
1 36.59 -11.73 [-14.05,-9.43]
5 47.10 -1.21 [-2.81,+0.40]
10 47.57 -0.75 [-2.19,+0.66]
15 48.32 – –
30 48.10 -0.22 [-1.40,+0.93]
60 47.91 -0.41 [-1.80,+0.94]

120 33.74 -14.57 [-16.83,-12.34]

Measurement scope. Table 20 measures the evidence text saved with the answers underlying
the main RAW-RAG results, after display-time expansion and formatting. Counts include
memory headers, timestamps, separators, and repeated evidence, but exclude the question,
fixed prompt, chat-message framing, and generated answer. For comparability we count all
rows with tiktoken’s o200k_base encoding across readers. Index construction uses the GPT-4
encoding for its 256-token windows. Length statistics weight questions equally. Percentiles use
linear interpolation. LoCoMo excludes adversarial questions. Evidence-length distributions are
identical across the two readers on LoCoMo, MEME, and MemoryAgentBench; only GPT-4.1-
mini is used on LongMemEval.

Table 20 | Length of the evidence supplied to RAW-RAG readers, in tokens, including formatting but
excluding the question and fixed prompt. N is the number of questions per reader; P95 is the 95th
percentile; > 5,000 counts questions exceeding 5,000 evidence tokens.

Benchmark N Mean Median P95 Maximum > 5,000

LoCoMo 1,540 4,778.8 4,778.0 4,966.1 5,177 41
LongMemEval 500 11,355.6 11,248.5 13,915.3 27,375 500
MEME 1,188 11,986.1 10,186.0 21,329.6 42,490 1,188
MemoryAgentBench 2,071 3,915.8 4,173.0 4,209.5 4,262 0

Expansion overhead. The mean lengths of the selected chunk bodies before display expansion
and headers are 3,734.9, 3,784.9, and 3,813.3 tokens, on LoCoMo, LongMemEval, and MEME,
respectively. The larger means in Table 20 reflect expansion and formatting of those selected
chunks. MemoryAgentBench has a mean selected-body length of 3,550.5 tokens. Evidence-
assembly rules are defined in Appendix B.

A.4.3. Cross-system budget control

This intervention freezes each system’s retrieved evidence and imposes a 5,000-token ceiling
on formatted reader evidence, excluding the outer prompt and question. It keeps a prefix of
complete entries, with token-prefix clipping only when the first entry alone is too long. The full
rule is defined in Appendix C.4. The reader receives at most 5,000 evidence tokens per question.
The completed control covers six systems and all 14 sources (2,071 questions per system).
Mem0 and MemOS use earlier hosted-service configurations, rather than their locally hosted
counterparts in the main comparison. Of 84 system–source conditions, 44 required new answers
and evaluation after clipping; the remaining 40 reused their unchanged answers and judgments.
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The rerun reader is GPT-4o-mini-2024-07-18 and the rerun judge is GPT-4o-2024-11-20 where the
source metric uses an LLM judge; reused evaluations record the GPT-4o alias. The historical
clipping log records 5,545 changed system–question contexts, including 1,479 first-entry cuts.
Scores follow the official weighting scheme: TTL averages the five-source ICL macro with
ReDial, and Overall averages the four capabilities.

Table 21 | Reader-evidence lengths before and after applying a 5,000-token cap on MemoryAgentBench
(2,071 questions per system). Native mean, Median, P95 (95th percentile), and Maximum describe
evidence before capping; 5k mean describes capped evidence. Cut counts questions whose evidence
changes. Mem0 [4] uses the earlier hosted-service configuration.

System Native mean Median P95 Maximum 5k mean Cut

EMem [59] 2,637.7 171 7,081.0 125,646 1,417.7 511
Mem0 [4] 3,572.8 1,033 6,319.0 39,485 1,961.3 500
EverMemOS [10] 15,394.8 9,443 50,750.0 70,861 4,160.6 2,011
MemMachine [49] 26,296.9 21,806 82,868.5 88,967 4,479.2 2,030

RAW-RAG 3,915.8 4,173 4,209.5 4,262 3,915.8 0

Table 21 summarizes the distribution of uncapped reader-evidence lengths and the effect of the
5,000-token ceiling. RAW-RAG stays below the ceiling for every question, so its mean evidence
length remains 3,915.8 tokens. EMem and Mem0 have lower median lengths but long upper
tails: their 95th percentiles exceed 5,000 tokens, and clipping affects 511 and 500 questions,
respectively. Their mean lengths fall to 1,417.7 and 1,961.3 tokens under the ceiling. EverMemOS
and MemMachine supply substantially longer uncapped evidence, with means of 15,394.8 and
26,296.9 tokens. Clipping affects nearly all their questions (2,011 and 2,030 of 2,071), reducing
their means to 4,160.6 and 4,479.2 tokens. Thus, the same ceiling leaves RAW-RAG unchanged,
shortens the upper tails of EMem and Mem0, and substantially reduces evidence length for
most EverMemOS and MemMachine questions.

Table 22 | MemoryAgentBench scores (%) with GPT-4o-mini and a 5,000-token evidence cap. AR denotes
Accurate Retrieval; TTL, Test-Time Learning; LRU, Long-Range Understanding; CR, Conflict Resolution.
Overall averages the four capabilities; Native is the corresponding score before capping, and ∆ is 5k
minus Native in percentage points. Mem0 [4] and MemOS [21] use earlier hosted-service configurations.
Bold marks the highest capped score in each column.

System AR TTL LRU CR Overall (5k) Native ∆

GPT-4o-mini
EMem [59] 57.60 45.87 16.94 30.00 37.60 38.44 −0.84
Mem0 [4] 65.10 46.25 21.13 46.50 44.74 45.27 −0.53
EverMemOS [10] 42.42 41.38 22.62 28.50 33.73 36.49 −2.76
MemMachine [49] 53.55 23.39 26.13 23.50 31.64 35.53 −3.89
MemOS [21] 52.72 46.06 21.83 15.00 33.90 34.18 −0.28

RAW-RAG 67.85 47.68 31.74 46.00 48.32 48.32 0.00

Interpretation. Table 22 reports the completed control. RAW-RAG requires no clipping on
any MemoryAgentBench source: its largest evidence input is 4,262 tokens and its Overall
remains 48.32%, versus 44.74% for the strongest baseline in this control. Overall scores for all
five baselines decrease under the historical 5k intervention, although individual sources can
improve. RAW-RAG thus remains ahead under the 5k ceiling. Clipping can remove useful items
or disrupt their format, and all systems use their original tuning. This control covers the six
listed systems with GPT-4o-mini. The controls below extend the evidence ceiling to RAW-RAG
on the other three benchmarks.
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A.4.4. Raw-RAG budget sensitivity

These controls use the main GPT-4o-mini LoCoMo and MEME conditions and the GPT-4.1-mini
LongMemEval condition. Selected top-15 chunks and their ordering are frozen. For over-budget
questions, turn expansion is disabled before any clipping is considered; the complete policy is
specified in Appendix C.4. No other baseline is rerun under this policy.
In the completed experiments, disabling expansion alone suffices for every over-budget question:
all 15 selected chunks remain, with no additional chunk dropped or clipped. Contexts change
for 41 of 1,540 LoCoMo questions and all 500 LongMemEval and 1,188 MEME questions. All
3,228 answers and their evaluations are rerun, including LoCoMo’s 1,499 unchanged-context
questions. The reruns use the same reader aliases and benchmark prompts as their native
conditions. Each answer is evaluated three times, using GPT-4o-mini-2024-07-18 for LoCoMo,
the GPT-4o-mini alias for LongMemEval, and GPT-4o-2024-11-20 for MEME. LoCoMo and
LongMemEval average binary judgments across questions and repetitions; MEME uses its
six-task macro-average with the original before/after filtering. Evidence-token counts include
formatting but exclude the outer prompt and question.

Table 23 | RAW-RAG results with a 5,000-token evidence cap, using GPT-4o-mini on LoCoMo and
MEME and GPT-4.1-mini on LongMemEval. N counts questions; Changed counts contexts shortened by
disabling turn expansion, with all selected chunks retained. Scores are percentages; ∆ is 5k minus Native
in percentage points. Bold marks the higher score for each benchmark.

5k evidence tokens Score

Benchmark N Changed Mean Maximum Native 5k ∆

LoCoMo 1,540 41 4,753.5 4,999 89.07 89.42 +0.35
LongMemEval 500 500 4,144.4 4,271 87.53 89.20 +1.67
MEME 1,188 1,188 4,173.1 4,273 39.30 38.21 −1.09

Findings and limitations. Table 23 shows higher rerun scores on LoCoMo and LongMemEval
and a 1.09-point decrease on MEME. Relative to Table 20, mean evidence length falls by 63.5%
on LongMemEval and 65.2% on MEME. Category-level changes are reported in Table 24. Direct
verification of all rerun reader inputs confirms agreement with the selected display policy, the
5,000-token ceiling, and no recorded answer-generation error responses.
Disabling turn expansion shortens the evidence without dropping or clipping any selected
chunk. All answers and judgments are regenerated, so the score changes also include reader
and judge variability. On LoCoMo, the 41 modified contexts contribute +0.065 points, while the
1,499 unchanged contexts contribute +0.281 points. Most of its observed gain therefore comes
from questions whose evidence did not change. These RAG-only reruns describe performance
under the smaller budget; significance and equivalence have not been tested. Comparisons with
other systems use their original scores and evidence budgets.

Baseline comparison. Table 24 gives the native and capped RAW-RAG category scores; baseline
scores remain in Tables 3 and 4. The 5k Overall scores exceed the strongest non-RAG memory-
system baseline by 1.30 points on LoCoMo (MemMachine, 88.12), 1.80 points on LongMemEval
(Memora, 87.40), and 1.15 points on MEME (MemMachine, 37.06), using the original baseline
scores. The category-level results also remain mixed: for example, RAW-RAG (5k) trails EMem
on LongMemEval multi-session questions and MEME aggregation, deletion, and cascades,
despite its higher Overall scores.
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Table 24 | RAW-RAG accuracy (%) by task with native evidence and a 5,000-token cap (fixed). For
LoCoMo, Single, Multi, Temp., and Open denote single-hop, multi-hop, temporal, and open-domain
questions. For LongMemEval, S-U., S-A., and S-P. denote single-session user, assistant, and preference
questions; M-S., multi-session; KU., knowledge update; TR., temporal reasoning. For MEME, ER denotes
exact recall; Agg, aggregation; Tr, tracking; Del, deletion; Cas, cascade; Abs, invalidation requiring
abstention. Bold marks the higher score in each column, including ties.

LoCoMo: GPT-4o-mini

Condition Single Multi Temp. Open Overall

Native 94.57 85.93 82.04 73.61 89.07
fixed 95.05 88.06 80.17 75.00 89.42

LongMemEval: GPT-4.1-mini

Condition S-U. S-A. S-P. M-S. KU. TR. Overall

Native 100.00 98.21 100.00 77.69 91.03 81.45 87.53
fixed 98.57 98.21 96.67 74.94 95.30 89.47 89.20

MEME: GPT-4o-mini

Condition ER Agg Tr Del Cas Abs Overall

Native 97.00 19.00 78.00 26.00 4.27 11.54 39.30
fixed 93.00 13.00 81.00 24.00 3.66 14.62 38.21

A.5. Diagnostic analyses

The diagnostics address different questions: whether a particular mutation policy helps long-
term conversation understanding, whether readers can reconstruct state from supplied source
evidence, whether retrieved contexts contain sufficient evidence and paths, and what changes
under privileged access to stored representations. Each diagnostic has its own evidence access
and reader conditions, defined with the statistical methods in Appendix C.
The main text reports the mutation audit (Figure 2 and Table 1), source oracle (Table 2), and
result/path assessment (Table 9). We next report uncertainty and complete-store results.

A.5.1. Coverage and utilization

Tables 7 and 8 give the main estimates. The following tables supply omnibus tests, confidence
intervals, and all pairwise comparisons for the same evidence assessments. Coverage and utiliza-
tion are defined in Appendix C.1; resampling units, test choices, and multiplicity correction are
specified in Appendix C.6. The omnibus comparison uses Cochran’s Q for MemoryAgentBench
coverage and the centered max-range bootstrap for the other three assessments. Pairwise tests
use exact McNemar tests for MemoryAgentBench coverage and two-sided bootstrap sign tests
for utilization; both MEME metrics use episode-clustered two-sided bootstrap sign tests.

Table 25 | Tests of cross-system differences in evidence coverage and utilization across seven systems.
MemoryAgentBench coverage uses Cochran’s Q with six degrees of freedom; the remaining tests use a
centered bootstrap of the maximum-minus-minimum range, measured in percentage points (pp). Holm
sig. counts significant contrasts among the 21 system pairs after Holm correction at α = 0.05.

Benchmark Metric Statistic/range p Holm sig.

MemoryAgentBench Coverage Q(6) = 897.802 1.12×10−190 20/21
MemoryAgentBench Utilization 9.71 pp 6.00×10−5 7/21
MEME Coverage 40.66 pp 2.00×10−5 19/21
MEME Utilization 21.04 pp 2.00×10−5 17/21
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All four omnibus nulls are rejected. More pairwise contrasts are significant for coverage than
utilization on both benchmarks (20 versus 7 on MemoryAgentBench and 19 versus 17 on MEME),
and the observed coverage range is larger in each case. The uncertainty analysis supports
coverage as the broader cross-system bottleneck, with significant variation in utilization as well.

Table 26 | Evidence coverage and conditional reader accuracy (utilization), with paired-bootstrap 95%
confidence intervals (CIs). Separate columns give each percentage, its supporting count n/N, and its CI.
For coverage, n/N counts sufficient contexts among all questions; for utilization, correct answers among
sufficient contexts. Bold marks the highest estimate per benchmark and metric.

Coverage Utilization

System % n/N 95% CI % n/N 95% CI

MemoryAgentBench

Mem0 [4] 40.03 829/2071 [38.29, 41.77] 82.39 683/829 [79.84, 84.86]
EMem [59] 34.72 719/2071 [33.17, 36.26] 89.71 645/719 [87.46, 91.87]
MemOS [21] 34.48 714/2071 [32.83, 36.17] 85.85 613/714 [83.33, 88.30]
EverMemOS [10] 25.11 520/2071 [23.56, 26.65] 80.00 416/520 [76.60, 83.30]
MemMachine [49] 21.54 446/2071 [19.99, 23.08] 84.30 376/446 [80.89, 87.59]
MemU [31] 19.07 395/2071 [17.62, 20.57] 89.37 353/395 [86.24, 92.31]

RAW-RAG 45.29 938/2071 [43.65, 46.93] 84.43 792/938 [82.15, 86.66]

MEME

MemMachine [49] 70.37 836/1188 [68.47, 72.23] 82.66 691/836 [80.57, 84.75]
Mem0 [4] 63.22 751/1188 [60.41, 65.94] 65.51 492/751 [62.28, 68.83]
MemOS [21] 62.12 738/1188 [59.59, 64.65] 66.67 492/738 [63.99, 69.37]
EMem [59] 50.08 595/1188 [47.90, 52.31] 86.55 515/595 [83.89, 89.15]
EverMemOS [10] 47.64 566/1188 [44.87, 50.42] 76.86 435/566 [73.64, 79.96]
MemU [31] 35.69 424/1188 [33.33, 38.05] 84.20 357/424 [80.50, 87.78]

RAW-RAG 76.35 907/1188 [74.32, 78.31] 73.76 669/907 [70.98, 76.44]

Tables 27 and 28 report every pairwise contrast, including nonsignificant ones, as system-by-
system matrices with a shared ordering. The upper triangle reports coverage and the lower
triangle utilization. Each cell gives the row-minus-column difference in percentage points, its
paired-bootstrap 95% percentile interval, and the Holm-adjusted pH, from top to bottom. Bold
differences and stars mark pH < 0.05.

A.5.2. Complete-store evaluation

Evaluation scope. The diagnostic covers the same 100 MEME episodes with 32k distractor
tokens and 1,188 question IDs in every condition: 494 before-phase and 694 after-phase questions.
Native (N) uses the designated system’s ordinary retrieval and reader path. Complete-store (C)
replaces native retrieval with privileged selection over the exported persisted representations,
subject to the phase/provenance rules in Appendix C.5, and adds a task-aware reader policy.
Raw evidence (R) selects original support sessions with the same gold signals and task policy.
All three columns use GPT-4o-mini answers; Overall is the macro-average of the six after-phase
task accuracies, including the benchmark’s before-pass gate for Del, Cas, and Abs. The repeated
R column reports one shared raw-evidence run.

Packing-cap sensitivity. To test whether the nominal 5,000-token packing ceiling drives the
complete-store results, we repeat the diagnostic with that ceiling removed while holding the
exported candidate set, gold-informed selector, ordering, task policy, reader, and scoring fixed.
The raw control is subjected to the same intervention. Table 30 reports paired results over the
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Table 27 | Pairwise differences in MemoryAgentBench evidence coverage (upper triangle, blue) and
utilization (lower triangle, gray). Each cell lists the row-minus-column difference in percentage points
(pp), its paired-bootstrap 95% confidence interval (CI), and the Holm-adjusted p-value pH. Bold and ∗

mark pH < 0.05, with correction over 21 pairs per metric. MemMach. [49] denotes MemMachine [49].

System
Mem0

[4]
EMem

[59]
MemOS

[21]
EverMemOS

[10]
MemMach.

[49]
MemU

[31] RAW-RAG

Mem0 [4] —
+5.31*

[+3.43,+7.19]
4.96×10−7

+5.55*

[+3.77,+7.34]
2.91×10−7

+14.92*

[+12.99,+16.85]
5.02×10−46

+18.49*

[+16.37,+20.57]
3.12×10−54

+20.96*

[+18.98,+22.89]
3.47×10−67

-5.26*

[-7.39,-3.14]
9.84×10−6

EMem [59]
+7.32*

[+4.43,+10.22]
0.00084

—
+0.24

[-1.64,+2.12]
0.853

+9.61*

[+7.63,+11.59]
3.27×10−18

+13.18*

[+11.25,+15.11]
1.74×10−33

+15.64*

[+13.71,+17.58]
1.40×10−37

-10.57*

[-12.51,-8.64]
4.84×10−23

MemOS [21]
+3.47

[+0.54,+6.41]
0.225

-3.85
[-6.76,-0.94]

0.124
—

+9.37*

[+7.44,+11.35]
6.64×10−18

+12.94*

[+10.91,+14.97]
6.02×10−27

+15.40*

[+13.42,+17.38]
7.51×10−37

-10.82*

[-12.80,-8.84]
1.26×10−19

EverMemOS [10]
-2.39

[-6.01,+1.20]
1.000

-9.71*

[-13.23,-6.22]
0.00084

-5.85*

[-9.63,-2.10]
0.0352

—
+3.57*

[+1.69,+5.46]
0.00235

+6.04*

[+4.01,+8.06]
1.76×10−6

-20.18*

[-22.11,-18.25]
3.86×10−73

MemMachine [49]
+1.92

[-1.89,+5.71]
1.000

-5.40*

[-8.94,-1.88]
0.0408

-1.55
[-5.28,+2.09]

1.000

+4.30
[+0.22,+8.42]

0.355
—

+2.46*

[+0.48,+4.44]
0.0445

-23.76*

[-25.64,-21.87]
3.18×10−107

MemU [31]
+6.98*

[+3.36,+10.46]
0.00408

-0.34
[-3.88,+3.11]

1.000

+3.51
[-0.16,+7.12]

0.492

+9.37*

[+5.07,+13.61]
0.00084

+5.06
[+0.77,+9.30]

0.225
—

-26.22*

[-28.25,-24.19]
1.22×10−95

RAW-RAG
+2.05

[-0.95,+5.06]
1.000

-5.27*

[-7.92,-2.62]
0.00216

-1.42
[-4.34,+1.50]

1.000

+4.43
[+0.95,+7.98]

0.163

+0.13
[-3.33,+3.59]

1.000

-4.93
[-8.31,-1.46]

0.0689
—

Table 28 | Pairwise differences in MEME evidence coverage (upper triangle, blue) and utilization (lower
triangle, gray). Each cell lists the row-minus-column difference in percentage points (pp), its paired
episode-bootstrap 95% confidence interval (CI), and the Holm-adjusted p-value pH. Bold and ∗ mark
pH < 0.05, with correction over 21 pairs per metric. MemMach. [49] denotes MemMachine [49].

System
Mem0

[4]
EMem

[59]
MemOS

[21]
EverMemOS

[10]
MemMach.

[49]
MemU

[31] RAW-RAG

Mem0 [4] —
+13.13*

[+9.98,+16.22]
0.00084

+1.09
[-1.51,+3.66]

0.432

+15.57*

[+12.23,+18.92]
0.00084

-7.15*

[-10.03,-4.28]
0.00084

+27.53*

[+24.06,+30.96]
0.00084

-13.13*

[-15.95,-10.35]
0.00084

EMem [59]
+21.04*

[+16.94,+25.08]
0.00084

—
-12.04*

[-14.80,-9.26]
0.00084

+2.44
[-0.82,+5.68]

0.294

-20.29*

[-22.85,-17.63]
0.00084

+14.39*

[+11.66,+17.06]
0.00084

-26.26*

[-28.78,-23.69]
0.00084

MemOS [21]
+1.15

[-2.93,+5.25]
0.890

-19.89*

[-23.18,-16.55]
0.00084

—
+14.48*

[+11.39,+17.64]
0.00084

-8.25*

[-11.34,-5.16]
0.00084

+26.43*

[+23.40,+29.43]
0.00084

-14.23*

[-17.15,-11.24]
0.00084

EverMemOS [10]
+11.34*

[+6.41,+16.11]
0.00084

-9.70*

[-13.57,-5.91]
0.00084

+10.19*

[+6.14,+14.14]
0.00084

—
-22.73*

[-25.54,-19.93]
0.00084

+11.95*

[+8.53,+15.38]
0.00084

-28.70*

[-31.71,-25.67]
0.00084

MemMachine [49]
+17.14*

[+13.10,+21.11]
0.00084

-3.90*

[-6.86,-0.95]
0.0474

+15.99*

[+12.57,+19.34]
0.00084

+5.80*

[+2.37,+9.36]
0.00512

—
+34.68*

[+31.42,+37.94]
0.00084

-5.98*

[-7.65,-4.34]
0.00084

MemU [31]
+18.69*

[+13.87,+23.40]
0.00084

-2.36
[-6.42,+1.80]

0.789

+17.53*

[+13.71,+21.42]
0.00084

+7.34*

[+2.92,+11.90]
0.00744

+1.54
[-2.48,+5.53]

0.890
—

-40.66*

[-43.70,-37.60]
0.00084

RAW-RAG
+8.25*

[+3.52,+12.90]
0.00512

-12.79*

[-16.33,-9.15]
0.00084

+7.09*

[+3.71,+10.47]
0.00084

-3.10
[-7.01,+0.89]

0.504

-8.90*

[-11.74,-6.10]
0.00084

-10.44*

[-14.78,-6.12]
0.00084

—

same 100 episodes and 1,188 question IDs. “Affected” counts questions whose assembled reader
evidence changes; dropped tokens are counted before the outer prompt and question are added.
All seven stores and the raw control have complete results for all 1,188 questions. Removing
the ceiling lowers MemMachine’s Overall from 57.46% to 54.02%, a change of −3.44 points
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Table 29 | MEME complete-store diagnostic with GPT-4o-mini, reported as six-task macro-accuracy (%).
N uses native retrieval; C uses gold-informed selection from the complete store; R is the shared raw-
evidence control. Both C and R use a 5,000-token budget and task-aware reader instructions. Differences
and paired episode-bootstrap 95% confidence intervals (CIs) are in percentage points. Bold marks the
highest score in N and C.

System N C R C − N [95% CI] R − C [95% CI]

GPT-4o-mini

MemMachine [49] 37.06 57.46 61.60 +20.40 [17.30, 23.40] +4.14 [0.23, 8.07]
EverMemOS [10] 21.57 51.59 61.60 +30.02 [26.53, 33.47] +10.01 [6.17, 13.87]
EMem [59] 33.84 48.36 61.60 +14.52 [10.58, 18.42] +13.24 [9.27, 17.19]
MemOS [21] 30.24 45.12 61.60 +14.88 [11.04, 18.57] +16.48 [12.76, 20.19]
Mem0 [4] 27.76 32.26 61.60 +4.50 [1.75, 7.27] +29.34 [25.47, 33.10]
MemU [31] 19.87 31.07 61.60 +11.20 [8.48, 13.93] +30.54 [27.33, 33.73]

RAW-RAG 39.30 57.54 61.60 +18.24 [14.78, 21.65] +4.06 [0.74, 7.50]

Table 30 | Effect of removing the 5,000-token evidence cap in the MEME complete-store diagnostic with
GPT-4o-mini. C5k and C∞ are capped and uncapped six-task macro-accuracies (%); R is the shared raw
control. Affected counts questions whose evidence changes; Dropped is the percentage of evidence
tokens omitted by the cap. Differences and paired episode-bootstrap 95% confidence intervals (CIs) are
in percentage points. Bold marks score-column maxima excluding the raw control.

Condition Affected Dropped C5k C∞ C∞ − C5k [95% CI] R − C∞ [95% CI]

GPT-4o-mini

Raw control 0 0.00% 61.60 61.60 +0.00 [+0.00, +0.00] +0.00 [+0.00, +0.00]

MemMachine [49] 1,172 83.39% 57.46 54.02 −3.44 [−6.49, −0.37] +7.58 [+3.03, +12.15]
Mem0 [4] 62 1.45% 32.26 32.22 −0.04 [−1.04, +0.96] +29.38 [+25.58, +33.18]
MemOS [21] 408 12.79% 45.12 44.58 −0.53 [−1.60, +0.44] +17.02 [+13.22, +20.80]
MemU [31] 604 63.07% 31.07 32.55 +1.49 [−0.33, +3.28] +29.05 [+25.77, +32.36]
EMem [59] 171 26.33% 48.36 48.19 −0.17 [−0.83, +0.50] +13.41 [+9.53, +17.20]
EverMemOS [10] 920 65.77% 51.59 51.19 −0.40 [−2.67, +1.82] +10.42 [+6.54, +14.39]

RAW-RAG 1,188 84.59% 57.54 53.85 −3.69 [−7.92, +0.55] +7.76 [+3.12, +12.46]

[−6.49, −0.37]; the other six stores’ C∞ − C5k intervals include zero. MemMachine’s mean
assembled evidence grows from 4,982.8 to 29,459.7 tokens, with no context-window failures.
Its uncapped ER, Agg, Tr, Del, Cas, and Abs scores are 95.00, 50.00, 55.00, 61.00, 46.95, and
16.15%, respectively. On the subset whose reader evidence changes, MemU improves by 2.70
points [0.30, 5.23], whereas MemMachine declines by 3.46 points [−6.49, −0.40]; the other subset
intervals include zero. These subset results describe questions with changed inputs. Every
raw-minus-uncapped-store interval remains positive. The residual gap in Table 29 therefore
cannot be attributed solely to the nominal packing ceiling.

Content-filter sensitivity. The full results count nine content-filtered reader responses for
RAW-RAG and seven for MemMachine as empty, incorrect answers. As a sensitivity check,
we exclude the union of filtered questions and their paired before/after questions used in
gating from every condition: 12 questions in total, leaving 687 after-phase questions. On this
common subset, MemMachine changes from 57.46% to 54.85%, or −2.61 points [−5.56, +0.36],
and RAW-RAG changes from 57.54% to 54.68%, or −2.86 points [−6.92, +1.28]; the raw control
is 61.53%. All seven cap-removal intervals now include zero. Thus MemMachine’s negative
full-set interval is sensitive to provider filtering.
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Condition alignment. Table 29 uses the same Native conditions as Figure 5. RAG Native
averages three judge decisions per answer (39.30%); the first decision alone gives 39.80%.
EMem, EverMemOS, and MemMachine Native answers are scored with GPT-4o. Each C − N
comparison pairs question-level scores from the stated Native condition with its complete-store
condition. Mem0 uses the local memory system (27.76%); its cloud counterpart scores 29.12%.
MemOS uses fine-grained extraction. MemU uses local item-only memory (Appendix D.3).
The paired episode-bootstrap procedure and its uncertainty scope are specified in Appendix C.6.

Source-oracle comparisons. Table 31 compares the two GPT-4o-mini raw-source conditions
defined in Appendix C.5. Their selection, packing, and reader instructions differ, and their score
difference reflects these combined changes.

Table 31 | MEME accuracy (%) with GPT-4o-mini under two raw-source oracle configurations that differ
in evidence selection, context assembly, and reader instructions. ER denotes exact recall; Agg, aggregation;
Tr, tracking; Del, deletion; Cas, cascade; Abs, invalidation requiring abstention. Overall is the six-task
macro-average. Bold marks the higher score in each column.

Raw-source setting ER Agg Tr Del Cas Abs Overall

GPT-4o-mini
Answer-location oracle 98 47 81 39 1.83 36.15 50.50
Gold-informed raw control 94 52 69 92 34.15 28.46 61.60

All R − C intervals in Table 29 exclude zero; Appendix C.5 discusses limitations.

A.6. Efficiency and scalability

We distinguish system-level latency, scaling with history length, and the cost of additional
memory-management operations. Table 6 reports Add-to-ready and Search for the same 10-
conversation, 110-question MEME slice. Figure 1 reports cumulative sequential ingestion over
one 1,710-message BEAM-1M conversation. Both use one outer worker and allow each system’s
native internal parallelism; neither includes answer generation or evaluation. Timing boundaries,
readiness rules, and execution environments are detailed in Appendices D.6 and D.7.
Table 32 separately reports the computation and latency of the memory-management additions
on the 11 commonly measured non-conflict MemoryAgentBench sources. The timing totals
cover Add and Search in this deployment; Table 5 compares accuracy across all 14 sources.

Table 32 | LLM usage and elapsed time for RAW-RAG and its memory-management variants on the 11
MemoryAgentBench sources outside Conflict Resolution. Calls counts LLM requests; Prompt, Compl.
(completion), and Tokens report input, output, and total tokens in millions (M). Add and Search measure
ingestion and retrieval time; Total is their sum. All times are in seconds (s). Measurements exclude
answer generation and evaluation. Bold marks column minima.

Configuration Calls Prompt (M) Compl. (M) Tokens (M) Add (s) Search (s) Total (s)

Atomic facts 40,248 24.0 22.3 46.3 28,837.0 2,836.8 31,673.8
Raw summary 32,144 14.8 6.8 21.6 8,804.4 1,523.1 10,327.5
Graph-expanded 33,748 105.7 3.7 109.3 11,506.3 4,093.3 15,599.6

RAW-RAG 0 0 0 0 272.6 445.8 718.4

B. Raw-RAG: Method Details

This appendix details the RAW-RAG pipeline, from source-preserving indexing and retrieval to
evidence assembly and reader input construction. We describe query construction, benchmark-
specific adaptations, and the distinction between retrieval selection and reader-visible evidence.
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We also specify native context-length and overflow policies, separating them from the diagnostic
and context-budget interventions.

B.1. Indexing and evidence assembly

Source-preserving representation. Let H = (m1, . . . , mT) denote the available history. Each
message is represented by its date, speaker, and content; missing dates are marked as unknown.
Supplied image captions enter as text. “Raw” denotes preservation of this source text. Token
windows have length 256 and stride 256 − 32 = 224, measured with the GPT-4 tokenizer. Each
window remains linked to its original messages so that complete turns can be recovered when
assembling evidence for the reader.

Retrieval and evidence assembly. For question q, an embedding encoder e selects a candidate
set Dq, and a reranker r selects the reader evidence Sq:

Dq = Top128 {cos(e(q), e(c)) : c ∈ chunks(H)} , (2)
Sq = Top15

{
r(q, c) : c ∈ Dq

}
. (3)

The index computes cosine similarity within the relevant conversation. The index is fixed
after ingestion, and selection uses a fixed top-k budget. Where turn expansion is enabled,
each selected window is rendered as the complete source turns that overlap it. Expansion
changes only the reader-visible text; selection scores remain unchanged. Repeated turns across
selected windows are included in the default configuration. The turn-deduplication condition
is a separate ablation. Headers, overlapping content, and turn expansion determine the actual
reader context length for the 15 selected windows.

Benchmark adaptations. MEME presents the selected chunks in source order after relevance-
based selection to preserve temporal progression. We use the condition with 32k tokens of
distractor content; before/after questions use the evidence available at the corresponding
phase. MemoryAgentBench disables display-time turn expansion. For its two fact-consolidation
sources, each fact is treated as one message, and the index uses one complete message per chunk
with no overlap. These atomic facts preserve their serial-number cues for conflict resolution.
Other MemoryAgentBench sources use the token-window configuration.

B.2. Query construction

Retrieval query. For RAW-RAG, the retrieval query is the original question or user request
supplied by the benchmark: the same question text is sent to the embedding encoder and paired
with each candidate passage for reranking.

Task conditioning. LoCoMo, LongMemEval, MEME, and PersonaMem-v2 use the original
question text. When a question date or evaluation phase is available, it determines evidence
visibility. MemoryAgentBench likewise retrieves with the original task question; the instructions
for each source are added only when constructing the reader input.

Reranker formulation. The Qwen3 reranker inserts the unchanged query and candidate pas-
sage into a relevance-classification template: “Given a question and a passage, determine if the
passage contains information relevant to answering the question.” A system instruction restricts
its relevance decision to yes or no. See the full template in Appendix G.1.

Reader input. Retrieval queries are distinct from the final answer-generation prompts. After
evidence selection, the reader receives the retrieved context and the benchmark-specific question
instructions: a question-date reminder where applicable, the appropriate MemoryAgentBench
task template, or the PersonaMem-v2 personalization reminder followed by lettered response
options. Appendix G reproduces the reader templates and defines all per-example substitutions.

31



B.3. Context-length policies

The following rules distinguish ordinary reader-input assembly from the explicit context-budget
interventions. Actual evidence-length distributions and the resulting capped scores are reported
in Appendix A.4.

Truncation and overflow. The main RAW-RAG conditions have no additional evidence-token
cap and no automatic head–tail clipping after turn expansion. In all seven examined benchmark–
model conditions, the saved reader evidence is identical to the assembled retrieval evidence,
with no recorded answer-generation error responses. The reader receives the evidence plus
its task prompt and question, and the configured output allowance is separate. The pipeline
submits the full input with that allowance. If a provider rejects an oversized request, the default
three-attempt retry policy resends the same input. A request that exhausts these attempts is
scored as an answer-generation failure.
Other evaluated configurations have different, explicit policies. The 100,000-token evidence cap
used for SimpleMem and Memora keeps the beginning of the assembled context in its existing
order, clips at the token boundary, and omits a truncation marker. It uses the reader’s recognized
tiktoken encoding, falling back to o200k_base; the evidence cap excludes the question and fixed
prompt. The local Full-context condition instead budgets the assembled request within 128,000
tokens, reserving 4,096 output tokens and a 256-token margin. When needed, it keeps approxi-
mately equal character-length prefixes and suffixes of the history, inserts an explicit truncation
marker, and checks the resulting request length; it fails if the prompt and question alone cannot
fit. The MEME complete-store packing rules are specified separately in Appendix C.5.

C. Diagnostic Procedures and Statistical Methods

This appendix defines the diagnostic procedures and statistical methods used in our analyses. We
formalize evidence coverage, utilization, and executable-path retention, and describe memory-
management ablations, write-policy and context-budget interventions, and source-oracle and
complete-store controls. We also clarify the limits of their interpretation and specify the paired
statistical tests, bootstrap confidence intervals, and multiple-comparison corrections.

C.1. Coverage, utilization, and path retention

For question i and system s, let Cis ∈ {0, 1} indicate assessed evidence sufficiency and let
Yis ∈ [0, 1] be its evaluated answer score. The question-weighted summaries are

Ĉs =
1
N ∑

i
Cis, Ûs =

∑i CisYis

∑i Cis
. (4)

Utilization is undefined if no question is judged sufficient. The product ĈsÛs is the score con-
tributed by questions with sufficient evidence. Total accuracy additionally includes N−1 ∑i(1 −
Cis)Yis. Correct answers outside the sufficient set may reflect sufficiency-label errors, partial
evidence, prior knowledge, or guessing. Official macro-averages use different weights.
MemoryAgentBench uses semantic sufficiency judgments, whereas the MEME task-specific
assessment checks required values, temporal cues, deletion evidence, and dependency triggers.
Deletion coverage requires an explicit deletion event. For chain-sensitive after-state questions,
result coverage and executable-path coverage are judged separately. Conditional path retention
is the fraction of result-covered questions whose context also contains the required path. Task-
specific sufficiency rules are given below. Paired uncertainty estimates appear in Appendix A.5.1,
with statistical procedures in Appendix C.6.
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Task-specific sufficiency. ER requires the target value; Agg all aggregated values; Tr also
requires chronology; Del-after an explicit deletion event; Cas-after the new target, dependency
rule, and upstream trigger; and Abs-after the old target, dependency, and invalidating trigger.

C.2. Write-policy and evidence controls

Mem0 mutation audit. This analysis distinguishes emitted decisions, returned actions, and
persisted history records. Proposed mutation rates count UPDATE and DELETE decisions relative
to all emitted decisions, including NONE. An effective update must have a persisted record with
available old and new text that differ; a persisted deletion also counts as effective mutation.
Effectiveness is defined by persisted text changes. In the ADD/NONE-only intervention,
proposed updates become additions and proposed deletions become no-ops. Figure 2 orders
all 500 LongMemEval conversations by proposed mutation rate, pairing each proposed rate
(orange) with its effective rate (blue). The experiment tests the usefulness of that mutation policy
for downstream QA.

Evidence interventions. The candidate sets, selection rules, packing budgets, and reader
instructions for the answer-location source oracle and gold-informed complete-store diagnostic
are specified below.

C.3. Memory-management ablations

The three memory-management variants in Table 5 reuse the RAW-RAG retrieval and reader
stack, changing the representation built at ingestion or the candidate set passed to reranking.
Unless stated otherwise, all conditions tokenize each conversation into 256-token windows with
32-token overlap, embed the resulting items with text-embedding-3-small, retrieve the 128 high-
est cosine-similarity candidates, rerank those candidates with the same cross-encoder, and pass
the final 15 items to the reader. All LLM calls for these operations use gpt-4o-mini-2024-07-18,
temperature zero, and a JSON object containing only the requested fields; malformed or empty
outputs are retried, and repeated failure aborts the build.

Atomic facts. For each raw window, the extractor returns at most six standalone facts. Each fact
contains the fact text, speaker, time, within-window order, serial/newness marker, up to five
entities, and a short supporting quote. Facts are restricted to information explicitly supported
by the window; names, dates, speaker labels, event order, and serial numbers are preserved.
Each fact is capped at 28 words and each source quote at 12 words. The raw window is then
replaced in the searchable memory index by one retrieval item per extracted fact. Each item
retains the source-window identifier and token span, and is rendered with the fact fields and
provenance before embedding. Thus, the atomic-fact condition does not present the original
window as reader evidence.

Raw summary. For each raw window, a companion summary is generated with five fields: a
dense factual summary, ordered key events, important entities, temporal or serial-order cues,
and conflicts or updates. The searchable item contains both the complete raw window and
this structured summary, so the summary augments rather than replaces the source text. The
item retains the source-window identifier and token span. This condition therefore changes the
indexed text and its embedding while preserving the raw evidence in each retrieved item.

Graph-expanded raw. The graph nodes are the original raw windows. During ingestion, each
new window is compared by embedding similarity with up to its ten nearest earlier windows.
An LLM then selects any genuinely related candidates and returns a short reason for each
accepted link. Links are accepted only from this candidate set and are stored as undirected
edges, even though they are created from an earlier window to the new window. At query
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time, the question embedding first selects 32 seed windows. The candidate set is expanded by
adding every one-hop graph neighbor of each seed; no positive candidate cap is applied in the
evaluated configuration. The expanded raw windows, rather than graph descriptions, are then
reranked and the top 15 are shown to the reader. Graph cues are disabled in the reader context.
Thus, graph expansion changes candidate recall but preserves reader-visible source text.

Shared configuration. The three variants use separate local, conversation-scoped indices.
Ingestion-time memory management is concurrent, with configured maxima of 80, 16, and
32 concurrent calls for atomic facts, raw summaries, and graph-expanded raw, respectively.
Embeddings are requested in batches of 128. The MemoryAgentBench condition disables
display-time turn expansion and treats each prepared fact as a complete message with no
overlap; other benchmark conditions retain the ordinary display-time policy. The exact prompts
and JSON schemas are reproduced in the prompt appendix, Appendix G.2.

C.4. Context-budget interventions

The two 5k interventions start from the original retrieved items and alter only their display and
packing. The outer prompt and question are outside this budget. Appendix A.4 reports the
results for each display policy and set of systems.

Prefix-based truncation. This separate control freezes the retrieved evidence and applies a 5,000-
token ceiling to the formatted evidence, including its headers and separators, using o200k_base.
It preserves the longest prefix of complete ranked entries that fits. At the first non-fitting entry it
stops. If the first entry alone is too long, it keeps that entry’s first 5,000 tokens. This is the sole
partial-entry case. The resulting prefix is passed to the reader without a truncation marker, with
any remaining budget unused.

Expansion-aware budgeting. We additionally freeze the selected top-15 chunks and their
ordering for the main GPT-4o-mini LoCoMo and MEME conditions and the GPT-4.1-mini
LongMemEval condition. Evidence already within 5,000 o200k_base tokens is left verbatim.
For each over-budget question, we first disable turn expansion for all selected chunks and
display their original token-window text, including headers and separators. If this still exceeds
the ceiling, the fallback is the longest prefix of complete entries in the existing display order,
with token-prefix clipping only when the first entry alone exceeds the budget. This fallback
uses the same prefix rule as the six-system intervention, including omission of a truncation
marker. MEME uses chronological order; LoCoMo and LongMemEval use relevance order. No
deduplication or task-specific readout instruction is added, and the ceiling excludes the outer
prompt and question.

C.5. Complete-store and oracle evaluations

The following diagnostic conditions provide source-oracle evidence or gold-informed access to
the complete store and its raw control.

Answer-location source oracle. The source oracle in Table 2 supplies all annotated supporting
sessions at or before the question’s cutoff, in chronological order. Selection uses neither the
question, gold answer, nor entity values to choose among those sessions, and applies no token
cap or truncation. Non-Abs tasks use the standard reader prompt; Abs alone uses the value-free
dependency-validity instruction in Appendix G.11.

Complete-store access. We denote native retrieval by N, the complete-store condition by C, and
its raw-evidence control by R. The complete-store condition replaces native retrieval with gold-
informed selection over exported persisted representations. Its raw control filters phase-visible
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annotated source sessions using the same gold fields. Both pack evidence within a nominal
5,000-token context budget and append the task policy in Appendix G.12. That policy supplies
phase, task type, target identifiers, and transition semantics to every task. In particular, its
after-phase Abs branch states that the upstream entity changed without a replacement target.
The policy is value-free and supplies this task/status information explicitly. Compared with the
answer-location oracle, selection, context assembly, budget, and readout instructions all change.

Gold-informed selection. The selector matches each question to its annotated task and collects
target-entity before values, plus after values and history for after-phase questions; it also collects
before/after values of a cascade source when present, the question’s annotated entity values,
the expected answer, and target/cascade entity names with underscores replaced by spaces.
Strings are lowercased, normalized to word sequences, and deduplicated. For a stored object m,
let H(m) be the set of normalized phrases occurring as substrings and let Q be the question’s
word set. The memory-object ranking is

s(m) = ∑
h∈H(m)

(4 + min(4, |h|/3)) + 2
|words(m) ∩ Q|

max(1, |Q|) , (5)

where |h| counts words. No retrieval-similarity term contributes to this complete-store ranking.
Objects without a phrase hit or query-word overlap are not selected; ties in descending score
are resolved by the order in which objects were enumerated from the store. Gold values and
answers guide this offline selector only. The reader’s context contains the selected memory text
and the task policy.

Temporal eligibility and provenance. “Complete” refers to enumerating persisted reader-
visible representations. Table 33 specifies each export. For provenance-filtered stores, a candidate
must have a nonempty mapped source-session set whose maximum index does not exceed the
question cutoff. Normalized duplicate texts are removed, keeping the first exported occurrence.
EMem instead uses its actual before/after snapshot and deduplicates within that snapshot. Raw
provenance text is used for provenance checks or session mapping, never substituted for an
extracted memory. Exported model-control-token literals are escaped as text.

Snapshot limitation. Except for EMem’s explicit phase snapshots, exports reflect the final store
and are filtered using source metadata. Overwritten or deleted objects are unavailable, and
surviving objects may contain later revisions. Mem0 is particularly subject to this limitation
because it maps object creation time. Missing or unmappable required provenance invalidates
an export unless an explicit conservative rule applies; the MemMachine rule above is an explicit
exception for uncited consolidated objects. “Phase-visible” refers to visibility under these export
and filtering rules.

Ordering and truncation. The diagnostic uses o200k_base token counting and reserves the
task-policy tokens before evidence packing. The nominal 5,000-token budget covers formatted
evidence and policy; the outer reader prompt and question are excluded, and the joining newline
is added afterward. Token counts refer to the formatted context actually supplied to the reader.
The following packing rules are part of the reported conditions:

1. Ordinary memory objects. Mem0, MemOS, MemU, EverMemOS, and MemMachine
present separately delimited memory blocks in gold-relevance order. If the first block
exceeds the available evidence budget, retain its token prefix; subsequently skip any
non-fitting block and continue to later candidates. Headers count toward the budget.

2. RAG whole chunks. Add one point to s(m) when a chunk overlaps an annotated phase-
visible evidence session, and admit location-matching chunks even without lexical hits.
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Table 33 | Stored evidence and temporal eligibility rules for the seven systems in the MEME complete-store
diagnostic. The complete store comprises the listed reader-visible representations; source provenance
or before/after snapshots determine eligibility at the question’s temporal cutoff. EDUs are elementary
discourse units.

System Exported reader evidence Provenance and scope

Mem0
[4]

All stored textual memories, excluding the
auxiliary entity graph.

Match each memory to its conversation and map
its creation time (or recorded timestamp if
unavailable) to the source session. This is the final
local mutable store.

MemOS
[21]

All memories in the fine-grained stores used
by the Native condition, including preference,
tool, and skill memories.

Map source-message timestamps to source
sessions. Source-message content is excluded
from reader text.

MemU
[31]

All item summaries and any nonempty linked
category summaries in the local stores; no
original resource text.

Resource timestamps map items to sessions,
including segmented resources. Category-item
links supply the union of source sessions; a
category is visible only after all mapped sources.
Empty category summaries are checked but
excluded.

EMem
[59]

All elementary discourse units (EDUs) in the
200 stored before/after snapshots.

Use the largest completed snapshot when
multiple copies exist. Snapshot boundaries
determine visibility; graph attributes map EDU
IDs to source sessions for display order. No
source transcript is appended. Task-specific
packing is described below.

EverMemOS
[10]

Every episode text and atomic-fact text in the
per-conversation persisted vector-index files.

Map original-message timestamps to source
sessions; original-message content is excluded.
Historical versions are unavailable in this export.

MemMachine
[49]

All episodic and semantic memories, plus
persisted working-memory summaries.
Render episodic text with timestamp/speaker
and semantic text as category/name/value.

Use episodic source metadata and database
citation episodes. Uncited semantic features and
current summaries conservatively depend on all
conversation sessions. Citations serve only to
locate source episodes.

RAW-RAG All stored 256-token chunks with 32-token
overlap; embeddings are excluded from
reader evidence.

Chunk turn ranges map through turn timestamps
to MEME sessions. Exclude chunks crossing the
cutoff; never crop a chunk or expand it into
unselected source turns.

Greedily select fitting chunks by new phrase coverage, then score, then enumeration order;
finally display them in source-text order. Skip oversized chunks without truncating them.

3. EMem. Agg and Del use the ordinary relevance-order packer. ER keeps the full ranked list
but packs whole EDUs and then restores chronology. Tr, Cas, and Abs first select a compact
set covering each available gold-value phrase once, add at most two target/cascade-label
EDUs, and fall back to the first three ranked EDUs if none were selected. Pack fitting
whole EDUs, then sort by earliest source session and enumeration order; EDUs without
session provenance appear last. This chronological packer skips non-fitting EDUs rather
than truncating them.

4. Raw control. Among annotated sessions at or before the cutoff, retain sessions with at
least one gold-phrase hit; if none match, fall back to all visible annotated sessions. Display
selected sessions chronologically. Truncate an oversized first session to the evidence
budget; skip later non-fitting sessions and continue. This differs both from untruncated
answer-location readout and from RAG’s indivisible chunk packing.
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Budget relaxation. The no-cap intervention removes only the 5,000-token stopping condition
from the packers above. It preserves each condition’s exported candidate set, gold-informed
relevance scores, admission rules, display order, task policy, reader model, and scoring proce-
dure. Thus every admitted candidate appears in the same final display order; the raw control is
unchanged because all of its selected evidence already fits. Reader inputs that are byte-identical
to the 5,000-token condition reuse the corresponding answer and judgment; changed inputs are
answered with the same GPT-4o-mini snapshot, and identical answer strings reuse judgments.
Before-phase gates are recomputed over the full paired set before after-phase task scores and
affected-subset scores are formed. The resulting contrasts are reported in Table 30. All accepted
new reader responses identify the GPT-4o-mini-2024-07-18 snapshot; responses identifying a
different model are discarded and the original requests are retried. Each accepted request is
checked against its prepared input fingerprint, and its server-reported prompt token count must
match the full prepared prompt. No condition exceeds the context window. For MemMachine,
16 unchanged inputs reuse historical results and 1,172 inputs receive new reader responses.
Intervals use 20,000 paired episode-bootstrap resamples, conditional on the observed outputs.

Interpretive limitations. The raw-to-store gap reflects both stored information and the process
used to present it to the reader. Export coverage and temporal provenance define the candidate
evidence; selection, ordering, packing, and reading determine how that evidence is used. The
comparison therefore does not isolate information loss during ingestion. Native-to-complete
gains likewise combine broader access to stored evidence with changes to task information and
readout policy. Relations missed by native retrieval may remain in the store.
Task scores in Appendix A.5.2 show where the aggregate comparison needs care: raw evidence
scores below 100%, and system rankings vary by task. On MEME Abs, missing evidence can
elicit an “uncertain” answer that receives credit, so a correct answer does not necessarily indicate
successful dependency reconstruction.

C.6. Statistical inference

All procedures below operate on paired outcomes from the stated completed conditions. The
resampling unit follows the benchmark structure and keeps repeated judgments of each answer
together. Reported intervals cover question/episode sampling uncertainty conditional on the
observed reader and semantic-judge outputs, store builds, and sufficiency labels, including
those from the deterministic MEME verifier.

Coverage and utilization. Table 25 gives the four omnibus tests underlying Section 5. Mem-
oryAgentBench coverage uses Cochran’s Q on the seven paired binary sufficiency outcomes,
followed by exact paired McNemar tests. Its intervals use 50,000 source-stratified paired boot-
strap samples. Because utilization has a system-specific denominator, its omnibus and pairwise
tests instead use a centered max-range bootstrap and two-sided bootstrap sign tests. The
MemoryAgentBench resampling shares question indices across systems within each of the 14
sources. The MEME analyses resample 100 whole episodes with shared indices across systems,
including all questions and before/after pairs from each sampled episode. They use 50,000
replicates. In every case, Holm adjustment is applied over the 21 pairwise comparisons within
one benchmark–metric family.

Retrieval-design ablations. The MemoryAgentBench design ablations use 20,000 paired,
source-stratified bootstrap resamples and Holm correction, as reported in Section 4.3. Source
scores are recomputed under the benchmark’s capability-weighting scheme rather than pooling
all questions. Final-k intervals compare each condition with the default k = 15; capability-
specific contrasts use their stated task family.
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Complete-store contrasts. For each contrast, 20,000 paired bootstrap replicates sample 100
episodes with replacement, keeping all questions and both phases of an episode together. Each
replicate recomputes the six-task macro-average in both conditions and then their difference;
the 2.5th and 97.5th percentiles give the interval. The R − C intervals use the same after-phase
scores as Figure 5. The C − N intervals use those same complete-store scores and the aligned
Native scores. These are pointwise intervals, without multiplicity correction, conditional on the
observed reader and judge outputs and store builds. RAG Native aggregates three judge calls,
while its complete-store and raw controls use one.
Question identities and after-phase scores are aligned across the compared conditions. The
original random seeds for the R − C bootstrap are unavailable, so new resamples may yield
slightly different interval endpoints.

D. Experimental Implementation and Reproducibility

This appendix specifies the experimental settings needed to reproduce our evaluations, in-
cluding benchmark inputs and task definitions, baseline memory construction and retrieval
configurations, and shared evaluation procedures. We also document scoring and averaging
rules, timing and readiness criteria, and the software and hardware environment.

D.1. Benchmark descriptions

Alongside the four main benchmarks, we describe PersonaMem-v2 for the supplementary
accuracy comparison and BEAM for ingestion timing only.

D.1.1. LoCoMo

Data and tasks. LoCoMo [27] supplies long, multi-session conversations between two named
speakers, with session dates, dialogue identifiers, and, for some turns, images and textual
captions. A question refers to the history of one conversation and requests a free-form answer.
We use the 10-conversation release, with 1,540 questions after excluding adversarial category
5. The remaining types are single-hop (category 4, 841 questions), multi-hop (category 1, 282),
temporal (category 2, 321), and open-domain (category 3, 96).

Capability requirements. Single-hop questions test precise recovery of an entity or fact from
a particular interaction. Multi-hop questions require combining facts distributed across turns
or sessions, including resolving who said or experienced what. Temporal questions require
anchoring relative dates to the conversation timeline and reasoning about event order. Open-
domain questions connect conversational evidence with broader knowledge or reasonable
inference. The shared difficulty is finding sparse evidence in a long, personally grounded history
while preserving speaker attribution, names, and time references.

Evaluation setup. Each dialogue history forms one memory store shared by its questions.
Session boundaries and speaker attribution are preserved. Images are represented by the
supplied caption in message text. All included questions reuse their conversation’s memory
store; question category and reference evidence are reserved for evaluation. The different
published judge and lexical-metric conventions remain separated in Appendix A.

D.1.2. LongMemEval-S

Data and tasks. Each LongMemEval-S example [50] contains a user–assistant question, its
question date, and a dated collection of historical chat sessions containing both relevant and
distractor interactions. Our standalone evaluation uses 500 examples. Its six reported question
types are single-session-user (recall a user-provided fact), single-session-assistant (recall an assistant-
provided fact), single-session-preference (use a preference expressed within a session), multi-session
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(combine evidence across sessions), knowledge-update (select the valid information after a change),
and temporal-reasoning (reason about dates, intervals, or order). Unanswerable/abstention
examples form an additional evaluation condition across these types.

Capability requirements. Unlike LoCoMo, where multiple questions share a small fixed set
of histories, LongMemEval supplies a separate conversation history for each example. The
benchmark tests whether a system can distinguish user from assistant knowledge, recover
preferences, integrate dispersed evidence, resolve superseded facts, and avoid answering when
the history lacks support. The question date is the reference time for phrases such as “current”
or “last month”.

Evaluation setup. Each example has an isolated memory store that preserves session dates and
speaker roles. Annotated answer sessions are used only for evaluation. The reader receives the
question-date instruction shown in Appendix G.5. Published non-abstention scores use their
specified question subsets; our full-set scores use all 500 examples.

D.1.3. MEME

Data and tasks. MEME [15] supplies chronological episodes in personal-life and software-
project domains. Each contains evidence sessions, distractor sessions, entity values, and explicit
dependency rules, with questions before and after a designated change. We use the condition
with 32k tokens of distractor content: 100 episodes and 1,188 phase-specific questions. Its six
types distinguish different operations:

• Exact Recall (ER): reproduce a stable entity value.

• Aggregation (Agg): collect several entities’ required values from distributed evidence.

• Tracking (Tr): reconstruct an entity’s sequence of historical values in chronological order.

• Deletion (Del): acknowledge removal without revealing the deleted value.

• Cascade (Cas): apply a stated conditional rule after an upstream change to derive a
dependent entity’s new value, including one- and two-hop dependencies.

• Absence (Abs): recognize that a dependent old value is no longer trustworthy when an
upstream condition changes and no applicable replacement value is supplied.

Capability requirements. Fictitious values reduce the usefulness of parametric factual knowl-
edge. The task crosses single- versus multi-entity reasoning with static versus evolving informa-
tion. In particular, Cas requires executing an update rule, whereas Abs requires withholding
an unsupported current value. Del evaluates whether the answer respects a removal request;
physical erasure from storage is outside its scoring criteria.

Evaluation setup. Questions carry their episode, before/after phase, target entities, dependency
depth, and temporal cutoff. All systems receive the official short-answer prompt. Scoring uses
task-specific judgments: Tr checks the ordered history, Agg checks the required values, and Cas,
Abs, and Del have different correctness conditions. Task scores use after-phase answers. For Cas,
Abs, and Del, an after-phase pass receives credit only if the corresponding before-phase answer
was also correct, preventing a system that never knew a value from receiving credit merely for
failing to report it. Overall is the six-task macro-average. Phase visibility is a requirement of
each run; retrieval-time timestamp filtering and the explicit phase-scoped oracle controls are
distinguished below and in Appendix B.
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D.1.4. MemoryAgentBench

Data and tasks. MemoryAgentBench [11] presents a long source context as a sequence of
memory-ingestion units, followed by multiple questions over the same context. The evaluated
suite has 2,071 questions from 14 sources, organized into four capabilities:

• Accurate Retrieval (AR): LongMemEval chat-history questions, EventQA next-event ques-
tions over narrative evidence, and the two RULER QA sources over long document collec-
tions. These test locating the correct conversational fact, event, or document-supported
answer amid distractors.

• Test-Time Learning (TTL): five in-context classification sources (Banking77, CLINC150,
NLU, TREC-coarse, and TREC-fine) supply labeled demonstrations and ask for a numerical
label for a new input. ReDial supplies recommendation dialogues and asks for movie
recommendations. These test remembering and applying examples or preferences acquired
during ingestion, with model weights fixed.

• Long-Range Understanding (LRU): DetectiveQA asks for answers requiring narrative-
level reasoning, while InfBench asks for book summarization. These test integrating
globally distributed clues or salient content.

• Conflict Resolution (CR): single-hop and multi-hop FactConsolidation supply numbered,
potentially conflicting facts. A larger serial number denotes newer information. Questions
require selecting the latest valid fact and, for multi-hop cases, composing relations under
that rule instead of relying on real-world knowledge.

Capability requirements. The “ingest once, query many” structure measures how a reusable
memory representation supports heterogeneous downstream tasks. Exact example-to-label
associations matter for TTL; narrative coverage matters for LRU; provenance and precedence
matter for CR. Compression that benefits one capability can remove precisely the information
needed by another.

Evaluation setup. Each source context forms one shared memory store, using that source’s in-
gestion units and question wording. Splitting the source into ingestion units is distinct from the
subsequent retrieval-window construction in RAW-RAG. Original LongMemEval session dates
are preserved where available. For otherwise undated sources, assigned timestamps encode
source order; FactConsolidation precedence comes from its original serial numbers. Scoring
follows each source’s task: substring matching, numerical-label or choice accuracy, recommen-
dation recall, or LLM-based judging and summary scoring. The aggregate combines these native
task metrics using the nested capability weights specified below. The embedded LongMemEval
source uses separate evaluation settings from the standalone 500-example benchmark.

D.1.5. PersonaMem-v2

Data and tasks. Our supplementary evaluation uses the PersonaMem-v2 text benchmark [14]
and 32k chat histories, with 5,000 multiple-choice questions. Each input pairs a personalized
user request with candidate responses. The nine scenario types are consultation, personal email,
translation, professional email, creative writing, professional writing, knowledge query, social
media, and chat.

Capability requirements. The task asks whether a response fits the user’s preferences and
circumstances from past interactions. Preference attribution and updates can determine which
plausible response is appropriate, testing personalization grounded in conversational evidence.
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Evaluation setup. Questions referring to the same 32k history share a memory store. System-
role persona messages are excluded from the ingested dialogue; user and assistant turns are
included. The persona name can appear as a speaker label; full persona profiles are excluded
from RAW-RAG’s memory evidence. The reader receives the question and lettered response
options; accuracy is exact agreement between the selected and reference letters. Preference anno-
tations and reference snippets are reserved for evaluation. Option order and the corresponding
answer letters must remain fixed across compared runs. Table 18 reports the results under this
multiple-choice evaluation condition.

D.1.6. BEAM ingestion workload

BEAM [43] supplies the long conversation used for the scaling study. Our input is one ordered,
1,710-message conversation approaching one million tokens. Each message is added before
the next timed Add operation begins. We use BEAM solely to measure ingestion throughput,
readiness cost, and persistence under a growing history.

D.2. Evaluation workflow

Each experiment separates four operations: ingesting the available history, retrieving evidence
for a question, generating an answer, and scoring that answer. Histories preserve speaker
attribution and available dates. Questions and reference answers remain separate from memory
construction; references are used only for evaluation and the explicitly identified diagnostic
controls. Each system uses its own memory construction and retrieval procedure. The selected
evidence is then presented to a reader under the stated prompt condition and scored according
to the benchmark.
The configurations below specify system-specific memory units, speaker scope, and retrieval
budgets; comparison scope is summarized in Appendix A.

Temporal visibility. Where supported, retrieval uses the question date to exclude later memo-
ries. Several systems first retrieve a larger candidate set, filter it by timestamp, and then apply the
final evidence budget; memories with unknown timestamps are kept by default. A transformed
item can combine evidence from multiple times. EMem has explicit question-date-scoped index-
ing for applicable datasets, while oracle analyses use their specified phase-visible sources or
snapshots. Timestamp filtering alone does not establish temporal validity for revised memories
or undated semantic features; their visibility also depends on how each system constructs and
updates its store.

D.3. Baseline configurations

The configurations below specify each agentic memory system’s memory-management oper-
ations and ordinary execution settings, alongside the RAW-RAG and Full-context reference
conditions. Concurrency denotes a configured upper bound. Conversation-level ingestion, con-
current queries, and internal model calls are different levels of parallelism. Benchmark-specific
conditions are identified separately; in particular, the timing experiments use the single-worker
setup described below. The shared answer stage defaults to 50 concurrent requests unless a
method or run overrides it.

D.3.1. RAW-RAG

The source-preserving representation, retrieval and reranking procedure, benchmark-specific
evidence assembly, and query construction are defined in Appendix B. Ablation conditions
change only their stated operation while keeping the corresponding benchmark inputs and
scoring procedure. Here we specify the execution configuration.
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Execution settings. The default limits are two concurrent conversations during indexing, eight
search requests, and 50 answer requests. Embeddings are requested in batches of 128. The
default store is a local index maintained separately for each conversation.

D.3.2. EverMemOS

Memory construction. EverMemOS constructs organized episodic memories and associated
structured information [10]. Histories are segmented into coherent memory units called Mem-
Cells, from which episodic representations and atomic facts are extracted. Lexical and embed-
ding indices support retrieval. We also enable incremental profile extraction.

Retrieval and readout. Retrieval combines lexical and semantic search with query refinement
and checks for evidence sufficiency. By default, 10 results are returned and presented as subject–
episode blocks. Answer generation follows the system’s own procedure, with benchmark-
specific prompts where specified.

Execution settings. EverMemOS runs locally. Its extraction concurrency is 20, with a separate
atomic-fact concurrency limit of 20. Index construction permits five concurrent embedding
batches. Agentic retrieval limits concurrent questions to 20, and its native response stage allows
50 concurrent requests.

D.3.3. MemOS

Memory construction. MemOS manages extracted text memories and preference information
within its memory operating-system abstraction [21]. We use its fine-grained extraction setting
and wait for each ingestion step to finish before proceeding. Memories are extracted and stored
by MemOS itself.

Retrieval and readout. Retrieval requests the top 20 text memories and preferences using the
fine search mode, reranking, and maximal-marginal-relevance deduplication. We choose fine
rather than the default fast mode to evaluate MemOS’s memory-management capabilities.
For two named conversational speakers, the system writes and searches separate speaker
perspectives and formats both sets of memories, including returned preferences, for the reader.
In MemoryAgentBench it instead uses a context-scoped identity. For its ICL sources, the reader
additionally receives up to five original label-mapping chunks selected by lexical overlap with
the question. These chunks supply raw labeled demonstrations from the ingested context.

Execution settings. We use locally hosted MemOS 2.0.23. Ordinary evaluation allows 10
conversation workers and 10 concurrent searches. Add batches contain 10 messages, reduced
to six for LongMemEval and two for MemoryAgentBench, with a 0.1-second request interval.
Storage uses Qdrant 1.15.3 and Neo4j, with version 5.26.6 specified and version 5.26.4 permitted
as a fallback.

D.3.4. EMem and EMem-G

Memory construction. EMem represents conversations using extracted elementary discourse
units (EDUs); EMem-G additionally uses graph-based retrieval [59]. We use contextual extraction
of EDUs without a further context-generation step. Session and turn structure is preserved.
Where question dates define different visible histories, separate stores can be built from the
corresponding history prefixes.

Retrieval and readout. EMem retrieves without personalized PageRank, whereas EMem-G
uses it to propagate relevance through the graph; the two variants are distinct. The default
QA budget is 10, overridden to 20 for MEME and MemoryAgentBench. Retrieved EDUs,
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or session documents when EDUs are unavailable, provide the reader evidence. For ICL it
also prepends up to five lexical-overlap-selected raw demonstration chunks, as in MemOS.
MEME and MemoryAgentBench can use the aligned benchmark reader over this evidence;
other conditions use EMem’s own answer-generation procedure. These answer conditions are
distinguished in the experiment records.

Execution settings. EMem processes conversations and date-scoped histories sequentially with
internal batched model calls; it allows up to 50 in-flight requests. Embedding batches contain
up to 256 items, and answer generation uses up to 32 workers. The random seed is 42. Extracted
memories and indices are reused only when inputs and experimental settings match.

D.3.5. SimpleMem

Memory construction. SimpleMem converts dialogue windows into compact, structured mem-
ory entries and combines several retrieval channels [23]. Our direct evaluation covers LoCoMo.
Each conversation has a separate memory store, built from timestamped windows of 40 mes-
sages with a two-message overlap. The final partial window is also included.

Retrieval and readout. Retrieval combines semantic, keyword, and structured retrieval, with
configured channel budgets of 25, 5, and 5, planning enabled, and up to two reflection rounds.
We preserve the merged native order and pass at most 20 entries to the reader, using each entry’s
factual restatement and timestamp. Embeddings follow the experiment’s stated backbone.
Final answering uses the shared benchmark reader and prompt. The published SimpleMem
LongMemEval result is attributed to its source separately.

Execution settings. Two conversations may be ingested concurrently, and search uses four
query workers. Within a query, parallel retrieval is enabled with up to three channel workers.
Each conversation has its own LanceDB store. Search has a 600-second timeout and two
configured attempts; the shared reader has a separate 100,000-token context cap. These settings
apply to our LoCoMo evaluation.

D.3.6. MemU

Memory construction. MemU extracts profile, event, knowledge, and behavior items from
interaction resources [31]. Each conversation is treated as a separate user’s history, and its
messages are ingested in order.

Retrieval and readout. We use the default configuration of MemU 1.5.1. Retrieval stays
within the same conversation and includes intention routing and evidence-sufficiency checks.
Retrieved items are supplied to the shared reader. The final result cap is 20 by default and 10 for
MemoryAgentBench; internal candidate retrieval has a separate budget.

Execution settings. We use MemU 1.5.1. Ingestion permits five concurrent conversations but
preserves the order of writes within each conversation. Ingestion batches contain up to 128
messages, with one message per MemU resource. Persistence uses PostgreSQL with pgvector.
Search batches up to eight questions at a time and reuses a conversation-scoped GPU item index
for exact cosine similarity on the GPU; index loading fetches 512 items per batch. GPU similarity
computation is separate from API-based embeddings and LLM routing and sufficiency checks.

D.3.7. MemMachine

Memory construction. MemMachine combines source-grounded episodic memory with ex-
tracted semantic memory [49]. Each conversation has an isolated store with both memory types
enabled. Semantic extraction may continue after message ingestion, so ingestion completion
and readiness for retrieval are distinct timing boundaries.
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Retrieval and readout. We use the default configuration of MemMachine 0.3.4. Episodes,
episode summaries, and semantic features appear in separate context sections. Episodic and
semantic lists have independent top-20 budgets and keep their separate rankings. Episodic
candidates are date-filtered, but undated semantic features bypass the filter. The date cutoff
therefore does not establish temporal validity for semantic evidence. The formatted sections are
sent to the shared reader for final answer generation.

Execution settings. We use MemMachine 0.3.4 with model access through OpenRouter. Storage
uses PostgreSQL 16 with pgvector and Neo4j 5.23 Community. Ordinary evaluation configures
10 ingestion workers and 10 search workers, with 10-message Add batches (two for MemoryA-
gentBench). Ordinary evaluation uses a 1,800-second post-Add wait. Timing runs instead wait
for semantic ingestion to finish.

D.3.8. Mem0

Memory management. Classic Mem0 extracts candidate facts, retrieves related existing mem-
ories, and chooses ADD, UPDATE, DELETE, or NONE operations [4]. Message batches are
ingested chronologically into separate conversation stores, with memory changes recorded for
the mutation audit. This also defines the unmodified-policy control.

Retrieval and readout. We use the default configuration of each evaluated Mem0 version. For
two named speakers, the system maintains separate perspectives and queries both; MemoryA-
gentBench instead uses one context-scoped identity. Native memory search supplies the text
facts, with a configured top-20 budget per searched identity. Retrieved facts undergo temporal
filtering before being supplied to the shared reader. The extraction model is selected separately
from the answer model; the default reader uses the structured reasoning prompt in Appendix G.
The ADD/NONE-only policy converts proposed UPDATE to ADD and DELETE to NONE.

Execution settings. The general local evaluation uses Mem0 2.0.11, including the MEME store
used in the evidence analyses, whereas the classic mutation audit and ADD/NONE intervention
use Mem0 1.0.11. Ordinary evaluation permits five conversation workers and five search
workers, with five-message Add batches (two for MemoryAgentBench) and an 8,000-character
per-message limit. Writes remain sequential within a conversation; the sharded configuration
uses separate on-disk Qdrant and SQLite files per conversation to avoid concurrent-writer
conflicts. Model requests have a 60-second timeout and no HTTP-client retries. Failed ingestion
stages can be retried, and timeout-triggered splitting can further subdivide a message batch.

D.3.9. Memora

Memory construction. Memora separates stored memory values from indexed primary ab-
stractions and cue anchors, linking compact retrieval representations to more specific factual
and episodic content [53]. Each conversation has an isolated store. Messages are grouped by
session and segmented before memory extraction, with source attribution preserved. MemoryA-
gentBench skips this extra segmentation and ingests its prepared source chunks directly.

Retrieval and readout. Search uses a prompted-policy retriever with at most five steps. The
evaluated configuration enables cue indexing, BM25 hybrid search, and episodic memory, with
top-20 output before applicable temporal processing. For each returned factual memory, the
reader receives its value and history together with linked episodic memories, supplying both
specific conversation evidence and factual details to the common reader. The answer context
has a separate 100,000-token cap. This condition combines Memora’s memory-management
pipeline with a shared reader; the published policy-retriever scores are attributed separately.
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Execution settings. Ordinary evaluation permits 10 ingestion workers and 10 search workers,
with a separate limit of two segmentation workers; resumed runs can reduce conversation
concurrency. Each conversation uses an isolated Chroma persistent directory. LLM-based
segmentation determines the ordinary ingestion units; the configured two-message batch size
applies to non-LLM segmentation. MemoryAgentBench disables the extra segmentation and
ingests one prepared source chunk at a time. Extraction inputs are bounded to 10,000 characters
and can be recursively split down to 1,000 characters after output-length failures. The model-
request timeout is 600 seconds with three retries; extraction uses seed 42 and zero temperature.

D.3.10. Full-context

Full-context omits both memory transformation and retrieval: the reader receives the visible
chronological history directly, filtered by question date when supplied, under the bounded-
history policy in Appendix B.3. Published Full-context results retain their original settings.

Execution settings. No memory transformation or vector index is used. History preparation
uses four workers and 10 answer workers. These limits and the context truncation rule apply
only to our direct evaluation.

D.4. Experimental controls

We save the reader context, answer, and score for each question to distinguish retrieval, genera-
tion, and judging changes under the conditions defined in Appendix A.

Evaluation comparability. A complete evaluation requires the expected question count and a
unique identifier linking each question to its context, answer, and judgments within a source.
For MEME, evidence must also respect the question’s phase. Two implementation choices
affect which condition is being evaluated: falling back to dense ordering omits reranking, and
changing chunking or embeddings requires a rebuilt index. Interpreting a score also requires
the dataset version, model identities, experimental settings, and source-specific exclusions.

D.5. Scoring and benchmark-level summaries

Benchmark weights. LoCoMo averages correctness over the 1,540 included questions and the
specified judge repetitions. LongMemEval averages over its 500 examples under the stated
judging procedure. MEME reports the macro-average of the six task scores. PersonaMem-v2
uses question-weighted multiple-choice accuracy over 5,000 questions. MemoryAgentBench
first computes source scores and then the four capability scores. In Test-Time Learning, the five
ICL source scores are averaged before being combined with ReDial:

TTL =
1
2

(
ReDial +

1
5

5

∑
j=1

ICLj

)
, Overall =

AR + TTL + LRU + CR
4

. (6)

Accurate Retrieval, Long-Range Understanding, and Conflict Resolution average their con-
stituent source scores. A flat average over all questions or over the six TTL sources would assign
different weights. Full-benchmark results require complete source coverage.

D.6. Latency measurement

Sequential-ingestion measurements record the duration of each message’s ingestion. The
BEAM comparison includes complete runs over the same 1,710-message conversation, and
cumulative Add time is the sum of the recorded message-level durations. Both conversation-
level and outer ingestion concurrency are set to one: each single-message Add finishes before
the next starts, with native internal parallelism unchanged. For MemMachine, the timer also
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includes a semantic-ingestion readiness barrier, polled every second with a one-hour timeout; its
sequential-run configuration triggers semantic ingestion after one message rather than waiting
for a multi-message batch.
The separate MEME latency experiment measures Add-to-ready and Search over 10 conver-
sations and 110 questions, with both outer conversation and search concurrency set to one.
MemOS uses synchronous Add; MemMachine readiness is determined by an empty pending-
ingestion queue rather than the ordinary fixed post-Add wait. Total latency sums the unrounded
Add-to-ready and Search times, excluding overhead outside these stages; the displayed entries
are rounded independently. Neither timing experiment includes reader generation or evaluation.
Both run on the host described in Appendix D.7. Within the measured stages, wall-clock time
includes local computation and storage, API-service latency, network communication, and
retries. The comparison is influenced by each system’s readiness rules and internal parallelism,
as well as the available CPU, memory, disk, container resources, and endpoint load.

D.7. Computational environment

Deployment configuration. All experiments conducted in this study, including the latency
and sequential-ingestion experiments, were orchestrated on the same local machine. Evaluation
processes, local memory stores, and the self-hosted MemOS and MemMachine services ran
on that machine. LLM, embedding, and reranking inference used API endpoints. Published
comparison scores were obtained in the environments described by their respective studies.

Hardware. The host has an Intel Core i9-13900HX CPU with 24 physical cores and 32 logical
processors, 16 GiB of installed RAM, an NVIDIA GeForce RTX 5070 Ti Laptop GPU with
approximately 12 GB of dedicated memory, and a 1 TB YMTC PC411 NVMe SSD. The recorded
host software is 64-bit Windows 11 Home, build 26200, with NVIDIA driver 581.29. The GPU
accelerates enabled local operations, notably MemU’s exact item-similarity search.

Software environment. Methods with incompatible dependencies run in separate environ-
ments. The general evaluation environment uses Python 3.12 and PyTorch 2.9.1 with CUDA 12.8.
MemU uses Python 3.13, MemU 1.5.1, PostgreSQL with pgvector, and PyTorch-based exact
similarity search rather than FAISS-GPU. SimpleMem uses Python 3.12, OpenAI client 2.3.0,
LanceDB 0.25.3, PyArrow 22.0.0, and pylance 0.39.0; its embeddings are obtained through model
APIs. Memora uses Chroma for persistent storage and BM25 for lexical retrieval.
The Mem0 mutation audit and ADD/NONE intervention use Mem0 1.0.11, whereas the MEME
store used for evidence analysis uses Mem0 2.0.11. MemOS and MemMachine run as locally
hosted Docker services. Software versions and operating conditions are given where recorded;
some historical dependency versions are unavailable.

E. Review of Prior RAG Evaluations

This appendix reviews raw and naive RAG baselines in prior studies. Weak baseline configura-
tions may partly explain the reported poor performance of RAG. These observations motivate
stronger retrieval controls.

E.1. Review scope

We examine retrieval-design limitations that may explain weak historical RAG baselines relative
to RAW-RAG: overly large chunks, overly low top-k, and absent reranking. We examine studies
that independently evaluated raw or naive RAG, along with the public RAG configuration
accompanying Memobase’s LoCoMo evaluation. For Memobase, we examine only the configu-
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ration. The published reference scores use different readers, prompts, question sets, budgets,
and scoring across papers.

E.2. Comparative analysis

Table 34 names the configuration limitations directly. “Too large” and “too low” are our di-
agnoses of coarse retrieval granularity and restricted evidence coverage, respectively. “Not
reported” denotes a reporting gap. Unless specified otherwise, scores are LLM-judge accuracies
on a 0–100 scale.

Table 34 | Review of raw-history retrieval-augmented generation (RAG) baselines in 14 prior evaluations.
k is the number of retrieved units; listed scores are on a 0–100 scale. Retrieval limitations are our
assessments of the reported configurations, not controlled estimates of their effects. Scores are not directly
comparable across studies. For Memobase, only the public configuration is reviewed.

Work and locator Reported RAG configuration and
reference score

Missing or under-tuned design choice

Mem0 [4]
Sec. 3.3; Tab. 2

LoCoMo RAG (256/2) reaches 60.97
with GPT-4o-mini. The paper searches
seven chunk sizes, 128–8192 tokens, but
always uses k ∈ {1, 2} and embedding
similarity only.

Top-k is too low (k ≤ 2): even the
small-chunk configurations retrieve at
most two evidence locations across the
chunk-size search.

Memobase [28]
LoCoMo
evaluation

The public raw-RAG configuration uses
500-token chunks and k = 1, ranked by
embedding cosine similarity. No
independent RAG score is reported; the
comparison scores for other methods
are imported from Mem0.

Top-k is too low (k = 1): only one
500-token chunk reaches the reader, so
evidence distributed across multiple
chunks cannot be combined.

Nemori [30]
Sec. 4

RAG-4096 uses 4096-token chunks; its
LoCoMo RAG reference is 30.20 with
GPT-4o-mini and 32.90 with
GPT-4.1-mini.

Chunk size is too large (4096 tokens):
each retrieval unit bundles many
dialogue details, reducing the specificity
of dense retrieval and spending context
on unrelated material.

RecMem [5]
App. E.1, E.5

Message-preserving ∼2048-token
chunks; k = 3/5 on
LoCoMo/LongMemEval-S. Scores:
LoCoMo 49.68/54.42; LongMemEval-S
59.40/67.00
(GPT-4o-mini/GPT-4.1-mini).

Chunk size is too large (∼2048 tokens),
and top-k is too low (k = 3/5). The
matched budgets still use coarse retrieval
units and restrict evidence to a few
locations.

Memora [53]
Sec. 5.1

500-token chunks, k = 3; LoCoMo 63.30
with GPT-4.1-mini. The reported 65.60
LongMemEval result belongs to
Full-context and is excluded here.

Top-k is too low (k = 3): only three
chunks, totaling at most 1500 source
tokens, can supply evidence from the
conversation.

xMemory [12]
Secs. 4.1, 5.3

Top-20 original-message chunks by
vector similarity; LoCoMo 27.95
BLEU-1 / 36.48 F1 with Qwen3-8B.

Cross-encoder reranking is absent from
the reported raw baseline. LLMLingua-2
is evaluated separately as a pruning
control.

BEAM / LIGHT
[43]
Sec. 4.1; App. C.3

On BEAM, RAG indexes each
user–assistant pair and returns the five
most similar pairs; BGE-small and
BGE-large are compared.

Top-k is too low (k = 5): only five
user–assistant pairs can cover evidence
dispersed across a long conversation.

Continued on next page
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Table 34 continued
Work and locator Reported RAG configuration and

reference score
Missing or under-tuned design choice

PREMem [18]
Secs. 4.1, 5.3

Turn/session retrieval with
Stella-400M; context-budget
experiments are included.

Short-turn retrieval can separate evidence
from adjacent context; whole-session
retrieval can bundle unrelated material.
These structural units vary in token
length.

LightMem [7]
Tab. 1;
App. D.1–D.2

NaiveRAG scores 61.00 on
LongMemEval-S with GPT-4o-mini.

Chunk size, final k, and
candidate/reranking policy are
underspecified; an independently tuned
raw baseline is not documented.

LoCoMo [27]
Secs. 5–6; App. C.1

DRAGON retrieval with
GPT-3.5-Turbo-16k; dialogue units,
observations, summaries, and retrieval
counts are compared.

No separate cross-encoder reranker is
reported for the raw-dialogue baseline.

LongMemEval
[50]
Sec. 5; App. E

Studies session/round units,
fact-expanded keys, temporal filtering,
budgets, and reading policies.

Extensive retrieval tuning is already
present; the remaining omission is
cross-encoder reranking over a larger
candidate pool.

SeCom [34]
Tab. 1; App. A.5

MPNet turn retrieval: 57.99 GPT4Score
on author-generated LoCoMo QA;
54.77 turns occupy 3288 tokens on
average under a 4k-token budget.

Turns average only about 60 tokens, so
evidence can be separated from adjacent
context. A token-window raw alternative
could preserve this local context within
each retrieval unit.

SGMem [52]
Sec. 4.3; Tab. 1

Tests turn/round/session units at
k = 5, 10. Top-10 turn/session RAG:
54.4/57.6 on LongMemEval; 33.0/40.8
on a 500-question LoCoMo sample.

Turn units can isolate evidence from
adjacent context, whereas session units
can bundle unrelated details. Retrieved
token volume and granularity vary across
these units at a shared k.

MemoryAgent-
Bench [11]
Secs. 4.1, 4.3;
App. E, F

The benchmark evaluates 512- and
4096-token input units, sweeps
k ∈ {2, 5, 10}, and reports additional
budget analyses.

Chunk-size/top-k tuning is already
present; the missing component is
cross-encoder reranking of a broad dense
candidate pool.

E.3. Synthesis

Several reviewed baselines have concrete configuration bottlenecks: Nemori and RecMem use
overly large chunks, while Mem0, Memobase’s public RAG configuration, RecMem, Memora,
and BEAM restrict retrieval to too few evidence locations. Addressing these concerns requires
changing chunk size and retrieval depth alongside ranking. Other evaluations already ex-
plore granularity and depth more extensively, making reranking a distinct remaining control.
These diagnoses motivate joint chunk-size and retrieval-depth tuning under matched budgets.
Quantifying their contribution to published score gaps requires controlled reruns.

Review Finding

Several prior RAG baselines use chunks that are too large or top-k that is too low, limiting
retrieval specificity or evidence coverage. Establishing a need for agentic memory systems
requires comparison with RAW-RAG that addresses these basic design constraints.
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F. Extended Discussion and Limitations

Operational memory management. The evaluated tasks ask for answers from recorded his-
tories. Operational memory systems may also need to expose authoritative state to other
tools, trigger actions after updates, or erase stored information. These requirements introduce
memory-management objectives beyond answer accuracy.

Reader dependence. The large, task-dependent reader differences in the phase-visible MEME
oracle (Table 2) show that state reconstruction depends on reader capability. Cross-system
utilization estimates also depend on which questions each system supplies with sufficient
evidence. Whether state construction during ingestion helps weaker readers or reduces repeated
inference remains an open question. Retrieval should be evaluated with the intended reader.

Demonstration structure. MemoryAgentBench’s test-time-learning split combines few-shot
classification with recommendation. For classification, usable demonstrations require fac-
tual content, recognizable input–label pairings, example boundaries, and presentation format.
Atomic-fact extraction or summarization can disrupt that format even when much of the un-
derlying content survives. The drop from 47.68% to 15.37% under atomic-fact extraction may
reflect reduced evidence volume at fixed item count, disrupted demonstration structure, and
reader–format mismatch, alongside factual loss. Both token volume and demonstration format
vary in this ablation; the separate six-system 5k control in Appendix A.4 leaves these factors
coupled. The result shows that the tested representation and reader combination performs
poorly on TTL.

Scalability and generalizability. Raw storage grows with history length, and a fixed candidate
and reader budget can miss dispersed or low-similarity evidence. Turn expansion and overlap-
ping windows may also spend context on repeated text. Retrieval quality across history lengths
and the cost of repeated query-time reasoning remain to be measured alongside ingestion.
Hosted model and service behavior can change, and outputs can vary across temperature-zero
requests and repeated judgments. Longer interactive workloads, bounded-storage settings, and
broader multimodal evidence may favor different memory-management trade-offs.

G. Prompt Templates

We reproduce memory-management, reranker, reader, and judge templates, with long lines
wrapped for typesetting. In the LoCoMo judge prompt, a non-grading aside is omitted; all
grading criteria and output requirements are unchanged. Braced fields denote per-example
substitutions. In reader prompts, {context} is the retrieved evidence supplied to the reader,
and {question} is the question after any benchmark-specific formatting described below. Gold
answers and hidden-gold evidence requirements are judge-side inputs. In the complete-store
control, gold fields also guide evidence selection, while the reader-visible policy supplies task
metadata and transition semantics but no gold answer or entity values.

G.1. Qwen3 reranker

For Qwen3-Reranker-4B, we use the chat template from the official model card accompany-
ing Zhang et al. [56], with the question–passage relevance instruction shown below. Here
{retrieval_query} is the question defined in Appendix B.2, and {passage} is one candidate
retrieval window, before display-time expansion to complete turns.
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Qwen3 reranker: query–passage relevance template

<|im_start|>system
Judge whether the Document meets the requirements based on the Query and the Instruct provided. Note

that the answer can only be "yes" or "no".<|im_end|>
<|im_start|>user
<Instruct>: Given a question and a passage, determine if the passage contains information relevant to

answering the question.
<Query>: {retrieval_query}
<Document>: {passage}<|im_end|>
<|im_start|>assistant
<think>

</think>

G.2. Memory-management variants

The three memory-management variants share the following system message:

Ingestion-time memory management: system message

You are a careful memory extraction engine. Return one valid JSON object and no prose.

The following user prompts are instantiated once per raw 256-token window. The fields
{conversation_id}, {source_chunk_id}, {source_chunk_index}, and {source_memory_chunk}
are filled from the current conversation and window. The numeric limits in the atomic-fact
prompt are the evaluated limits.

Atomic-fact extraction

Extract explicit atomic facts from the source memory chunk.

Rules:
− Use only facts directly supported by the text. Do not infer hidden causes.
− Preserve names, titles, locations, dates, event order, speaker labels, and serial numbers exactly.
− For conflict−resolution facts, keep the original serial number. Larger serial numbers mean newer facts; do

not drop this ordering clue.
− Return at most 6 high−salience facts for retrieval and question answering.
− Prefer concrete events, state changes, decisions, locations, dates, names, and conflict/newness cues.
− Omit generic commentary, style descriptions, duplicate details, and low−value micro−actions when the

chunk has many candidates.
− Keep each fact under 28 words.
− Keep each source quote under 12 words.
− Keep entities to at most 5 names.
− Ignore wrapper instructions such as "I have memorized"; extract from the actual remembered content.
− Return JSON only.

Required JSON schema:
{

"facts": [
{

"fact": "one concise standalone fact",
"speaker": "speaker if present, else empty string",
"time": "time/date if present, else empty string",
"order": 0,
"serial_number": "exact serial/newness marker if present, else empty string",
"entities": ["up to 5 entity names"],
"source_quote": "short exact quote supporting the fact"
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}
]

}

Conversation ID: {conversation_id}
Source chunk id: {source_chunk_id}
Source chunk index: {source_chunk_index}

SOURCE MEMORY CHUNK:
{source_memory_chunk}

Raw-summary extraction

Summarize this source memory chunk for retrieval and question answering.

Rules:
− Use only source−supported information.
− Preserve event order, entities, dates/times, speaker names, and serial numbers.
− For conflict−resolution facts, explicitly mention serial numbers and newer/older ordering.
− Do not replace the raw text; produce a compact structured companion summary.
− Return JSON only.

Required JSON schema:
{

"summary": "dense factual summary",
"key_events": ["ordered event or state update"],
"entities": ["important entities"],
"time_order": ["date/time/order/serial cues"],
"conflicts_or_updates": ["conflicts, revisions, newest facts, if any"]

}

Conversation ID: {conversation_id}
Source chunk id: {source_chunk_id}
Source chunk index: {source_chunk_index}

SOURCE MEMORY CHUNK:
{source_memory_chunk}

Graph-link judgment

Judge which existing chunks are genuinely related to the new chunk and should
be connected by an undirected graph edge.

Link chunks only when their connection would be useful for multi−hop retrieval
or joint question answering: for example, they describe the same entity,
event, relationship, evolving state, cause/effect chain, or a concrete follow−up.
Topical or stylistic similarity alone is not enough. Use only the supplied text.
It is valid to return no related chunks. Return JSON only.

Required JSON schema:
{

"related_chunks": [
{"chunk_index": 0, "reason": "brief source−supported connection"}

]
}

Conversation ID: {conversation_id}
New chunk index: {new_chunk_index}
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NEW CHUNK:
{new_chunk}

CANDIDATE EXISTING CHUNKS (embedding Top−10):
{candidate_existing_chunks}

G.3. LoCoMo LLM judge

The evaluator sends the following system and user messages. The fields {golden_answer} and
{generated_answer} are replaced by the reference answer and the evaluated model answer. The
reasoning request and final JSON-label instruction are both reproduced from the Mem0 and
EverMemOS grading prompts [4, 10]. This preserves the evaluated wording; response parsing
and repetition counts are specified below.

LoCoMo judge: system message

You are an expert grader that determines if answers to questions match a gold standard answer

LoCoMo judge: user message

Your task is to label an answer to a question as ’CORRECT’ or ’WRONG’. You will be given the following
data:

(1) a question (posed by one user to another user),
(2) a ’gold’ (ground truth) answer,
(3) a generated answer

which you will score as CORRECT/WRONG.

The point of the question is to ask about something one user should know about the other user based on their
prior conversations.

The gold answer will usually be a concise and short answer that includes the referenced topic, for example:
Question: Do you remember what I got the last time I went to Hawaii?
Gold answer: A shell necklace
The generated answer might be much longer, but you should be generous with your grading − as long as it

touches on the same topic as the gold answer, it should be counted as CORRECT.

For time related questions, the gold answer will be a specific date, month, year, etc. The generated answer
might be much longer or use relative time references (like "last Tuesday" or "next month"), but you
should be generous with your grading − as long as it refers to the same date or time period as the gold
answer, it should be counted as CORRECT. Even if the format differs (e.g., "May 7th" vs "7 May"),
consider it CORRECT if it’s the same date.

Now it’s time for the real question:
Question: {question}
Gold answer: {golden_answer}
Generated answer: {generated_answer}

First, provide a short (one sentence) explanation of your reasoning, then finish with CORRECT or WRONG.
Do NOT include both CORRECT and WRONG in your response.

Just return the label CORRECT or WRONG in a json format with the key as "label".

Response parsing and scoring. Our judge requests use temperature zero without a JSON-
only response constraint. The parser first selects a brace-delimited object in the first matching
Markdown code block (with an optional json language tag). If none is found, it selects the first
non-nested brace-delimited object containing a quoted label key and string value, including
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when that object is embedded in explanatory text. Otherwise, it attempts to parse the entire
whitespace-trimmed response as JSON. The selected text must decode to an object; the label
value is stripped of surrounding whitespace and converted to uppercase, and only an exact
CORRECT scores 1. Explanatory text around a valid JSON label is accepted; bare CORRECT or WRONG
text is rejected.
A WRONG label scores 0. Empty responses, malformed JSON, missing or unusable labels, and
other labels also score 0, as do request exceptions that reach the evaluator. All outcomes remain
in the denominator with their assigned scores. There is no format-repair retry at the evaluator
level. Three independent judgments are requested per fixed answer, and the reported accuracy
is their question-weighted mean, 100(3N)−1 ∑N

i=1 ∑3
r=1 yir, with N = 1,540 and yir ∈ {0, 1}.

Failure attribution. The historical evaluation records contain binary scores. Raw judge re-
sponses and per-judgment parse and request status are unavailable. A zero may represent a
valid WRONG judgment, a formatting failure, or a failed request, leaving the exact format-failure
count unknown. For the four RAW-RAG conditions in Tables 10 and 11, we verify all 4,620
expected binary judgments per condition (18,480 in total), with zero missing judgment slots.
Their zero-score counts are 505 and 291 for the text-embedding-3-small conditions, and 502 and
252 for the Qwen3 conditions, in GPT-4o-mini/GPT-4.1-mini reader order. For each condition,
the number of format failures is bounded between zero and its zero-score count. Scores are
reported unchanged; recovering the historical failure rate would require the original responses
and diagnostic status.

G.4. LoCoMo reader

The standard RAW-RAG reader receives the following structured reasoning prompt as one user
message, without a separate system message. Evaluation uses the text following FINAL ANSWER:,
or the full response if that marker is absent. The minimal-answer variant is reported separately
in Appendix A.

LoCoMo reader: user message (also shared by LongMemEval)

You are an intelligent memory assistant tasked with retrieving accurate information from episodic memories.

# CONTEXT:
You have access to episodic memories from conversations between two speakers. These memories contain
timestamped information that may be relevant to answering the question.

# INSTRUCTIONS:
Your goal is to synthesize information from all relevant memories to provide a comprehensive and accurate

answer.
You MUST follow a structured Chain−of−Thought process to ensure no details are missed.
Actively look for connections between people, places, and events to build a complete picture. Synthesize

information from different memories to answer the user’s question.
It is CRITICAL that you move beyond simple fact extraction and perform logical inference. When the

evidence strongly suggests a connection, you must state that connection. Do not dismiss reasonable
inferences as "speculation." Your task is to provide the most complete answer supported by the available
evidence.

# CRITICAL REQUIREMENTS:
1. NEVER omit specific names − use "Amy’s colleague Rob" not "a colleague"
2. ALWAYS include exact numbers, amounts, prices, percentages, dates, times
3. PRESERVE frequencies exactly − "every Tuesday and Thursday" not "twice a week"
4. MAINTAIN all proper nouns and entities as they appear

# RESPONSE FORMAT (You MUST follow this structure):
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## STEP 1: RELEVANT MEMORIES EXTRACTION
[List each memory that relates to the question, with its timestamp]
− Memory 1: [timestamp] − [content]
− Memory 2: [timestamp] − [content]
...

## STEP 2: KEY INFORMATION IDENTIFICATION
[Extract ALL specific details from the memories]
− Names mentioned: [list all person names, place names, company names]
− Numbers/Quantities: [list all amounts, prices, percentages]
− Dates/Times: [list all temporal information]
− Frequencies: [list any recurring patterns]
− Other entities: [list brands, products, etc.]

## STEP 3: CROSS−MEMORY LINKING
[Identify entities that appear in multiple memories and link related information. Make reasonable inferences

when entities are strongly connected.]
− Shared entities: [list people, places, events mentioned across different memories]
− Connections found: [e.g., "Memory 1 mentions A moved from hometown → Memory 2 mentions A’s

hometown is LA → Therefore A moved from LA"]
− Inferred facts: [list any facts that require combining information from multiple memories]

## STEP 4: TIME REFERENCE CALCULATION
[If applicable, convert relative time references]
− Original reference: [e.g., "last year" from May 2022]
− Calculated actual time: [e.g., "2021"]

## STEP 5: CONTRADICTION CHECK
[If multiple memories contain different information]
− Conflicting information: [describe]
− Resolution: [explain which is most recent/reliable]

## STEP 6: DETAIL VERIFICATION CHECKLIST
− [ ] All person names included: [list them]
− [ ] All locations included: [list them]
− [ ] All numbers exact: [list them]
− [ ] All frequencies specific: [list them]
− [ ] All dates/times precise: [list them]
− [ ] All proper nouns preserved: [list them]

## STEP 7: ANSWER FORMULATION
[Explain how you’re combining the information to answer the question]

## FINAL ANSWER:
[Provide the concise answer with ALL specific details preserved]

−−−

{context}

Question: {question}

Now, follow the Chain−of−Thought process above to answer the question:

Minimal-answer CoT variant. The minimal-answer condition in Appendix A keeps the seven-
step CoT structure, context and question placeholders, single-user-message format, and final-
answer extraction described above. It shortens the final answer by replacing the instruction
under FINAL ANSWER: with:
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LoCoMo minimal-answer CoT: replacement final-answer instruction

## FINAL ANSWER:
[Output only the shortest answer span that directly answers the question. Prefer exactly the entity, date,

number, or list requested. Do not explain, restate the question, or add background, evidence,
introductory phrases, or concluding remarks. For list questions, output only a comma−separated list.
Preserve only the specific details required for correctness.]

The template also makes three minor wording or notation changes: in Step 2, list any recurring
patterns becomes list all recurring patterns; in Step 3, mentioned across different memories becomes
mentioned in multiple memories, and the arrows in the Connections found example are written as ->.
All other prompt text is unchanged.

G.5. LongMemEval reader

The standalone LongMemEval benchmark uses the same structured reasoning prompt repro-
duced in Appendix G.4; there is no separate system message. For examples with an annotated
question date, the reader receives the following date-aware query in place of {question} in
that shared template. {raw_question} below denotes the original benchmark question. If no
question date is present, the original question is used directly. This standalone configuration
differs from MemoryAgentBench’s LongMemEval source (prompt in Appendix G.7).

LongMemEval: date-aware replacement for {question}

Question date: {question_date}
Treat this as the current time when resolving relative phrases such as "recently", "last month", "previous",

"current", or "now". Only use memories dated at or before this question date.
Question: {raw_question}

G.6. MEME reader

The main MEME evaluation uses the following official short-answer prompt, sent as one user
message without a separate system message. The context contains the evidence available at the
corresponding evaluation phase. This is the standard answer prompt; the value-free dependency-
validity control for Abs is a separate oracle condition (Appendix G.11). The complete-store
control instead appends the task policy in Appendix G.12 to its selected context.

MEME reader: user message

Answer the user’s question based ONLY on the context provided below.

If the information is not in the context, say you don’t have that information.

Answer with ONLY the value. Do not explain or add context.

Context:

{context}

Question: {question}

G.7. MemoryAgentBench reader

The MemoryAgentBench reader receives the following system and user messages. {task_query}
is one of the eight RAG query templates reproduced below, selected by source. The appended
{current_time} is the local date and time at evaluation, formatted as YYYY-MM-DD HH:MM:SS.
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MemoryAgentBench reader: system message

You are a helpful AI. Answer the question based on query and memories.
{context}

MemoryAgentBench reader: user message

{task_query}

Current Time: {current_time}

Accurate Retrieval. The source selects the LongMemEval, EventQA, or RULER QA query
template. In all task templates below, {question} denotes the original source question.

MemoryAgentBench: LongMemEval query

The history chats are between you and a user. Based on the relevant chat history, answer the question as
concisely as you can, using a single phrase if possible.

{question}

Answer:

MemoryAgentBench: EventQA query

Based on the context you memorized, complete the task below:

{question}

The event that happens next is:

MemoryAgentBench: RULER QA query

Answer the question based on the memorized documents. Only give me the answer and do not output any
other words.

Now Answer the Question: {question}

Test-Time Learning. The five ICL sources share the numerical-label template. The string
{label} in that template is sent literally. ReDial uses the recommendation template.

MemoryAgentBench: in-context learning query

Use the provided mapping from the context to numerical label to assign a numerical label to the context.
Only output "label: {label}" and nothing else.

Question:{question}

label:
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MemoryAgentBench: ReDial query

Pretend you are a movie recommender system. You need to recommend movies based on the dialogues you
have memorized. Now I will give you a new conversation between a user and you (a recommender
system). Based on the conversation, you reply me with 20 recommendations without extra sentences.

For Example:

[Conversation]

The recommendations are:
1.movie1
2.movie2
...

Here is the conversation: {question}

The recommendations are:

Long-Range Understanding. DetectiveQA and InfBench use the respective question-answering
and summarization templates below.

MemoryAgentBench: DetectiveQA query

Based on the context you memorized, answer the question below. You are required to answer the question
based on the strict output format.

{question}

MemoryAgentBench: InfBench summarization query

You are given a book above and you are tasked to summarize it.

{question}

Now summarize the book.

Conflict Resolution. The single-hop and multi-hop fact-consolidation sources share the follow-
ing template. Its illustrative answer is part of the original synthetic-knowledge instruction.

MemoryAgentBench: fact-consolidation query

Pretend you are a knowledge management system. Each fact in the knowledge pool is provided with a serial
number at the beginning, and the newer fact has larger serial number.

You need to solve the conflicts of facts in the knowledge pool by finding the newest fact with larger serial
number. You need to answer a question based on this rule. You should give a very concise answer
without saying other words for the question **only** from the knowledge pool you have memorized
rather than the real facts in real world.

For example:

[Knowledge Pool]

Question: Based on the provided Knowledge Pool, what is the name of the current president of Russia?
Answer: Donald Trump

Now Answer the Question: Based on the provided Knowledge Pool, {question}
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Answer:

G.8. PersonaMem-v2 reader

For the multiple-choice results in Appendix A.3, the reader receives the evidence, original query,
personalization reminder, response options, and selection instruction in the single user message
shown below; no system message is added. {raw_question} denotes the original user request,
before the personalization reminder is appended; only this original request is used for retrieval
in the reported run. {options_text} contains all options in dataset order, one per line in the
form A. option text.

PersonaMem-v2 reader: fully assembled user message

{context}

{raw_question} Please recall my related preferences from our conversation history to give personalized
responses.

Please choose the best answer from the following options:

{options_text}

Think step by step about which answer best fits the user’s query and conversation context. Provide your
reasoning first, then give your final answer as ’Final Answer: [Letter]’

G.9. Semantic sufficiency judge

The MemoryAgentBench coverage/utilization analysis uses the following system and user
messages. The same template supplies the original MEME semantic-answerability assessment.
The full evaluations use DeepSeek-V4-Flash, temperature zero, and JSON-object response format.
Neither system identity nor the evaluated reader answer is included in these messages. The
boolean answerable is the sufficiency label; support and notes provide diagnostic information.

Semantic sufficiency judge: system message

You are a strict evidence answerability judge.

Semantic sufficiency judge: user message

You are judging retrieval answerability.

Return JSON only with:
{"answerable": true/false, "support": "sufficient|partial|none|contradictory", "notes": "short reason"}

Mark answerable=true only if the retrieved context contains enough information to derive the gold answer
without relying on world knowledge or the model’s prior memory. Exact wording is not required.

Question:
{question}

Gold answer:
{golden_answer}

Retrieved context excerpt:
{excerpt}
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Evidence selection. The judge receives a selected excerpt of the reader context. Selection uses
the ordered list of reference-answer values, ignores values shorter than three characters, and
finds the first case-insensitive literal match of each remaining value in the formatted context.
Each match contributes up to 900 characters before and after the matched span. Snippets are
concatenated in value-list order with [...] separators, without deduplication, and clipped to
the 9,000-character limit. If no value matches, the first 9,000 characters of context are used. The
resulting judgment measures the sufficiency of this excerpt for the reference answer.

G.10. Result and path assessment

The task-aware assessment judges result and path coverage jointly. It reassesses Tr in both
phases and Del, Cas, and Abs after the update; other task/phase rows keep the original semantic
label. The judge uses DeepSeek-V4-Flash, temperature zero, JSON-object response format, and
complete formatted contexts without a character limit or the gold-localized excerpt above.

MEME result/path judge: system message

You audit complete reasoning−chain evidence and return JSON only.

MEME result/path judge: user message

You are a strict MEME retrieval−evidence auditor.

Judge whether the RETRIEVED CONTEXT satisfies the task−specific evidence contract. The hidden−gold
contract tells you what to look for, but it is NOT evidence. Only statements in RETRIEVED CONTEXT
count. Do not use the question, contract, world knowledge, or assumptions to fill a missing link.
For cascade/invalidation, isolated mentions are insufficient: the dependency rule, trigger state,
and target state must be related. For deletion, absence of an old value is never proof of deletion.

Return one JSON object with exactly these keys:
{"sufficient": true/false, "value_complete": true/false,
"temporal_chain": true/false, "deletion_targeted": true/false,
"dependency_rule": true/false, "upstream_trigger_state": true/false,
"linked": true/false, "notes": "brief evidence−based reason"}
Use false for component fields that do not apply.

QUESTION:
{question_text}

HIDDEN−GOLD EVIDENCE CONTRACT (requirements only; not evidence):
{contract_json}

RETRIEVED CONTEXT:
{context}

Evidence requirements. The placeholder {contract_json} is a JSON object serialized with
two-space indentation. Its fields are shown below; braced placeholders are replaced by JSON
strings or arrays. Targets and the upstream entity come from the matching annotated MEME
task. History values come from the question’s annotated entity values; old/new target values
and upstream before/after values come from episode entity metadata. Value lists are flattened
and deduplicated in order. These evidence criteria are supplied only to the judge.
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MEME result/path judge: evidence-requirement fields

{
"task_type": "{task_type}",
"phase": "{phase}",
"target_entities": {target_entities_json_array},
"history_values": {history_values_json_array},
"old_target_values": {old_target_values_json_array},
"new_target_values": {new_target_values_json_array},
"upstream_entity": "{upstream_entity}",
"upstream_before_values": {upstream_before_values_json_array},
"upstream_after_values": {upstream_after_values_json_array},
"sufficiency_rule": "{task_specific_rule}"

}

The task type selects exactly one of these four strings for sufficiency_rule:

MEME result/path criteria: Tr rule

Every history value must appear, and the context must establish their chronological order using dates or
explicit temporal language such as then/later/after.

MEME result/path criteria: Del rule

An explicit deletion instruction/event must point to the target entity or old value. Merely failing to retrieve
the old value is not deletion evidence.

MEME result/path criteria: Cas rule

The new target value, the dependency rule, and the upstream post−trigger state must all appear and be
linked into one executable causal chain.

MEME result/path criteria: Abs rule

The old target value, its dependency rule, and the upstream state that invalidates it must all appear and be
linked into one executable causal chain.

Coverage labels. For the Tr-after and Cas-after comparison, value_complete is result coverage
and sufficient is path coverage. The analysis checks that no path-positive row is result-negative
before computing P(path | result). It uses the judge’s sufficiency label directly. Tr requires
the complete history plus ordering; Cas requires the new target plus a linked dependency and
trigger. Del and Abs are excluded from this nested result/path comparison because a deleted or
invalidated old value is invalid as a current result. They remain part of the broader task-aware
assessment. Both labels in the nested comparison come from the joint full-context judgment.

G.11. Dependency-validity control

The source-oracle Abs control adds the dependency-validity instruction reproduced below.

Abs source-oracle control: prefix to reader context

<DEPENDENCY_VALIDITY_RULE>
For a current−answer question, a fact explicitly stated to depend on another
fact becomes stale if the context later says that dependency changed. Do not
report that earlier dependent value as the current answer. If no explicit new
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value for the dependent fact is stated after the change, answer exactly: I
don’t have that information.
</DEPENDENCY_VALIDITY_RULE>

In Table 2, Abs uses this condition; Overall therefore combines those task-specific conditions.
“Value-free” means that the added instruction does not disclose the answer value.

G.12. Complete-store task policy

In the complete-store diagnostic, the reader receives the selected evidence followed by a newline
and the policy block below, inside {context} of the standard MEME reader prompt. The phase,
task type, and comma-separated target-entity identifiers are filled from the question specification.
Exactly one branch instruction replaces {task_rule}. The policy’s token count is reserved before
evidence packing within the 5,000-token context budget.

Complete-store readout: policy appended to selected evidence

<MEME_READOUT_POLICY>
Question phase: {phase}.
Task type: {task_type}.
Target entities only: {target_entities}.
Treat the evidence as a chronological state log. Later applicable state updates override earlier values; do not

combine superseded and current values.
{task_rule}
Use only the evidence below. Do not infer a value that the evidence and the stated transition rule do not

support.
</MEME_READOUT_POLICY>

The wording “evidence below” is reproduced exactly as presented to the reader, although the
policy follows the evidence. The branch rules are selected in the following order, with the first
matching condition used:

Complete-store policy: before-phase Cas or Abs

Before−phase rule: the upstream change has not happened yet. Any conditional replacement is hypothetical
and must not be activated; return the current pre−change target value.

Complete-store policy: after-phase Cas

Cascade rule: find the stated dependency between the target and its upstream entity, then apply it when the
later upstream change occurs. Return only the resulting current target value.

Complete-store policy: after-phase Abs

Absence rule: the upstream entity changed but no replacement target value was declared. State that the
current target is uncertain; a previous value may be identified only as previous, never as current.

Complete-store policy: after-phase Del

Deletion rule: a request to remove the target makes it unavailable as current memory. Say that it was
explicitly removed and do not reveal the deleted value.
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Complete-store policy: Tr (either phase)

Tracking rule: list every target value in chronological order, earliest to latest, without adding unrelated items.

Complete-store policy: Agg (either phase)

Aggregation rule: return one value for every listed target entity and exclude facts belonging to other entities.

Complete-store policy: ER (either phase)

Exact−recall rule: reproduce the target value verbatim, preserving its wording and order.

Complete-store policy: fallback (including before-phase Del)

Return the latest phase−visible value for the target entity.

The raw-evidence control uses the same policy. Its information scope and distinction from the
source oracle are defined in Appendix C.5.
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