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Abstract

Long-lived language-model assistants must decide what to store, which fact version to retrieve, when old evidence
remains relevant, and when to reject an unsupported premise. This study evaluates CG-TRF, a confidence-gated temporal
retrieval and forgetting policy, on the final ten-conversation LoCoMo benchmark: 272 sessions, 5,882 turns, 2,541 atomic
observations, and 1,986 multi-hop, temporal, open-domain, single-hop, or adversarial questions. A fixed CPU-only
extractive probe compared full history, a 120-turn window, session summaries, word TF-IDF, word-character hybrid
memory, temporal-decay retrieval, and CG-TRF. CG-TRF combined confidence-gated writes, temporal and speaker
alignment, revision links, 70% retention, diverse top-five retrieval, and confidence-based premise rejection. On 1,540
answer-bearing questions, it attained 0.1375 normalized token F1 and 0.0227 exact match, versus 0.1364 and 0.0175 for
unrestricted hybrid memory. That F1 difference was not statistically supported, although CG-TRF stored 30% fewer
records. It rejected 50.22% of 446 adversarial questions and reduced tempting-answer overlap to 0.0381; nonselective
baselines rejected 0%. Its primary-budget Recall@5 was 0.4275 versus 0.5047 for hybrid memory,; without retention,
Recall@5 reached 0.5163 and F1 reached 0.1463. Confidence and attribution improved memory-layer safeguards, but
forgetting caused the principal retrieval loss.

Keywords: Large Language Models, Long-Term Conversational Memory, Multi-Session Dialogue, Temporal Retrieval,
Retrieval-Augmented Generation, Selective Prediction, Memory Revision, Locomo.

Abstrak

Asisten berbasis model bahasa jangka panjang harus memutuskan informasi apa yang akan disimpan, versi fakta mana
yang akan diambil, kapan bukti lama masih relevan, dan kapan harus menolak premis yang tidak didukung. Studi ini
mengevaluasi CG-TRF—sebuah kebijakan pengambilan dan pelupaan temporal dengan mekanisme *confidence-gated*
(penyaringan berbasis tingkat keyakinan)—pada tolok ukur LoCoMo, yang mencakup sepuluh percakapan panjang: 272
sesi, 5.882 giliran bicara (*turns*), 2.541 observasi atomik, dan 1.986 pertanyaan yang mencakup kategori *multi-hop*,
temporal, domain terbuka, *single-hop*, maupun adversarial. Mekanisme *probe* ekstraktif berbasis CPU digunakan
untuk membandingkan berbagai metode: riwayat lengkap, jendela 120 giliran bicara, ringkasan sesi, TF-IDF kata, memori
hibrida kata-karakter, pengambilan dengan peluruhan temporal, dan CG-TRF. CG-TRF menggabungkan penulisan
dengan penyaringan keyakinan (*confidence-gated writing*), penyelarasan temporal dan pembicara, penautan revisi,
retensi 70%, pengambilan lima hasil teratas yang beragam, serta penolakan premis berbasis keyakinan. Untuk 1.540
pertanyaan yang dapat dijawab, metode ini mencapai skor F1 token ternormalisasi sebesar 0,1375 dan skor kecocokan
eksak (*exact match*) sebesar 0,0227, dibandingkan dengan 0,1364 dan 0,0175 untuk memori hibrida tanpa batasan.
Perbedaan skor F1 tersebut tidak signifikan secara statistik, meskipun CG-TRF menyimpan catatan 30% lebih sedikit.
Metode ini menolak 50,22% dari 446 pertanyaan adversarial dan mengurangi tingkat tumpang tindih jawaban yang
menjebak (*tempting-answer overlap*) menjadi 0,0381, sedangkan metode dasar non-selektif menolak 0%. Nilai
Recall@5 dengan anggaran utama adalah 0,4275, dibandingkan dengan 0,5047 untuk memori hibrida. Tanpa retensi,
Recall@5 mencapai 0,5163 dan F1 mencapai 0,1463. Mekanisme keyakinan dan atribusi meningkatkan perlindungan
lapisan memori; namun, proses pelupaan merupakan penyebab utama penurunan kinerja pengambilan informasi.

Kata Kunci: Model Bahasa Besar, Memori Percakapan Jangka Panjang, Dialog Multi-sesi, Pengambilan Temporal,
Retrieval-Augmented Generation, Prediksi Selektif, Revisi Memori, LoCoMo.

A. INTRODUCTION An assistant operating across months must preserve
commitments, retrieve cross-session evidence, reconcile
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updates, and reject wrong-person premises. LoCoMo tests
these demands in ten long, human-refined agent
conversations with QA, evidence identifiers, generated
observations and summaries, and annotated events [1], [2].
It covers factual, multi-session, temporal, commonsense,
and adversarial questions; tested long-context and retrieval
systems remained below human performance, especially on
time [1].

Persistent memory is not nominal context length.
LongMemEval evaluates extraction, temporal reasoning,
updating, and abstention [3]; Multi-Session Chat benefits
from retrieved utterances and summaries [4]; LongBench
treats long context as multitask [5]; and relevant material
can remain underused inside the window [6]. Full
transcripts are therefore availability mechanisms, not
complete memory policies.

Architectures separate memory functions. MemGPT
frames context as virtual memory [7]; MemoryBank
combines storage, update, recall, and forgetting [8];
LongMem decouples retrieval [9]; generative agents rank
relevance, recency, and importance [10]; and reflective or
segmented memories vary granularity [11], [12]. One
answer score can conceal failures in admission,
representation, retrieval, or retirement.

RAG connects external memory to an LLM [13]. BM25
remains a lexical reference [14], while Sentence-BERT,
dense passage retrieval, and ColBERT add learned
semantic or late-interaction scoring [15]-[17], and
reciprocal-rank fusion combines rankings [18]. Recurrent
and nearest-neighbor memories extend dependencies
beyond fixed segments [19], [20]. This study uses CPU-
reproducible word and character TF-IDF to isolate policy
effects.

Time changes relevance. Temporal commonsense [21],
time-conditioned QA [22], streaming evidence [23], and
temporal knowledge-graph QA [24] all expose this
difficulty. Historical questions require old evidence,
whereas current-state questions should demote superseded
values; temporal graph memory can preserve both views
[25].

Answer policy also needs uncertainty. Calibration relates
confidence to correctness [26], selective prediction
declines low-confidence cases [27], and conformal
methods provide coverage under stated assumptions [28].
CG-TRF instead wuses a transparent retrieval-and-
attribution gate and makes no neural-calibration or
distribution-free guarantee.

Applied systems reinforce modularity. TimeRAG-Memory
gates writes and supports recency-aware overwrite, decay,
and deletion [29]; privacy-aware topic preferences provide
compact routing signals [30]; and retrieved behavior or
sessions support recommendation and counseling [31],
[32]. Review-grounded recommendation tests textual
support [33], while strategy-controlled emotional support
retrieves human responses [34].

Retrieval coverage alone does not establish answer support.
Word-level attribution [35], deterministic evidence chains
[36], evidence-calibrated abstention [37], and budgeted
multi-hop retrieval [38] motivate separate provenance,
refusal, and context-cost measures. Harmful-behavior
refusal [39], evidence cards [40], self-verification [41],
data-integrity oversight [42], and multilingual trust-
calibrated RAG [43] broaden deployment evaluation. CG-
TRF addresses only wrong-person premises—not
jailbreaks, toxicity, prompt injection, or multilingual
safety.

The question is whether a lightweight policy can reduce
context and false attribution without hiding retrieval loss.
Unlike  TimeRAG-Memory's  end-to-end  dialogue
evaluation [29], we audit all LoCoMo-10 questions with
one fixed probe, speaker-specific adversarial tests,
clustered inference, and a storage frontier. CG-TRF scores
official observations, links value changes, protects current
linked records, and combines lexical, character, temporal,
speaker, and diversity signals. Contributions are the
normalized audit; seven-condition answer, evidence,
attribution, cost, and latency evaluation; a 25%—100%
forgetting frontier; distance and component analyses; and
conversation-clustered inference..

CG-TRF memory lifecycle

4

Priority-based Hybrid retrieval and
ssssssssssssssssssssss retention budget confidence gate

¥

Figure 1 CG-TRF Memory Lifecycle. Chronological Sessions
Are Converted To Atomic Candidate Records, Screened For
Informativeness, Linked Across Time, Retained Under A
Budget, And Retrieved Subject To An Answer-Confidence Gate

B. METODE

Dataset, Scope, And Audit

The complete locomol0.txt contained 10 conversations
(January 2022-January 2024), 272 list-valued sessions,
5,882 turns, 133,772 whitespace words, 272 generated
summaries, 2,541 generated observations, 669 annotated
events, and 1,986 QA records. Sixteen orphan timestamp
keys were excluded. Turn text included available BLIP
captions; unavailable image binaries and metadata were
excluded. Annotated events were never retrieval input,
preserving the release's generated-memory versus
annotated-evaluation distinction [1], [2].

Table 1 Locomo-10 Composition By Conversation

Conversatio | Sess | Turn | Obs | Summar Q Study
token
n s y sent. A s

conv-26 19 419 184 208 199 15042

conv-30 19 369 169 126 150 11548

conv-41 32 663 324 226 139 22509
26

conv-42 29 629 266 197 0 18646
24

conv-43 29 680 267 184 5 22283
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Conversatio | Sess | Turn | Obs | Summar Q Sy
token
n s y sent. A s

conv-44 28 675 277 194 185 21437

conv-47 31 689 268 208 109 20373
23

conv-48 30 681 291 203 9 18872

conv-49 25 509 240 161 169 16337
20

conv-50 30 568 255 214 4 20812

Categories 14 supplied 1,540 answer-bearing items; four
without evidence remained in QA but not the 1,536-item
evidence denominator. Category 5 supplied 446 premise
challenges: 444 had a tempting adversarial answer, and
two answered “No.” Primary rejection included all 446; a
field-faithful variant was a sensitivity check.

Nine malformed evidence fields were normalized by
splitting compounds, repairing delimiters or leading
characters, deduplicating, and replacing two nonexistent
identifiers after unambiguous localization
(D10:19—D20:15; D4:36—D13:3). The same validated
parser flattened fifteen multi-source observations. Primary
results retained eleven duplicate questions and one label
conflict; a 1,974-item sensitivity set removed them. Official
temporal answers remained primary, with two literal-
weekday corrections tested separately.

Table 2 Evaluation Sets And Audit Treatment

Audit item Count Treatment
. Retained in prima
Official QA records 1986 P Ty
evaluation
Answer-bearin
. g 1540 QA F1 and exact match
categories 1-4
Evidence-bearin; . .
g 1536 Retrieval metrics
answer QA
. . Premise-rejection
Adversarial questions 446 )
evaluation
Strict . o .
. . . 428 Paired attribution analysis
positive/adversarial pairs
Formatting-anomalous 9 Deterministically
evidence fields normalized
. . Retained primary;
Duplicate or ambiguous p 1y
12 removed in clean
rows .
sensitivity
LoCoMo-10 question composition
841
800
700
_é 600
3 500 446
E 400
& 321
£ 300 282
2
200
100 .
. .
W\“mop Te‘“vo‘a\ ew“°mam qu\emcv Niue“’“‘\a\

Figure 2 Distribution Of The 1,986 Locomo Questions Across
Reasoning Categories

Memory Representations And Comparison Conditions

Every method received the same questions and chronology;
none saw gold answers, labels, evidence, or adversarial
answers. Word TF-IDF used lowercase alphanumeric 1-2-
grams, fixed stop words, sublinear frequency, and L2
normalization; character TF-IDF used boundary-aware 3—
S-grams. A fixed regex counted study-context tokens, not
billable API tokens.

Full history scanned all raw turns and charged the entire
history; a window scanned the latest 120 turns. Summary
memory retrieved five sentences by word-character score
and used coarse session-level evidence matching. Vector
memory indexed released observations with word TF-IDF;
hybrid used 72% word and 28% character cosine; temporal-
decay RAG added 16% exponential session recency. These
RAG baselines [13] are simpler than learned retrievers
[15]-[17]. CG-TRF used the same 2,541 generated,
speaker-explicit observations [2], retaining 70% per
conversation. Raw-turn comparisons mix representation
and policy; observation-based conditions isolate policy
effects.

Applied retrieval studies likewise separate stages: private-
runbook QA [44], code retrieval plus summaries [45],
FiQA reranking [46], and retrieval-quality prediction [47]
distinguish retrieval from final response quality. Rank-
aggregation theory supplies broader fusion context [48].
These are methodological analogues, not evidence about
conversational memory.

Table 3 Memory Methods, Representations, Access Policies,

And Primary Context Behavior
Memory Active .
Method unit store Query policy
.Full Raw turns Al turns Lex1.ca1 scan; full
history history cost
S!ldmg Raw turns Last 120 Lexical scan
window turns
Session Summary All Word + character
summaries sentences summaries TF-IDF
Vector | Observation |y g, Word TF-IDF
memory facts
o 1 0, 0,
Hybrid Observation Al facts 72% word + 28%
vector facts character
Temporal- Observation Word score +
decay facts All facts recenc
RAG Y
Observation 70% Hybrid + time +
CG-TRF priority speaker + MMR +
facts .
budget reject

Confidence-Gated Writes And Selective Forgetting
Without QA labels, write confidence weighted length
saturation, explicit speaker, date/number, action verbs, and
novelty by 0.30/0.20/0.20/0.15/0.15. Novelty was one
minus maximum prior same-speaker word-TF-IDF cosine;
scores >0.38 were cligible, with fallback to all records if
required by the budget.

Retention priority used 52% write confidence, 23%
novelty, 15% normalized recency, plus 0.25 for the latest
revision-chain record. Per-conversation targets were 70%
primarily and 25%, 40%, 55%, 85%, or 100% in sensitivity
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tests. Record-count budgets need not shrink the five
returned records' token total.

This is active-store eviction, not deletion compliance:
LoCoMo lacks deletion requests or authoritative erasure. It
follows importance/recency retention [8], [10] and explicit
tiers [7], but—unlike user-requested deletion [29] or
private preference aggregation [30]—claims neither
cryptographic erasure nor differential privacy.

Temporal Retrieval And Conflict-Linked Records

Retrieval combined word and character cosine. If a
question named one participant, that person's records
gained 0.105 and the other's lost 0.135. Temporal weight
was <0.16: explicit dates used 60-day exponential
proximity; current-state cues used session recency; other
cues rewarded temporal expressions without globally
penalizing old evidence.

Revision proxies linked same-speaker, cross-session
records at word-TF-IDF similarity >0.34 when dates,
numbers, statuses, or negation differed. The newest link
was active; older links lost 0.16 only for current-state
questions, while historical questions retained access. This
detects near-duplicate value change, not annotated
contradiction, following the active/history distinction [25].
Top-five maximal marginal relevance reranked forty
candidates with 86% relevance and 14% diversity.

Adjacent systems illustrate why structured evidence
channels matter: accounting-aware retrieval routes
evidence types [49], multi-source incident analysis
separates attribution streams [50], and narrative-aware
claim verification studies auxiliary ranking cues [51]. They
motivate, but do not validate, CG-TRF's time and speaker
features.

Answer Extraction And Confidence-Based Rejection

A fixed probe chose the clause with greatest content-word
overlap, resolved relative dates, and applied question-type
extraction for counts, people, places, causes, instruments,
and polarity; otherwise it removed a leading
subject/reporting verb and returned <24 words. It tests
access to answer-bearing language, not foundation-model
generation.

Only CG-TRF abstained for absent records, weak top
score/margin, or wrong-speaker evidence. If the
unconstrained lexical winner exceeded the named person's
best record by >0.08, it returned “I don't know.” This
implements selective risk [27] without calibration [26] or
conformal-coverage [28] claims. It is evidence-sufficiency
abstention [37], not harmful-behavior filtering [39].
Retrieval-grounded log narratives [52], prototype
explanations [53], regulation retrieval [54], and command-
safety evaluation [55] provide cross-domain examples of
separating evidence, explanation, and action policy.

Other domains operationalize rejection and uncertainty
with risk—coverage analysis [56], calibrated/conformal
governance [57], cross-dataset selective refusal [58], and
calibration-aware late fusion [59]. They support separate

evaluation of ranking, calibration, and review—not
portability of their thresholds to LoCoMo.

Metrics And Statistical Analysis

Normalized F1 lowercased and removed
punctuation/articles before token precision/recall; exact
match used the same normalization. Evidence metrics were
Recall@5, Hit@5, complete-set All-Evidence@5, MRR,
and nDCG@5. Summaries used session-level evidence;
others used turns. Safety metrics were category-5
abstention and overlap with the tempting answer (lower is
safer).

Fixed cues defined current-state cases. Conflict revision
required the latest gold session to outrank an earlier non-
gold candidate; stale citation meant an older non-gold top
record. Only 22 cases per method qualified. Strict
attribution paired 428 adversarial items with answerable
items sharing evidence and the tempting/gold answer;
success required positive evidence plus adversarial
rejection, with an extractive variant also requiring nonzero
positive F1.

With seed 20260804, paired uncertainty used 10,000
conversation-cluster bootstrap resamples across ten
conversations. Exact two-sided sign-flip tests enumerated
1,024 assignments with within-metric Holm adjustment.
Post-index CPU wall time is implementation-specific
because scan volumes differ.

C. RESULTS AND DISCUSSION

Overall Answer Recovery And Evidence Retrieval
CG-TRF's primary-budget F1 was 0.1375, versus 0.1364
for hybrid and 0.1282 for vector memory; exact match was
0.0227. Its hybrid F1 difference was 0.0022 (clustered 95%
interval, -0.0091-0.0151; adjusted p 0.7539), an
empirical tie. Versus full history, the gain was 0.0363
(0.0209-0.0517; adjusted p = 0.0234), favoring atomic
controlled retrieval for this probe.

Table 4 Overall Answer, Retrieval, Safety, And Context Results.
Scores Are Proportions

Wro
Adv ng-
Ev. Ctx.
Metho QA EM R@ All - answ token
d F1 ev. reje er
5 S
ct overl
ap
Full 0.10 0.02 0.45 0.41 0.00 0.085 19,12
history 11 60 54 86 00 5 6.10
Sviliiglf 0.04 | 0.01 | 0.11 | 0.10 | 0.00 | 0.042 | 3,786.
W 49 23 96 74 00 2 11
Sessio
n 0.07 0.01 0.70 0.64 0.00 0.090 3,369.
summa 89 17 23 45 00 4 06
ries
Vector
0.12 0.01 0.46 0.42 0.00 0.141 79.29
me;“"r 82 62 70 | 45 00 4 :
Hybrid
vector 0.13 0.01 0.50 0.45 0.00 0.148 3234
memor 64 75 47 77 00 5 ’
y
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Wro
Adv ng-
Ev. Ctx.
Metho QA EM R@ All - answ | en
d F1 ev. reje er
5 S
ct overl
ap
Tempo
ral- 0.12 | 0.0l | 045 | 041 | 0.00 | 0.137 82.91
decay 20 49 18 02 00 2 '
RAG
CG- 0.13 | 0.02 | 042 | 038 | 0.50 | 0.038 3815
TRF 75 27 75 15 22 1 )
End-to-end answer and evidence performance
1.0
Metric
= QAF1
08 Evidence Recall@5
0.6
o = Fr §F  f R
oY ot o« o o & <of
w““\% 5\'\6‘(\(3‘4\(\& \o“s“ \‘e&" e \,e&" BN o(a’de@\,vd‘ o
e \M“(\G <

Gambar 1 QA F1 And Evidence Recall@5 For All Seven
Memory Conditions

At 70% retention, CG-TRF Recall@5 was 0.4275, below
full history (0.4554), vector (0.4670), and hybrid (0.5047);
All-Evidence@5 was 0.3815. Summaries reached
0.7023/0.6445, but session-level matching does not prove
detail preservation. At 100%, CG-TRF reached
0.5163/0.4661, slightly above hybrid; eviction, not its full-
store ranking, caused the main recall loss.

Summary memory led coarse recall in every category.
Among turn-linked observations, hybrid led multi-
hop/single-hop/temporal recall (0.2362/0.5777/0.6285)
versus CG-TRF  (0.1972/0.4909/0.5350). CG-TRF
nevertheless had slightly higher multi-hop F1 (0.0980 vs.
0.0953) and temporal F1 of 0.1521, between full history
(0.1618) and hybrid (0.1189). Open-domain extraction
remained weak.

Table 5 Evidence Recall@5 By Memory Method And Question

Category
Multi- Open- Single-
Method hop domain hop Temporal
CG-TRF 0.1972 | 0.1783 | 0.4909 0.5350
Full history | 0.1587 | 0.2328 | 0.5349 0.5714
Hybrid
vector 02362 | 02292 | 05777 0.6285
memory
Session 0.4393 | 04540 | 0.7818 0.7965
summaries
Sliding 0.0421 | 0.0480 | 0.1427 0.1480
window
Temporal-
doeay RAG | 01946 | 0.1785 | 05135 0.5942
Vector 0.2067 | 0.1728 | 0.5349 0.6020
memory

Table 6 Normalized Token F1 By Memory Method And
Answer-Bearing Category

Method Multi- Open'- Single- Temporal
hop domain hop
CG-TRF 0.0980 | 0.0812 | 0.1516 0.1521
Full history | 0.0499 | 0.0972 | 0.0956 0.1618
Hybrid
vector 0.0953 | 0.0761 | 0.1638 0.1189
memory
Session 0.0662 | 0.1151 | 0.0921 0.0445
summaries
Sliding 0.0362 | 0.1118 | 0.0396 0.0465
window
Temporal-
dooay RAG | 00903 | 00728 | 0.1490 0.0939
Vector 0.0933 | 0.0739 | 0.1553 0.1042
memory

Attribution Conflict, Current-State Diagnostics, And
Abstention

Nonselective baselines abstained 0%. CG-TRF rejected
0.5022 of 446 adversarial items and reduced tempting-
answer overlap to 0.0381, versus 0.1485 hybrid, 0.1414
vector, and 0.0855 full history. Removing the speaker gate
cut abstention to 0.0202 with nearly unchanged F1. On 428
strict positive/adversarial pairs, evidence-attribution and
extractive-pair success were 0.2991 and 0.3458; always-
answer baselines scored zero under paired rejection.

Evidence retrieval by reasoning category
1.0

CG-TRF 0.197 0.178

Full history 0.159 0.571 0.233

Hybrid vector memory 0.236 0.629 0.229 0.578

Session summaries 0.439 0.796 0.454 0.782

Sliding window 0.042 0.148 0.048 0.143

Evidence Recall@5

Temporal-decay RAG 0.195 0.594 0.179

Vector memory 0.207 0.602 0.173

-0.0

Multi-hop Temporal Open-domain Single-hop

Figure 3 Evidence Recall@5 By Reasoning Category

Attribution and
abstention

Nonselective baselines abstained 0%. CG-TRF rejected
0.5022 of 446 adversarial items and reduced tempting-
answer overlap to 0.0381, versus 0.1485 hybrid, 0.1414
vector, and 0.0855 full history. Removing the speaker gate
cut abstention to 0.0202 with nearly unchanged F1. On 428
strict positive/adversarial pairs, evidence-attribution and
extractive-pair success were 0.2991 and 0.3458; always-
answer baselines scored zero under paired rejection.

conflict, current-state diagnostics,

Table 7 Adversarial Rejection And Current-State Retrieval

Diagnostics
Adv. Wrong- Current- Stale top
Method . answer . .
reject state hit citation
overlap
Full history | 0.0000 0.0855 0.2727 0.2273
Sliding 0.0000 0.0422 0.0909 0.0909
window
Session 0.0000 0.0904 0.4545 0.2727
summaries
Vector 0.0000 0.1414 0.4545 0.3636
memory
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Adv. Wrong- Current- Stale top
Method . answer . e
reject state hit citation
overlap
Hybrid
vector 0.0000 0.1485 0.5000 0.3636
memory
Temporal-
decay RAG 0.0000 0.1372 0.4545 0.1818
CG-TRF 0.5022 0.0381 0.5000 0.1818

Half remained unrejected, and speaker mismatch is
benchmark-specific because one person may describe
another. The rule is an attribution safeguard, not universal
answerability. Evolving jailbreak defenses address a
different attack-distribution problem [60]; numerical
consistency validators likewise check properties beyond
retrieval support [61].

On the small current-state subset, CG-TRF's revision/stale-
citation rates were 0.5000/0.1818. Hybrid was
0.5000/0.3636; temporal-decay RAG also had 0.1818
staleness. Removing the revision penalty changed no
displayed aggregate score because chains were sparse.
These are version-link diagnostics, not validated
contradiction resolution.

Selective Forgetting And Long-Range Robustness

The retention curve was monotonic: F1/Recall@5 rose
from 0.0957/0.2071 at 25% through 0.1375/0.4275 at 70%
to 0.1463/0.5163 at 100%. The final 30 storage points
added 0.0088 F1 and 0.0888 recall; evidence suffers more
because partial answer words can survive missing multi-
evidence members.

Table 8 CG-TRF Performance Under Six Record-Retention

compact retrievers worsened with evidence distance,
especially the window. CG-TRF avoided global recency
decay but evicted facts without future-query knowledge, so
write gates need durable-utility signals beyond surface
informativeness [3].

Long-range retrieval robustness

CG-TRF 0.436 0.317

Full history 0.421 0.474 0.466 0.461

Hybrid vector memory

T T J
° o =
> Y o

Session summaries 0.651 0.749 0.710 0.707

0
°
=

sliding window 0.018 0.000 0.000

Evidence Recall@5

Temporal-decay RAG 0.451 0.382

|
°
o

Vector memory 0.451 0.460 0.473

-0.0

0-4 sessions 5-9 sessions 10-17 sessions

Distance from final session

Figure S Evidence Recall@5 By Distance Between Gold
Evidence And The Final Conversation Session

18+ sessions.

Component Contributions, Efficiency, And Selective
Risk

Without temporal scoring, F1 fell from 0.1375 to 0.1288
while Recall@5 rose from 0.4275 to 0.4316: time aided
answer selection but sometimes displaced literal evidence,
paralleling auxiliary-cue tradeoffs in claim verification
[51]. Word-only retrieval reduced Fl/recall to
0.1310/0.3983. Removing speaker ranking lowered MRR
from 0.3943 to 0.3746; disabling speaker rejection
collapsed abstention. Revision had no displayed effect;
removing forgetting improved Fl/recall and enlarged the
mean index from 181.48 to 258.79.

Table 9 CG-TRF Component Ablation And Unrestricted-

Budgets Memory Sensitivity
Record QA Ev. Active Ctx. Active
budget Fl1 R@5 UG records tokens Variant QA Ey. MRR A'dv. Stale record
25% | 0.0957 | 02071 | 0.1810 | 64.95 94.94 e reject | top s
40% | 0.1146 | 0.2976 | 0.2617 | 103.88 91.53 FullCG- | 0.137 | 0.427 | 0394 | 0502 | 0.181 | 181.4
55% | 0.1287 | 0.3710 | 0.3307 | 142.91 88.58 TRF 5 5 3 2 8 8
70% | 0.1375 | 0.4275 | 0.3815 | 181.48 88.15 Without
85% | 0.1414 | 0.4808 | 0.4342 | 220.40 86.64 temporal | 228 0'231 0'3294 0'5202 0. 281 1881 4
100% | 0.1463 | 0.5163 | 0.4661 | 258.79 83.62 scoring
W“hl‘()“t 0.137 | 0417 | 0374 | 0020 | 0.181 | 181.4
Selective-forgetting budget sensitivity Speaker 6 0 6 2 8 8
10 gate
N gﬁ:’;‘; 0.137 | 0427 | 0394 | 0502 | 0.181 | 181.4
5 5 3 2 8 8
penalty
L Wolrd' 0.131 | 0398 | 0369 | 0502 | 0.181 | 181.4
g ony 0 3 1 2 8 8
oa retrieval
Without
forgettin | 0.146 | 0.516 | 0462 | 0500 | 0.227 | 2587
0.2
—e— Evid Re @5 g 3 3 1 0 3 9
Q\: Felnce ecall@ (100%)

0.0

30 40 50 60 70

Observation records retained (%)

Figure 4 QA F1 And Evidence Recall@5 As A Function Of The
Retained-Record Budget

80 90 100

Context was nonmonotonic: 25% retention averaged 94.94
tokens versus 83.62 at 100%, because priority favored
denser records and retrieval returned five units. Record
budgets shrink the index, not necessarily prompts. All
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Figure 6 Effects Of Temporal, Speaker, Revision, Lexical, And
Forgetting Components

Full history exposed 19,126.10 study tokens per answer-
bearing question, versus 79.29-88.15 for compact top-five
methods (>99.5% less). CG-TRF median/p95 latency was
6.71/22.51 ms versus hybrid's 1.19/9.29 ms. Million-record
stores would need approximate, batched, or cost-aware
routing [62]; dense or late-interaction retrieval [16]-[18]
would add dependencies.

Table 10 Active Records, Returned-Context Tokens, And

Measured Query Latency
Method Ctx. Median P95 ms Active
tokens ms records
Full history | 19,126.10 | 5.6498 | 20.3974 | 601.28
Sliding 3,786.11 | 04840 | 8.4838 120.00
window
Session 3,369.06 | 1.7142 | 9.6214 195.31
summaries
Vector 79.29 0.4745 | 4.6729 | 258.79
memory
Hybrid vector 82.34 1.1870 | 9.2911 | 258.79
memory
Temporal-
douay RAG 82.91 0.0916 | 0.1807 | 258.79
CG-TRF 88.15 6.7131 | 225116 | 181.48

Accuracy-cost frontier
CGTRF
Hybrid vector memory
Vector memory

0.12 Temporal-decay RAG

Full history
L]

QAF1

0.08
Session summaries

0.06
sliding window

10° 10*

Mean retrieved context tokens (log scale)

Figure 7 QA F1 Versus Mean Returned-Context Tokens On A
Logarithmic X-Axis

F1 declined from the highest-confidence decile toward full
coverage. This shows ordering, not calibrated probability:
deployment needs independent conversations and a stable
target [26], and ten groups cannot justify strong conformal
claims [28]. Evidence-calibrated QA [37], multilingual
RAG [43], and trajectory-level reliability routing [63]
reinforce separate answerability, calibration, and group-
split evaluation.

—
o
<
o
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Figure 8 QA F1 As Answer Coverage Increases From 10% To 100%
Under CG-TRF Confidence Ranking
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Statistical And
Limitations

Clustered inference qualified small differences. F1 gains
over summaries, window, and full history excluded zero
(adjusted p = 0.0117, 0.0117, 0.0234); differences from
hybrid and vector were unsupported. Recall was worse than
hybrid and summaries but better than the window,

confirming stage-specific metrics.

Interpretation, Data Sensitivity,

Table 11 Selected Conversation-Clustered Differences Between
CG-TRF And Baselines

Metric Comparison | Difference ;:51 ;: t(e:li H(:m
vs. Full [0.0209,
qa fl history 0.0363 0.0517] 0.0234
vs. Hybrid
qa fl vector 0.0022 [(-)00(1(2915’ 0.7539
memory )
vs.
qa fl Temporal- 0.0154 [(;)'(;)20558]’ 0.1582
decay RAG )
evidence vs. Full [-0.0578,
recall history -0.0270 -0.0011] 0.1113
. vs. Hybrid
evidence [-0.0916,
recall vector -0.0761 20.0607] 0.0117
memory
evidence vs. Sliding [0.2737,
recall window 0.3057 0.3347] 0.0117

Removing eleven duplicates and one label conflict changed
no qualitative ranking; two weekday corrections barely
changed temporal F1. Still, LoCoMo uses human-refined
agent conversations [1] and pre-generated memories [2], so
names, repetition, and artifact structure may matter.
Chronological drift requires revalidation under changing
regimes [64], while held-out-user transfer should be tested
rather than assumed [65].

The fixed probe isolates retrieval but underestimates
inference and cannot measure hallucination. Summary
evidence is coarse; conflict chains are proxies; the current-
state subset is small; ten conversations limit power; and
latency is implementation-specific. Eviction supplies
neither secure deletion, consent, correction, nor privacy.

Future grouped studies should cross-fit write and
answerability gates, test correction/deletion, and equalize
token budgets. Generators should preserve retrieval,
attribution, and hallucination metrics [35], [36] and expose
multi-hop cost [38]. Review interfaces could combine
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existing evidence-card patterns [40], [42] with linked
counseling recommendations [66], trust-calibrated product
cards [67], accounting evidence cards [68], incident cards
[69], and text-grounded rationale cards [70]. These adjacent
designs motivate visible sources, confidence, risk, and
human override—not their domain-specific conclusions.
Operational analogues separate conformal alert thresholds
from evidence tickets [71], preserve provenance in incident
triage [72], and localize forensic narratives to detected
windows [73]. Recurrent, lookup, temporal, and segmented
memories remain complementary [11], [12], [19]-[24].

D. CONCLUSIONS

Across 1,986 questions, seven conditions, six budgets,
ablations, distance strata, adversarial pairs, and clustered
uncertainty, CG-TRF returned about 88 study tokens
instead of 19,126. It matched hybrid-memory F1 while
storing 30% fewer observations and rejected about half of
Wrong-person premises.

That saving was not free: 70%-budget Recall@5 was
0.4275 versus hybrid's 0.5047; full retention raised CG-
TRF to 0.5163 recall and 0.1463 F1. Revision effects were
inconclusive. Assistants should preserve source/time
metadata, gate attribution conflicts, retain historical
versions, and measure eviction loss; source-grounded
incident summaries offer a parallel provenance pattern
[72]. Confidence should govern answering without
concealing forgotten evidence.
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