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Abstract

Long-term memory for LLM agents must
answer two questions for every stored fact:
whether the fact is still true and whether it
should be surfaced for a given query. We refer
to these two dimensions as validity and visi-
bility, respectively. Existing memory systems
often collapse these two decisions into a sin-
gle scalar score. However, current and histor-
ical queries may require opposite retrieval de-
cisions for the same fact: a superseded fact
should be hidden for a current-intent query
but surfaced for a historical-intent one. This
creates a structural failure mode: superseded
and expired facts are collapsed onto the same
validity axis. To address this problem, we
propose MEMFSM, a training-free retrieval-
side layer that separates validity from visibil-
ity through a memory-lifecycle finite-state ma-
chine. Along the validity axis, a four-state FSM
tracks whether each fact has been superseded
and expired. Along the visibility axis, an intent-
aware router decides whether to surface or hide
a fact based on its state and the query intent. By
decoupling visibility from validity, MEMFSM
improves performance across heterogeneous
memory benchmarks and diverse LLM back-
bones. To evaluate memory systems under fact
conflicts and diverse query intents, we further
introduce VALIDMEM, a benchmark that anno-
tates each fact with both supersedure and expiry
labels and pairs each memory store with both
current-intent and historical-intent queries.

1 Introduction

Large language model (LLM) agents (Park et al.,
2023) are increasingly deployed as long-horizon
assistants that interact with users across many ses-
sions, where their usefulness depends less on any
single response than on long-term memory. Two
demands make this hard. First, the world keeps
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Figure 1: Why a single ‘“how valid is this memory”

score cannot serve both queries. Four memory states:
A = ACTIVE (still true and timely); S = SUPERSEDED
(replaced, historically valid); E = EXPIRED (time-stale,
noise to any query); R = ARCHIVED (both replaced
and expired). A CURRENT query should see only {A};
a HISTORICAL query should see {A, S, R} but not { E}.
No single score with a threshold can include R for histor-
ical queries while excluding E': both have “low validity,”
yet only one should be visible (Proposition 1).

changing as jobs change, plans expire, and opin-
ions update, so stored facts can become outdated.
Second, a single memory store must serve queries
with different temporal intents, such as “what is
true now?” versus “what was true before?”.

Meeting both demands requires deciding
whether each fact is still true, which we call its
validity, and whether it should be surfaced for the
current query, which we call its visibility. Existing
systems answer both with a single retrieval signal,
whether it is the paging budget in paged-context ap-
proaches (Packer et al., 2023), the decay weight in
memory-decay approaches (Zhong et al., 2024), the
edge timestamp in knowledge-graph approaches
(Rasmussen et al., 2025; Kynoch et al., 2023), or,
in LLM-rewrite approaches (Chhikara et al., 2025;
Xu et al., 2026), whether the old fact has already
been overwritten at write time. Collapsing these
two dimensions into a single retrieval signal forces
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a hide-or-expose tradeoff: a superseded fact is ei-
ther treated as stale and lost to historical queries or
retained and allowed to pollute current ones.

This is not an implementation detail but a struc-
tural limitation of single-score retrieval. If we score
each fact with a single number and keep everything
above a threshold, superseded and expired facts
end up on the same side of any threshold we pick—
yet historical queries need the former to be visible
and the latter to stay hidden. We formalize this gap
in Proposition 1 and illustrate it in Figure 1. To
address it, we design MEMFSM, a training-free
retrieval-side layer that tracks event-triggered su-
persedure and time-triggered expiry in a four-state
FSM over ACTIVE, SUPERSEDED, EXPIRED, and
ARCHIVED. A query-conditioned router then lets
CURRENT queries see only ACTIVE facts, while
HISTORICAL queries may also see SUPERSEDED
and ARCHIVED. MEMFSM operates at retrieval
time, so it is independent of context length and
compatible with any LLM backbone.

Existing benchmarks test only one invalidation
type at a time and only under CURRENT intent:
MemoryAgentBench probes event-triggered super-
sedure, FreshQA and LongMemEval probe time-
triggered expiry, and none pairs the same store with
both intents. We introduce VALIDMEM, in which
each fact is annotated along both validity dimen-
sions and each store is queried under both intents,
with credit awarded only when a system succeeds
under both.

Contributions. (i) We formalize agent mem-
ory as a separation between validity and visi-
bility, decomposing validity into event-triggered
supersedure and time-triggered expiry, and show-
ing that no monotone scalar score with thresh-
old routing can implement the required mapping
(Proposition 1; Corollary 1). (ii) We propose
MEMFSM, a training-free retrieval-side layer
that wraps any LLM backbone and retrieval back-
end, achieves state-of-the-art performance on Mem-
oryAgentBench Conflict Resolution, and general-
izes across ten LLM backbones and three retrieval
substrates. (iii) We introduce VALIDMEM, a diag-
nostic benchmark for conflict management and
traceability, pairing current-intent and historical-
intent queries on the same store and awarding credit
only when both succeed.'

'Code and frozen evaluation caches are available at
https://github.com/zhoushuol119-creator/MemFSM;
the VALIDMEM dataset at https://huggingface.co/

2 Related Work

Most long-term memory systems for LLM agents
use a single retrieval signal to decide whether a
memory should be surfaced. Generative Agents
(Park et al., 2023) score each memory by a
weighted sum of recency, importance, and rele-
vance. MemGPT (Packer et al., 2023) pages facts
between a small in-context window and a larger ex-
ternal store via LLM-issued read/write calls. MemO
(Chhikara et al., 2025) and Letta (Packer et al.,
2024) have an LLM rewrite or merge memories
at write time, so older text is overwritten in place.
CoALA (Sumers et al., 2024) and A-MEM (Xu
et al., 2026) organize memory into typed slots or
linked notes, but retrieval within each slot still re-
duces to a single similarity score. MemoryBank
(Zhong et al., 2024) multiplies similarity by an
Ebbinghaus-style time-decay weight that is inde-
pendent of fact content. RecallM (Kynoch et al.,
2023) resolves contradictions by letting the most
recent write overwrite the old one, with no record
of the prior fact. MemoRAG (Qian et al., 2024)
caches retrieved chunks for reuse but does not
track validity. Graphiti (Rasmussen et al., 2025)
attaches a [valid_from, valid_to] interval to
each graph edge and filters edges by the query
timestamp. Despite these differences, prior sys-
tems generally do not treat query-time visibility as
distinct from world-state validity, forcing a tradeoff
between stale leakage and history loss (Table 1).

Memory benchmarks. Existing memory bench-
marks typically isolate a single invalidation type
and evaluate only under CURRENT intent. Mem-
oryAgentBench (Hu et al., 2025) probes event-
triggered supersedure, FreshQA (Vu et al., 2023)
and LongMemEval (Wu et al., 2024) probe time-
triggered expiry, and LoCoMo (Maharana et al.,
2024) grounds long-horizon conversational QA.
None pairs the same memory store with both CUR-
RENT and HISTORICAL queries. As a result, exist-
ing benchmarks cannot diagnose whether a system
jointly handles both invalidation types while rout-
ing correctly across both query intents.

Failure-mode mapping. The systems in Table 1
instantiate three failure modes. RecallM and MemO
overwrite or delete the older fact when a conflict
arises, so supersedure leaves nothing for historical
queries to recover. The stream-plus-retrieval fam-
ily (Park et al., 2023; Packer et al., 2023; Sumers

datasets/ZhoullAlex/ValidMem.
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(Park et al., 2023), MemGPT

(Packer et al., 2023), MemO

(Chhikara et al., 2025),

CoALA (Sumers et al.,

2024), A-MEM (Xu et al.,

2026))

MemoryBank (Zhong et al., scalar decay X X
2024)

RecallM (Kynoch et al., event only
2023)

Graphiti (Rasmussen et al., per-edge time X v
2025)

v’ (stale)

>

MEMFSM (ours) event + time v v

Table 1: Where prior systems sit on the two design axes
of agent memory. Validity: how the system decides
whether a stored fact is still true (none, scalar decay,
event-only, time-only, or both event and time). Visibility
is split into two sub-decisions. Intent-aware: whether
the system separately decides which facts to surface
for the current query, for example hiding superseded
facts on current-intent queries while showing them on
historical-intent queries. History-preserving: whether
old facts remain retrievable after being superseded or ex-
pired; “X”” means overwritten or deleted, “stale” means
kept in the memory store but never marked as outdated
(so the system cannot tell current from historical).

et al., 2024; Xu et al., 2026; Gutiérrez et al., 2025;
Chhikara et al., 2025) tracks no validity at all, and
MemoryBank collapses both validity dimensions
into a single Ebbinghaus decay weight (Prop. 1;
audit in App. F), so neither retires expired facts
correctly. Graphiti tracks per-edge expiry but has
no query-conditioned router, so a single fixed visi-
bility set serves both intents, which is why it scores
only 31.2% on CURRENT queries against 95.0% on
HISTORICAL ones on VALIDMEM Part C (§6.5).

Connections to temporal IR and bitempo-
ral databases. Bitemporal databases (Snodgrass,
1995; Jensen and Snodgrass, 1999) and temporal
IR (Kanhabua and Ngrvag, 2010) have long treated
validity and visibility as separate concerns. Our
contribution is to transpose this distinction to free-
text LLM-agent memory, where plain-text memo-
ries have no explicit validity field and the system
itself must infer when one fact supersedes another.

3 Problem Formulation

A motivating scenario. Consider a customer-
service agent that stores “20% off, ends Day 3" on
Day 1 and later receives “Sale extended to Day 5,
now 30% off” on Day 3, thereby replacing the ear-

lier promotion. By Day 6, the query “Is there a
sale now?” should be answered with no. This
requires recognizing two distinct ways in which
a fact can cease to be true: the Day-1 promotion
was invalidated by a later event, whereas the Day-3
promotion ceased to be valid because its time win-
dow expired. We refer to these as event-triggered
supersedure and time-triggered expiry. However,
a different query may ask about the sequence of
past promotions rather than the present state. For
example, the query “Which promotion replaced the
original 20% offer?” requires preserving the super-
sedure relation between the Day-1 and Day-3 pro-
motions, even though neither is currently valid. The
same memory store therefore needs to decide both
whether a fact is still true (validity) and whether it
should be shown for the current query (visibility).

Validity and visibility are distinct decisions.
Validity depends on whether the fact is still true
at time ¢, which is a property of the fact and the
world state. Visibility determines whether the fact
should be surfaced for query ¢, which is a property
of the fact-query pair. The two are orthogonal: a
fact can be valid but irrelevant to the current query,
or invalid in the present world state but relevant to
a historical one. MEMFSM therefore models valid-
ity per memory at the storage layer and visibility
per memory-query pair at the retrieval layer.

Two orthogonal validity dimensions. Let M
denote the memory store and m; € M a single
memory. We decompose its validity into two inde-
pendent binary signals Vevent, Viime € {0, 1}, with
V=1 meaning m; is still valid along that dimen-
sion. Veyent(m;)=1 when no later memory asserts
a different value for the same attribute, checked at
write time. Vijme(m;, t)=1 when m;’s deadline has
not passed at read-time clock ¢. The two are inde-
pendent: “meeting at 3pm tomorrow” expires with-
out ever being contradicted; “lives in Boston™ is
overwritten without ever having a deadline. Either
dimension alone is insufficient, and so is collapsing
both into a single scalar. For example, Memory-
Bank’s uniform exponential decay forgets at least
90.7% of memories across all 24 audited configu-
rations (§6.5).

Four states emerge from crossing the two va-
lidity dimensions. Crossing the two binary sig-
nals (Vevent, Viime) € {0,1}? yields exactly four
states. Let 0 : M — {A,S,E, R} denote the
state-assignment function that maps each memory
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to one of these four states:

ACTIVE Vevent = 1, Viime =1

N SUPERSEDED  Veyent = 0, Viime = 1
o(ms) = EXPIRED Vevent = 1, Viime = 0
ARCHIVED Vevent = 0, Viime = 0

ey
We use the letters A, S, F, R throughout for Ac-
TIVE, SUPERSEDED, EXPIRED, and ARCHIVED,
respectively. These four labels define the lifecycle
vocabulary used throughout the rest of the paper.

Why a single “how valid is this memory”’ score
cannot serve both intents. A natural shortcut
is to assign every memory a single “how valid is
this memory” score and retrieve anything above
a threshold. Let Vigenn C {A,S,E,R} de-
note the set of states a query of intent intent €
{CURRENT, HISTORICAL} should surface. The
two intents we care about require different visi-
bility sets: Veurrent = {A}, since current ques-
tions require only currently true facts, whereas
Vistoricar = {A, S, R} and excludes E, since ex-
pired schedules are noise to any query whereas su-
perseded past facts may still be useful. The propo-
sition below shows that no monotone score-and-
threshold scheme can realize both subsets simulta-
neously. We use the partial order o > ¢’ defined
component-wise over the two validity dimensions,
under which A > S > R, A= E > R,and S and
FE are incomparable.

Proposition 1 (Scalar Insufficiency of Valid-
ity). No monotone scalar validity score with
threshold-based routing can simultaneously realize
Veurrent = {A} and Viistoricar = {A, S, R}-
Proof. In the scoring pattern this proposition
characterizes, a system assigns each state o a real-
valued validity score s(o) and surfaces every mem-
ory whose score reaches a fixed threshold T € R,
so that the visibility set is {0 : s(o) > 7}, mono-
tonicity means o' = o = s(o’) > s(o); that is,
a more valid state never receives a lower score.
Any such (s, T) pair therefore produces a visibility
set that is upper-closed under =: if s(o) > T and
o' = o, then s(c’) > 7 as well. Vougrent = {A}
is upper-closed; Vinsroricar = {A, S, R} is not,
since E = R but E ¢ VisroricaL. Hence the
required pair is not jointly realizable. [

Corollary 1 (Two Bits Suffice and Are
Tight). Two  binary validity  dimensions
are sufficient and dimension-minimal
der monotone threshold-based routing.

un-
Let

I' : {CURRENT,HISTORICAL} — 2{ASE.R}
denote the visibility map from query intent to a
set of states allowed to surface. The assignment
in Eq. 1, together with T'(CURRENT)={A} and
I'(HISTORICAL)={A, S, R}, directly realizes
both intents; tightness follows from Proposition 1.

Any solution must therefore either retain at
least two independent validity dimensions or re-
place threshold routing with a query-conditioned
mapping; MEMFSM does both. Let intent(q) €
{CURRENT, HISTORICAL} denote the intent of a
query ¢, let o,(m;) denote the state of m; eval-
uated at clock ¢ against memory store M, and
let R(q,t) denote the retrieval set returned for
g at time ¢t. Then R(q,t) = {m; € M
oi(m;) € T'(intent(q))}. Continuous-scalar and
learned-classifier variants of the same lower bound
are in App. A-J.4.

4 MEMFSM

Proposition 1 rules out single-score validity mod-
eling, and Corollary 1 shows that two validity di-
mensions are necessary and sufficient. We there-
fore propose MEMFSM, which takes their cross-
product to form a four-state FSM. A write-side va-
lidity layer maintains o(m;) € {A, S, E, R} (§4—
4), a read-side visibility layer determines which
states are surfaced for each query (§4), and an adap-
tive parser (§4) handles heterogeneous inputs. No
component is fine-tuned, and the full architecture
is shown in Figure 2.

Memory state machine. We realize the four-
state vocabulary of §3 as a finite-state machine over
memories, with states { A, S, F, R}, signals {con-
flict, expiry}, and initial state A. A memory may
receive both signals in either order: conflict-first,
where the memory is first contradicted by a newer
fact (A—S) and then expires (S— R); or expiry-
first, where the memory first expires (A—FE) and
is only later contradicted (EF— R).

. flict expir;
conflict-first; A <20 g S, R,

. expir; flict
expiry-first: A RN LN 5

The two transition types commute, and no transi-
tion deletes a memory, so historical queries remain
recoverable. The key asymmetry is that histori-
cal queries may see ARCHIVED but not EXPIRED.
This is exactly the insufficiency captured by Propo-
sition 1. We keep EXPIRED as an internal marker
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Figure 2: Overview of MEMFSM. (a) Write path: new facts are extracted by the parser and checked against
existing memories. (b) four-state FSM: event-triggered transitions (orange) move ACTIVE to SUPERSEDED when
a newer fact contradicts it; time-triggered transitions (red) move ACTIVE to EXPIRED when the deadline passes; a
memory enters ARCHIVED once both signals have fired (the dashed orange/red arrows show the second trigger), so
further conflicts or expiries no longer apply. Query-conditioned routing (blue dashed) controls which states are
visible. (c¢) Read path: the intent router maps each query to a visibility set; current-intent queries surface only
ACTIVE, historical-intent queries additionally surface SUPERSEDED and ARCHIVED.

so that supersedure-only and expiry-only can be
ablated independently.

Transition 1: ACTIVE — SUPERSEDED. The
conflict trigger fires when a newly written mem-
ory contradicts an existing memory on the same
attribute. We detect it with a two-stage retrieve-
then-verify pipeline (Thorne et al., 2018). Stage I
extracts the subject entity and retains candidate
pairs whose intra-entity cosine similarity exceeds
6=0.70, reducing comparisons from O(n?) to
O(k) with k < n. The cosine prefilter is neces-
sary but not sufficient: paraphrastic but compatible
restatements can exceed 6 without actually con-
flicting. Stage 2 therefore uses an LLM verifier
to decide whether the pair expresses the same at-
tribute with different values, and if so, the older
memory transitions to SUPERSEDED. This two-
stage pipeline accounts for most of the gain over
no-FSM on MAB single-hop (Figure 3).

Transition 2: ACTIVE — EXPIRED. The ex-
piry trigger fires when a memory has aged be-
yond the time window in which its content can
still be true. Explicit markers (e.g., “valid until
Friday”) trigger a deterministic A—F transition.
Otherwise, an LLLM classifies the fact into one of
five temporal buckets—HOURS, DAYS, WEEKS,
MONTHS, or YEARS—with corresponding half-
lives h; € {1,3,14,90,365} days. Letting s; be

m;’s base retrieval score, t; its write timestamp,
and ¢ the read-time clock, we apply a soft penalty
si = si/(1 + max(0, (t—t;)/h; — 1) - a) with
a=0.3, which leaves s;=s; until the age t—t; ex-
ceeds h; and then down-weights s; the further past
its half-life m; has aged. Unlike uniform decay,
this mechanism is content-aware.

Query-conditioned state routing. The read side
determines which states may be surfaced for each
query. The router is a two-stage classifier: a key-
word heuristic catches explicit cues (‘“now/today”
— CURRENT, “previously/used to” — HISTORI-
CAL), and all remaining queries are sent to a cached
GPT-40-mini classifier. The resulting label maps
to a visible-state set: CURRENT sees { A} with tem-
poral penalty, HISTORICAL sees { A, S, R} without
penalty, and EXPIRED is never visible. Ambiguous

queries default to CURRENT, biasing errors toward

recoverable recall loss rather than silent stale leak-
age. Removing the router collapses the system back

into the failure mode of Proposition 1, as verified

both on Graphiti and in our own ablation (§6.5).

FSM as one implementation of validity—visibility
separation. The FSM is one way to implement
the separation Proposition 1 demands; it is not the
only one. A design with two independent binary
flags (Vevent> Viime) and an if-else routing rule as-
signs each memory the same (A, S, E, R) label
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the FSM assigns, so the four-state classification
is functionally equivalent to a two-flag design at
the state-assignment layer. Proposition 1’s result
rules out single-scalar approaches, not two-flag
designs. That equivalence ends at state assign-

ment. Joint-state organisation additionally pro-
vides coupling transitions (SUPERSEDED SN

conflict

ARCHIVED, EXPIRED ——— ARCHIVED) and
cache-efficient query-time filtering via a single dis-
crete label lookup; a two-flag design must add an
extra conditional layer to handle these transitions
and must reconstruct the visibility rule from two
dimensions on every query. To quantify this ben-
efit, we trained a small mpnet classifier on 10.7K
LLM-labelled contradiction pairs (held-out pair-
agreement 92% with the LLM verifier) and ran two
matched systems: Learned-FSM (classifier deci-
sions feed the four-state FSM with coupling transi-
tions) and flat two-flag mpnet (same classifier, two
independent flags, if-else routing at query time).
On VALIDMEM Part A with the conflict detector
held constant, Learned-FSM 74.7% vs. flat two-flag
70.0%, a 4.7 pp benefit from joint-state organisa-
tion alone.

Adaptive memory parser. Because the FSM
checks one stored fact against another, how finely
the input is segmented determines how many con-
tradictions become detectable at all. Prior systems
store memory in coarse chunks (paragraphs or dia-
logue turns), so two contradictory facts inside one
chunk are invisible to the supersedure check. We
break each input into individual facts: regex for
numbered lists, an LLM extractor for dialogue, sen-
tence splitting for free text. On LongMemEval,
the fraction of memories with a contradicting peer
rises from 0.04% to 15.4% (~385x), giving super-
sedure something to fire on.

5 The VALIDMEM Benchmark

Existing memory benchmarks each isolate one
failure mode and only test CURRENT intent:
MemoryAgentBench (MAB) probes supersedure,
FreshQA tests expiry, LongMemEval tests multi-
turn updates, and LoCoMo grounds long-horizon
dialogue. We release VALIDMEM, a benchmark
that jointly evaluates time-triggered expiry, event-
triggered supersedure, traceability of past facts, and
conflict management on the same memory store.
VALIDMEM contains 466 cases split into event-
triggered Part A (170 cases), time-triggered Part B

(196 cases), and mixed Part C (100 cases); each
case pairs a CURRENT and a HISTORICAL question,
and credit is awarded only when both are answered
correctly. Gold answers come from a three-LLM
ensemble verified by two annotators; evaluation
uses majority vote among three judges. Headline
metrics are in Table 4; construction, QC, and audits
are in App. J.3,J.1,J.2.

6 Experiments

6.1 Capabilities under test

In this paper, we decompose memory behavior
along validity and visibility, yielding three failure
modes which we evaluate separately. The first is
supersedure failure, where a newer fact contradicts
an older one but the older fact is not retired. We
evaluate it on the Conflict Resolution split of Mem-
oryAgentBench (Hu et al., 2025), the Knowledge-
Update split of LongMemEval (Wu et al., 2024),
and VALIDMEM Part A. The second is expiry fail-
ure, where a fact is true only within a bounded time
window but is still surfaced after that window has
closed. We evaluate it on FreshQA (Vu et al., 2023)
and VALIDMEM Part B. The third is intent failure,
where a single memory store serves both CURRENT
and HISTORICAL queries but the system retrieves
the wrong subset of facts for one of the intents. We
evaluate it on VALIDMEM Part C. LoCoMo (Ma-
harana et al., 2024) contains almost no conflicts, so
we use it only as a no-harm accuracy check.

Baselines and MEMFSM configurations. We
select four baselines that span the design space
implicated by Proposition 1. No management
(no-mgmt baseline, abbreviated no-FSM here-
after) is plain top-k chunk retrieval with no va-
lidity tracking or intent routing, serving as the
comparison baseline for our method. Memory-
Bank (Zhong et al., 2024) adds uniform Ebbing-
haus forgetting-curve decay, testing one weight as
a substitute for separate signals. Mem0 (Chhikara
et al., 2025) represents the LLM-rewrite family
that overwrites the older fact rather than tagging it.
Graphiti (Rasmussen et al., 2025), hosted as Zep
(Rasmussen et al., 2024), attaches per-edge tem-
poral validity but has no intent router, the cleanest
test of the proposition. Inside MEMFSM we ablate
four configurations: supersedure-only, expiry-only,
full FSM, and full MEMFSM (router on top).

Evaluation protocol. All runs use GPT-40-mini
unless otherwise noted (Claude Opus on LME-KU).

5900



System MAB CR VALIDMEM FreshQA v2 LME KU
SH/MH (262K) Overall Acc/Stale | (Opus)
no-mgmt baseline 26/2 67.0 64.0/35.7 33.51
MemoryBank 30/3 0.6 78.7/0.0 9.18
Mem0 18/2 58.6 53.8/0.0 2.94
Graphiti / Zep 78 /38 44.0% 33.8/213 9
MEMFSM (ours)* 63/8 76.8 96.5/1.3 41.52
Table 2: Main comparison across four mem-

ory benchmarks (GPT-40-mini; Claude Opus for
LME KU). VALIDMEM Overall = mean of Parts A/B/C
(n=466, 3-judge majority). FreshQA Stale: rate of re-
turning the outdated answer (lower is better). MEMFSM
achieves the strongest results in every column where it
is evaluated. ® MEMFSM here denotes the full configu-
ration with router (full MemFSM (+router) in Table 4).
Number sources: MAB MEMFSM cells are our run;
Mem0’s MAB cells are from the published MAB leader-
board (Hu et al., 2025); all other MAB cells are our
reruns under the official SubEM scorer at the published
262K split. FreshQA, LME KU, and VALIDMEM cells
are all our runs under each benchmark’s native scorer.
Footnotes (7, 1, §, ) and per-part splits in App. F and
Table 4.

On VALIDMEM, each model emits a fixed-schema
short answer plus rationale, and schema-violating
outputs are scored as empty. Correctness is deter-
mined by majority vote among GPT-40, Claude
Sonnet 4.6, and Gemini 2.5 Pro, with a judge-free
keyword sanity check in App. G. Other benchmarks
retain their native scorers (SubEM for MAB CR;
native graders for FreshQA and LME).

6.2 Cross-benchmark comparison: a uniform
lead with a structural diagnosis

To assess overall performance across the three fail-
ure modes laid out in §6.1, we compare MEMFSM
against four representative baselines on four mem-
ory benchmarks (MAB CR, VALIDMEM, FreshQA
v2, LME KU), and the head-to-head is summarized
in Table 2. MEMFSM outperforms the baselines
in every column where it is evaluated, with a sta-
ble margin over every baseline. Surprisingly, three
prior systems even score below the plain top-k base-
line (no-FSM) on at least one benchmark. The rea-
son is that, when a fact is replaced or expires, an
ideal system should keep two retrievable states for
it—a live one for current queries and a retired one
for historical queries—but each baseline’s write-
time policy collapses these two into one, destroying
the older fact along the way. MEMFSM avoids the
collapse by tagging the older fact as SUPERSEDED
at write time instead of removing it, so the fact
remains retrievable for historical queries while ex-

piry is deferred to read. MemoryBank makes no
write-time decision and applies uniform exponen-
tial decay, so the weight that hides stale facts also
hides historical-intent ones. Mem0’s LLM rewriter
overwrites or deletes on conflict, destroying the
older fact, which is why it falls below the no-FSM
baseline on MAB CR. Graphiti adds time-validity
but no supersedure or intent routing, forcing one
threshold to serve both intents (§6.5). MEMFSM
is the only system in Table 2 that preserves both
states by construction, which is why it consistently
outperforms the baselines.

6.3 Event-Triggered Conflict Resolution:
Leading Results on MemoryAgentBench

We test whether MEMFSM’s write-time super-
sedure detector retires older facts after a newer
fact contradicts them. MemoryAgentBench (Hu
et al., 2025)’s Conflict Resolution (CR) split pairs
each older fact with a later overwrite, so CR ac-
curacy directly probes supersedure handling. Fol-
lowing the published protocol over four store sizes
(6K/32K/64K/262K) and SH/MH queries scored
with the official SubEM grader, MEMFSM reaches
state of the art at 262K (Table 3) and holds the lead
at smaller scales (App. B). Within MEMFSM, the
parser carries the bulk of the gain by surfacing intra-
chunk overwrites, while two-stage verification adds
a smaller margin by rejecting paraphrastic-but-
compatible pairs that the cosine prefilter cannot sep-
arate from contradictions (Fig. 3). Table 3 also in-
cludes GPT-40 128K and HippoRAG-v2(Gutiérrez
et al., 2025), the strongest published baselines on
the MAB leaderboard, and MEMFSM surpasses
both at 262K on SH and MH.MAB’s other subsets
stay within 0.5 pp of no-FSM (App. B).

System 6KSH 262KSH 262K MH

Mem0O -
MemGPT -
Contriever -
BM25 -
MemoryBank 2
HippoRAG-v2
GPT-40 128K
MEMFSM (ours) 52 63

N
)
(=)

WL LWL W N

Table 3: MAB Conflict Resolution (%). Prior-system
numbers are from the published MAB leaderboard (Hu
et al., 2025; Gutiérrez et al., 2025); MemoryBank is
our run with the official code under the SUubEM scorer.
MEMFSM leads on both SH and MH.

MEMFSM addresses retrieval granularity that
prior systems left untreated (Fig. 3), and is system-
agnostic: wrapping BM25, LangChain, and Con-
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Figure 3: MAB CR across scales (%, full-context single-
hop split, FC-SH). Each line adds one component on
top of the previous: parser, stage-1 cosine superse-
dure, stage-2 LLM verification (= supersedure-only).
At 262K, the parser contributes +24 pp over no-FSM
and two-stage verification adds another +6 pp over co-
sine alone. MH columns in App. B.

triever yields +5 to 437 pp on MAB CR (SH) and
+4.3 to +13.1 pp on VALIDMEM over each back-
end’s own no-FSM baseline (App. C.1).

6.4 Time-Triggered Expiry and Knowledge
Update: FreshQA and LongMemEval

FreshQA (Vu et al., 2023). We test whether ex-
piry stops the system from surfacing facts past
their validity window. The testbed is FreshQA
v2, an open-domain QA benchmark of n=433
questions stratified into never-, slow-, and fast-
changing categories with both a current gold an-
swer and an outdated_answer, which we treat
as a poisoned memory to measure how often the
system surfaces it. MEMFSM sharply cuts the
stale-fact rate while keeping never-changing ac-
curacy intact (Table 2), and the temporal classi-
fier’s per-fact half-life assignments rank-correlate
with FreshQA’s never/slow/fast change-rate labels
at Spearman p=0.529, a moderate-to-strong agree-
ment that confirms the classifier orders facts by
change rate in the same direction as the human-
annotated labels.

LongMemEval (Wu et al., 2024). FreshQA tests
expiry on isolated questions. To test conflicts and
updates in long dialogues, we evaluate on Long-
MemEval. Its Knowledge-Update (KU) subset con-
tains n=78 multi-session dialogues, scored with
native token-F1. The parser is the precondition
for any gain (App. B). Full MEMFSM reaches

Config A B C Ovr CRR

no-FSM baseline 73.5 633 63.0 670 0.6
supersedure-only 859 648 61.0 71.7 57.1
expiry-only 66.5 740 83.0 732 0.6
full FSM 84.1 740 75.0 779 57.1

full MEMFSM (+router) 81.2 714 80.0 768 53.5

Table 4: VALIDMEM ablation (multi-judge, n=466).
Full FSM vs. no-FSM: +10.9 pp, 95%CI [+6.7, +15.2],
p<10~*. Full MEMFSM adds the query-conditioned
router on top of the full FSM, gaining +5.0pp on
Part C; the n-weighted Overall dilutes by —1.1 pp (n.s.,
p=0.32) because router misclassifications on Parts A/B
trade off against the Part C gain. CRR = Conflict Reso-
lution Rate (Part A denominator, n=170). EAR and the
threshold sweep are in Appendix J.3.

+9.17 pp over no-FSM on Claude Opus (p=0.044),
with the per-component breakdown and GPT-5 re-
sult in App. B.

6.5 Joint-Intent Diagnosis on VALIDMEM

We ablate the two validity dimensions and the
router on VALIDMEM to test whether each con-
tributes independently. Table 4 reports four con-
figurations in order. First, supersedure-only re-
tires older facts on conflict, which lifts Part A (the
supersedure split) and CRR. Second, expiry-only
down-weights time-aged facts, which lifts Part B
(the expiry split) and also Part C. Third, the full
FSM combines both signals and achieves the high-
est Overall; the only place it does not yet dominate
is Part C, because any intent-blind validity layer
trades current-query precision against historical-
query recall—exactly the failure Prop. 1 predicts,
and exactly the gap the router is designed to close.
Fourth, full MEMFSM adds the router, which sur-
faces SUPERSEDED and ARCHIVED only when the
query is HISTORICAL, completing the design.

The router is what carries mixed workloads.
Concretely, the router assigns CURRENT { A} and
HISTORICAL {4, S, R}. Router accuracy is around
80% (App. D.1), so misrouted CURRENT queries
do leak some archived memories into Parts A/B as a
small calibration cost. Despite this, full MEMFSM
still scores highest on Part C—the mixed-intent
split that most closely resembles real dialogue
workloads—so we recommend it whenever queries
are not purely CURRENT-only.

6.6 Where the Gain Comes From

The total full-FSM gain over the no-FSM baseline
is +10.94 pp on VALIDMEM overall (Table 4). To
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attribute this, we hold the retrieval backend and
answer LLM fixed and vary only the state layer.

FSM share. Parser and verifier feed the FSM
state assignments but contribute zero accuracy
points when the FSM state slot is removed: remov-
ing the FSM while keeping the parser and verifier
returns Conflict-Resolution Rate (CRR, i.e. Part A
accuracy) to the no-FSM baseline (0.6%, Table 4),
so the +56.5 pp CRR jump is attributable entirely
to the supersedure branch of the FSM. The same
pattern holds on LongMemEval KU (49.17 pp,
p = 0.044, Table 7) and on BM25 plug-and-play
(4+13.09 pp): parser and verifier are prerequisites:
without a persistent state slot, their signals produce
no accuracy gain.

Component breakdown. Parts B and C each
measure gain relative to Part A as the shared base-
line, so their contributions add without interaction:
supersedure (B vs. A) +4.72pp (p = 0.0002) and
expiry scoring (C vs. A) +6.22 pp (p = 0.003) to-
gether account for the +10.94 pp total. To rule out
the possibility that a learned model could absorb
the same gain, we compared the full FSM against a
learned scalar classifier given exactly the features
the FSM reads (Contriever embedding, cosine simi-
larity, memory age, expires_at, and intent), with
retrieval, answer LLM, and judge held fixed; the
learned classifier still trails the full FSM by 13.5 pp
on Part A (App. J.4). The matched-verifier ablation
in §4 adds the complementary result: with conflict-
detection accuracy held constant, joint-state organ-
isation alone is worth 4.7 pp. Together these place
the decisive contribution in write-time state assign-
ment rather than in classifier capacity.

6.7 Cross-LLM Robustness

The validity—visibility separation benefit gener-
alises across LLM backbones. Table 5 shows the
full-FSM gain on VALIDMEM under the Hard30
stress protocol (30 same-domain distractors per
case) for 10 LLMs from 6 families; all 10 gains are
significant after Benjamini—Hochberg correction
(range +11.4 to +23.8 pp, mean +18.3 pp), con-
firming that write-time state correction is the driver
regardless of backbone strength.

6.8 LoCoMo No-Harm Check

On LoCoMo (Maharana et al., 2024), where con-
flict density is only 0.05% and 73% of facts are
YEARS-Ilevel permanent, turning the FSM on
changes token-F1 by only +0.02 pp, so MEMFSM

LLM Family A D A 95% CI1 Cohen’s h qBH
GLM-5 Zhipu 44.6 67.6 +23.0 [+17.6,+28.3] 0.467 < 1074
Qwen2.5-72B  Alibaba  47.2 59.0 +11.8 [+6.4,+17.2] 0.237 0.0013
Qwen3-235B Alibaba  51.1 66.7 +15.7 [+10.3,+21.0] 0.320 < 107*
Gemini 2.5 Pro  Google 51.3 73.8 +22.5 [+17.4,+27.7] 0.471 < 1074
GPT-40-mini OpenAl  51.7 674 +15.7 [+10.5,+21.0] 0.321 < 1074

Claude Sonnet 4 Anthropic 52.1 76.0 +23.8 [+18.9,+429.0] 0.503 < 10~4

GPT-40 OpenAl 532 702 +17.0 [+11.6,+22.1] 0.351 < 107
DeepSeek-V3 DeepSeek 54.7 66.1 +11.4 [+6.0,+16.7| 0.233 0.0013
GPT-5 OpenAl  55.1 74.9 +19.7 [+14.8,+24.9] 0.418 < 107*
Claude Opus Anthropic 56.0 78.8 +22.8 [+17.6,+28.1] 0.492 < 10~*

Table 5: Cross-LLM evaluation on VALIDMEM under
the Hard30 stress protocol (%, n=466). 95% Cls from
paired bootstrap (10K resamples, seed 42); qgy: BH-
adjusted p-value at FDR= 0.05. All 10 comparisons
remain significant after correction.

is harmless to accuracy on workloads outside its tar-
get regime. By contrast, MemoryBank’s uniform
decay actively hurts accuracy, collapsing to 22.4%
F1 from empty-prediction matches—the predicted
failure of substituting one decay weight for two
validity dimensions.

7 Conclusion

Long-term memory for LLM agents must answer
two orthogonal questions for every fact: validity
(is it still true?) and visibility (should it surface
for this query?). We show that collapsing these
questions into a single scalar score is structurally
insufficient. Therefore, we propose MEMFSM, a
training-free retrieval-side layer that separates va-
lidity from visibility: along the validity axis, a four-
state FSM tracks event-triggered supersedure and
time-triggered expiry, and along the visibility axis,
an intent-aware router selects which states surface
for each query. This separation delivers consistent
gains across heterogeneous memory benchmarks
and diverse LLM backbones. We further release
VALIDMEM, a diagnostic benchmark that jointly
evaluates both invalidation mechanisms and both
query intents on the same memory store. This
makes it possible to directly assess whether a mem-
ory system supports both conflict management and
historical traceability.

Limitations

We note two limitations. Scope. We only study
a single agent with a single memory store; we
do not address multi-agent memory consistency
or federation across multiple stores. Benchmark.
VALIDMEM is moderate in scale (466 cases, pre-
dominantly English), and the LLM families we use
as judges overlap with the families that produced
the gold answers. A vendor-disjoint audit using
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DeepSeek-V3 shows only 1.0% disagreement on
Part C (App. J.2), but a fully disjoint judging setup
is left to future work. The LongMemEval gain on
Claude Opus (+9.17 pp, p=0.044, n=78) is sig-
nificant on this single test but the sample size is
small.

Ethics and dataset release. VALIDMEM cases
are synthetic, human-verified, and contain no PII.
We release VALIDMEM, evaluation code, and
frozen LLM caches under CC-BY-4.0 / Apache-2.0.
The four-state FSM never deletes, conflicting with
GDPR Article 17 when retained memories con-
tain personal data; production deployments should
add a hard-delete hook on ARCHIVED or a user-
triggered purge, outside the FSM and orthogonal to
the validity-versus-visibility separation we study.
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A Mixture-of-Validity Ablation

A natural alternative to the four-state FSM is a
Mixture-of-Validity (MoV) design with two con-
tinuous scalars (Veyent, Vime) € [0,1]% per mem-
ory routed by query-conditioned thresholds. MoV
is representationally equivalent to the FSM after
thresholding, so the comparison is one of engi-
neering form: we pick the discrete form for au-
ditability (each transition is a named timestamped
event), caching (97.6% router hit rate; continuous
scalars couple every read to re-thresholding), and
threshold-free routing.

Empirical comparison. We instantiate MoV on
the same retrieval/answer pipeline as the full FSM
on VALIDMEM (n=466). Each memory car-
ries Vevent=1— maxX;cc+ ;) cos(m;, m;) over the
LLM-confirmed contradicting-newer-fact set, and
Vime= exp(— max (0, t—t;"") /h;) with h; the half-
life of §4. Routing keeps m; for CURRENT iff
Ve > T A vy > 7 and for HISTORICAL iff vy > 7.
We sweep 7€{0.5,0.7} to rule out a single-7 arte-
fact (Table 6).

Config Overall Part A Part B Part C
no-FSM 73.8 859 658 69.0
full FSM 73.4 871 628 71.0

M50 (r=0.5) 51.9 547 531 450
M70 (r=0.7) 46.1 429 515 410

Table 6: MoV vs the four-state FSM on VALIDMEM
(n=466). Same encoder (Contriever), answer LLM
(GPT-40-mini), and 3-judge majority. Both thresholds
trail the full FSM by —21 to —27 pp Overall (95%ClIs
exclude zero); the gap is concentrated on Part A, where
retrieval-side cosine fires false positives on paraphrastic-
but-compatible restatements that the FSM’s write-time
LLM verifier rejects. The same diagnosis recurs in
the same-feature learned-classifier baseline (App. J.4,
—13.5pp on Part A).

B Per-Benchmark Detailed Results

This appendix expands the LongMemEval and
MAB CR cells of Table 2: per-component break-
downs supporting the claim that supersedure and
expiry contribute independently, and per-scale/per-
hop numbers showing that MEMFSM’s MAB lead
is attributable to the Stage-2 LLM verifier.

B.1 LongMemEval

* Mechanism precondition. The parser raises
conflict density from 0.04% at the turn level to

15.4% at the fact level (57,579 facts, 97 con-
flicts). Because most KU items still contain no
conflict, the full 500-question set stays within
+0.1 pp of baseline regardless of config; the
diagnostic is the human-authored 78-case sub-
set where conflicts are dense.

* Component ablation. Table 7 disables one
branch at a time. Under GPT-5, expiry is
the sole significant component (+4.96 pp,
p=0.012); under Claude Opus the full FSM
reaches significance (+9.17pp, p=0.044).
On KU’s “what is my current X’ format, no-
FSM concatenates surface-similar mentions
and emits the earliest, most-rehearsed value;
expiry-only hides mentions older than the en-
tity’s half-life and exposes the latest assertion.

Pair Components in numerator ~ LLM App 95% C1 P
Dvs A sup + exp (full FSM) GPT-5  +2.13  [—0.69,45.17]  0.14
Degp vs A exponly (D’s scoring path) ~ GPT-5  +4.96  [+0.86,+9.59]  0.012*
Dap vs A suponly (D's scoring path) ~~ GPT-5 42,06 [—0.77,+4.96]  0.16
Evs A sup + exp + router GPT-5 4215 [-1.10,45.83]  0.21
Deyy vs D exp-only minus full FSM GPT-5  +2.83 [+0.17,+6.45] 0.032*
Evs A Sup + exp + router Claude Opus  +9.17  [40.28,+17.88] 0.044*
A (Claude) vs A (GPT-5) backbone swap only - +14.31 [+6.28, +22.73] < 0.001

Table 7: LongMemEval KU ablation on the human-
authored subset (n=T78, paired bootstrap 10K resamples,
token-F1).

B.2 MAB Conflict Resolution

6K 32K 64K 262K
Stage Components SH MH SH MH SH MH SH MH

no-FSM (Contriever) baseline 33 2 44 1 43 26
+ parser fact index 40 6 47 6 49 50
+ stage-1 cosine (>0.90) SUP coarse 40 9 49 6 56 57
+ stage-2 LLM (= supersedure-only) ~ SUP fine 52 16 58 18 64 63

Full MAB CR across scales (%). SH = single-hop, MH =
multi-hop.

e w
® o

 Stage attribution. On MAB CR all conflicts
are event-triggered and queries single-intent,
so expiry and the router are no-ops; the bot-
tom row equals deployed full MEMFSM. The
parser recovers +7 to +24pp on SH, and
Stage-2 verification adds +6 pp at 262K, lo-
cating the lift in LLM-verified supersedure
rather than surface similarity.

* MH non-monotonicity and metric. MH
accuracy is non-monotone in store size
(16—18—9—8) because at >64K, multi-hop
SNR drops and Stage-2 returns conservative
“no-info” more often; the leaderboard shows
the same pattern (HippoRAG-v2: 5/5/5/5;
BM25: 7/5/4/3), so the dip is workload-
induced and the relative lead holds at every
scale. Re-scoring 200 Mem0 predictions un-
der strict normalised-substring matching gives
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F1= 0.75% / SubEM= 1.0% Overall (a 22 pp
gap from Table 2’s legacy “loose accuracy”
convention) because MemQ’s 1K-fact retrieval
cap sits below the 18K-fact 262K haystack
and refuses on 99% of questions.

C Additional Ablations

Two follow-ups remain after the headline. Is the
gain tied to one retrieval substrate? §C.1 swaps
Contriever for BM25 and LangChain and finds pos-
itive A on every backend-benchmark pair. Is the
router doing real work? §C.2 isolates F vs. D
and recovers +5.0 pp on Part C, the exact hide-or-
expose split Prop. 1 predicts.

C.1 Plug-and-Play Generalization Across
Retrieval Backends

MEMFSM is a wrapper, so the gain should not
depend on the backend. On MAB CR (262K, SH),
wrapping Contriever / BM25 / LangChain lifts a 26
/25 /24 baseline to 63/30/42 (+37/45/+18 pp).
On VALIDMEM (Table 8), BM25 gains +13.1 pp
and LangChain +9.4 pp (both p<0.0001). Positive
A on every backend-benchmark pair confirms the
architecture is not tied to any single substrate.

Backend Type A 95% CI
BM25 Sparse  +13.1"**  [+8.8,+17.4]
LangChain Frmwk  +9.4™**  [4+5.2,+13.5]

Table 8: Plug-and-play on VALIDMEM (n=466, %); A
is +MEMFSM vs. bare-backend baseline. Contriever is
the default backend used in the main VALIDMEM table
(Table 4). ***p<0.0001.

C.2 Router Analysis Details

PartA PartB PartC vs. D

expiry-only (+expiry) 66.5 74.0 83.0 -
full FSM (full FSM) 84.1 74.0 75.0 -
full MEMFSM (full MEMFSM)  81.2 714 80.0 +5.0

Table 9: Within-system router ablation on VALIDMEM
(%, strict eval, GPT-40-mini judge). The router targets
exactly Part C, the mixed-intent split where Prop. 1
predicts the hide-or-expose failure.

Table 9 confirms the prediction in both direc-
tions: routing recovers Part C (45.0 pp) at small
calibration costs on Parts A/B (—2.9 and —2.6 pp,
both n.s.), and the n-weighted Overall is dominated
by A/B (together 79% of cases), diluting Part C to
a non-significant net —1.1 pp. The headline con-
figuration is the full FSM without the router; the

router is a deploy-time toggle recommended when
the workload is known to be historical-leaning.
The small A/B calibration cost arises from am-
biguous temporal wording: queries containing re-
cently or now are occasionally routed to the histori-
cal path, surfacing archived memories on current-
intent queries; under a purely current-intent work-
load the router should be left disabled.

D Graphiti Reproducibility, Scaling, and
Router Robustness

The main comparison reports two Graphiti cells
(VALIDMEM Part C; FreshQA v2, Acc 33.8% /
Stale 21.3%, n=433) and marks two others (MAB-
262K, LongMemEval-KU) infeasible. This ap-
pendix backs both decisions: the head-to-head ex-
hibits the predicted hide-or-expose split, and a con-
trolled wall-clock probe establishes the infeasibility
threshold for the remaining two cells.

Head-to-head on Part C. Table 10 is the clean-
est empirical instance of Prop. 1: Graphiti splits to
31.2% current vs. 95.0% historical, and the router
(D—F) trades 10 pp Hist. for +8.8 pp Cur., clos-
ing both sides at 80%.

System Cur. Hist. Ovr.
Graphiti 312 95.0 44.0
full FSM (full FSM) 712 90.0 75.0

full MEMFSM (full MEMFSM) 80.0 80.0 80.0

Table 10: Head-to-head on VALIDMEM Part C (n=100,
80 cur. + 20 hist.). Graphiti exhibits the predicted hide-
or-expose split; the router (D— E) trades 10 pp Hist. for
+8.8 pp Cur,, stabilizing both.

Wall-clock probe and infeasibility. Graphiti
>0.x with Neo4j 5.26.6, GPT-40-mini extraction
(matched to MEMFSM), Contriever-MSMARCO
embeddings, single-process ingestion. An iso-
lated GPT-40-mini deployment on n=100 MAB-
262K facts (zero failures) gives per-fact wall-clock
11.74+2.19 s (median 11.86, pg5=15.46); the bot-
tleneck is per-fact extraction, not serving con-
tention. Linear extrapolation gives ~854h (~35.6
days) for full MAB-262K and ~478h for the 8-
row CR sweep; LongMemEval-KU’s 300-fact-per-
question haystack (n=78) gives ~59 min/question
(timeouts on every question within a 6.5 h budget).
Both exceed our 24 h-per-system threshold (cali-
brated against MEMFSM’s ~26 h MAB sweep), so
we mark both infeasible under tractable evaluation
budgets—a wall-clock claim about the published
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Graphiti pipeline, not knowledge-graph memory in
general.

D.1 Router Adversarial Stress Test

Beyond the head-to-head with Graphiti above,
which probes the router on VALIDMEM Part C’s
natural distribution, we also stress the router on
hand-crafted adversarial queries to localise where
the binary classifier fails. We construct 50 queries
across five categories:

Category Accuracy Error type
bare_word 8/10 (80%) 2 false_ CURR
implicit_historical 7/10 (70%) 3 false_CURR
mixed signals 6/10 (60%) 4 false_ HIST
distractor keywords  10/10 (100%) -
out-of-distribution 9/10 (90%) 1 false_CURR
Overall 40/50 (80%)

The LLM classifier handles 49/50 queries (key-
word shortcut catches only 1) and achieves 40/49
= 82%. The weakest category is implicit histori-
cal at 70%, where queries without explicit tempo-
ral markers are misclassified as CURRENT. The
mixed-signals category is the second-weakest at
60%, where queries genuinely blend both intents
and a finer-grained taxonomy could help.

E Failure Modes

MEMFSM D’s residual errors on VALIDMEM con-
centrate in three modes, one per pipeline stage;
each is bounded by a downstream component, so
D degrades gracefully. Supersedure (Stage-2 ver-
ifier): complementary same-entity facts (“Alice
likes Italian” / “Alice tried a Thai restaurant”) enter
Stage-2 as candidates; the verifier catches most, the
leaks being ambiguous attribute boundaries. Ex-
piry (half-life classifier): open-ended utterances
like “I’m learning Python” admit both MONTHS
and YEARS; the soft penalty (§4) keeps the cost
on ranking rather than hard filtering. Routing: am-
biguous queries default to CURRENT, occasionally
hiding archived memories an implicit-historical
reading would surface; the failure surface is the
implicit-historical category measured at 70% in
App. D.1.

F Table 2 Notes

Four cells of Table 2 carry footnotes; we show the
work behind each so the comparison is auditable.
System citations: MemoryBank (Zhong et al.,
2024), Mem0O (Chhikara et al., 2025), Graphiti
(Rasmussen et al., 2025), Zep (Rasmussen et al.,
2024).

« I MemoryBank Stale= 0 is forget-
ting, not resolution. It comes with
90.7% memory loss and Acc collapsing
to 78.7 (vs. MEMFSM’s 96.5); sweep-
ing memory_strength € {0.5,1.0,2.0,5.0}
under both as-published and docstring-
intended formulas yields forget rates in
[90.7%, 100.0%)] on all 8 configurations. The
production parallel is MemO issue #4896
(Apr 2026), confirming v2.0.0 has no seman-
tic conflict resolution (only MD5 dedup), with
95 related “outdated/stale” issues.

« ¥ Graphiti is Part C only by design. Parts A
and B isolate single failure modes Graphiti
does not address; on Part C its hide-or-expose
split (current 31.2% vs. historical 95.0%,
Table 10) reflects the missing intent-aware
router.

« 59 MAB-262K and LongMemEval-KU.
MAB cells use the Zep leaderboard entry (Hu
et al., 2025) (Zep was a hosted API at MAB
submission); the open-source Graphiti succes-
sor we evaluate on VALIDMEM/FreshQA is
infeasible at MAB-262K (11.74 s/fact x 262K
~ 35.6 days, App. D) and at LongMemEval-
KU (/59 min/question over n=78, timing
out within a 6.5 h budget) under self-hosted
Graphiti without hosted-Zep batching.

G Cross-LLM Robustness

VALIDMEM (n=466) under the Hard30 stress pro-
tocol (30 same-domain distractors per case, ap-
proximating the per-query candidate density at
MAB-64K under top-k Contriever) over 10 LLMs
from 6 families. Per-LLM A = D — A with
paired-bootstrap CIs and BH-corrected g-values
are in Table 5 in the main text; the forest plot in
Fig. 4 shows all ten CIs exclude zero, with gains in
[+11.4,423.8] pp (mean +18.3).

Three robustness checks rule out alternative ex-
planations: (i) the gain is non-monotone in A
(Claude Opus has the highest A=56.0 yet still
gains +22.8 pp), so it is not a headroom effect; (ii)
on the 10-distractor pilot (8,388 predictions), three
judges agree unanimously on 90.3% of cases (Ta-
ble 11), per-pair x € [0.799,0.997]; (iii) a judge-
free keyword rescore yields Ayeywora=48.4pp
with CIs excluding zero on Parts A/B/C, isolat-
ing the FSM contribution from any judge-format
choice.
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Judge pair Raw agreement K

GPT-40-mini vs. Sonnet 4.6 90.4% 0.800
GPT-40-mini vs. GPT-40 99.9% 0.997
Sonnet 4.6 vs. GPT-40 90.4% 0.799

3-judge verdict: 3:0 unanimous 90.3%, 2:1 split 9.7%.

Table 11: Inter-judge agreement on VALIDMEM.

Cross-LLM gains on ValidMem (Hard30, n=466, all p<0.001)

Claude (Opus) | & — +22.8

(A=56.0, D=78.8)
Sonnet 4 | ———@—— +238
(A=52.1, D=76.0) ’
GPT-5 | — e—1 +197
(A=55.1, D=74.9)

Gemini 2.5 Pro |
(A=51.3, D=73.8)

GPT-4o | ————— +16.9
(A=53.2, D=70.2)

—e— +225

GLM-5 | ——e—— +230
(A=44.6, D=67.6)

GPT-40 mini | ® +15.7

(A=51.7, D=67.4)
Qwen3-2358B |
(A=51.1, D=66.7) —=e——A +157
DeepSeek-V3 |
(A=54.7, D=66.1) ——@&—1 +114
Qwen2.5-72B | +1is
(A=47.2, D=59.0) ———1
0 5 10 15 20 25 30

A =D — A(pp), 95\% paired-bootstrap Cl

Figure 4: Forest plot of paired A (D — A) across 10
LLMs on VALIDMEM (Hard30, paired bootstrap, 10K
resamples, seed 42). All ten Cls exclude zero (p <
0.001); gains range +11.4 to +-23.8 pp (mean +18.3).

H Why Joint State, Not Independent
Flags?

A two-flag implementation (is_superseded,
is_expired) carries the same information as the
four-state FSM and is not ruled out by Prop. 1. We
pick joint state because the two mechanisms behave
differently in three ways that flat flags hide.

* Different costs. Supersedure is decided once
at write time by pairwise comparison (O (k)
after entity filtering); expiry is checked on
every read against the current clock (O(1)).
Treating them as named states lets us cache the
expensive supersedure decision; the 97.6%
router cache hit rate (§6.5) lives on the super-
sedure transition, not on expiry.

* Cleaner routing. The visibility map I' is a
state-to-visibility table, which extends natu-
rally when we add new query intents or per-
state retrieval penalties. Conjunctive flag tests
grow combinatorially in the same setting.

» Easier diagnosis. The VALIDMEM ablation
shows the two mechanisms have asymmetric
effects: expiry-only helps, but supersedure-
only hurts because it hides historically-needed
facts. Named states make this visible by in-

spection of which state a memory ended up
in.

H.1 Mixed-Workload Full Numbers

100 A
90 A
80 A

70 A

Accuracy (%)

60 -

—®— A (no management)
—#—~ MemFSM D (no router)
=&— MemFSM E (FSM + router)

50 A

40 T T T T
75:25 50:50 25:75 0:100

Current : Historical ratio

100:0

Figure 5: Accuracy vs. historical query fraction on the
mixed-workload sweep over VALIDMEM Part C. full
MEMFSM dominates the full FSM (no router) at every
ratio (gap +3.1 to +14.3 pp); the full FSM collapses
below the no-FSM baseline at p=25:75 (—11.4 pp), the
hide-or-expose failure predicted by Prop. 1.

Fig. 5: each curve traces a distinct mechanism.
No-FSM rises monotonically with the historical
share because past facts that hurt current queries
are what historical queries need; full FSM collapses
below it as historical dominates because hiding S/R
becomes the wrong default (the failure of Prop. 1);
full MEMFSM’s router neutralises this, taking the
column-wise maximum at every ratio.

I Cost-Accuracy Frontier and Efficiency

The lift is not bought with proportional com-
pute. On the 30-case profiling subset, warm cache
(97.6% hit) adds +-0.03 LLM calls and +8% wall-
clock per case while token cost decreases by 2%
as supersedure shrinks the retrieval set; cold start
adds 4-1.33 calls and +31% tokens (Table 12; cost—
accuracy frontier vs. PROMPTFILTER in Table 13).
In absolute terms, the full FSM costs approximately
$0.00003 per query in the warm-cache regime
(GPT-40-mini API pricing); a GPT-40-128K long-
context approach that loads the full memory store
into context costs approximately $0.32 per query
at the same pricing.

I.1 Inline LLM-Filter Baseline

As a non-FSM alternative, PROMPTFILTER runs
Contriever top-k, concatenates retrieved memories
with timestamps into a GPT-40-mini prompt, and
asks for {valid_ids, answer}. It tests whether
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Setting LLMcalls Tokens  Wall
Cold start
no-FSM baseline 1.00 183 1.47s
full FSM 2.33 241 3.21s

Warm cache (97.6% hit)
no-FSM baseline 1.00 207 1.45s
full FSM 1.03 202 1.57s

Table 12: Per-case overhead on VALIDMEM (n=100).

FSM state tracking is avoidable when the LLM
re-assesses validity in-context.

Method Overall A B C Cur. Cost

no-FSM baseline ~ 67.0 73.5 63.3 63.0

- 1.0x
440 312 ~1.5x

Graphiti - - -

PROMPTFILTER 78.1 84.1 78.0 63.0 562 3.8X

full FSM 779 841 740 750 712 1.03x
full MEMFSM 76.8 81.2 71.5 80.0 80.0 1.04x

Table 13: Cost—accuracy frontier on VALIDMEM.
PROMPTFILTER matches the full FSM on Parts A/B but
collapses to the no-FSM baseline on Part C because in-
context validity reasoning has no mechanism for intent-
aware visibility, and pays 3.8 x baseline cost for the
privilege; full MEMFSM dominates it on both axes at
1.04x cost. Cost is per-query token cost relative to the
no-FSM baseline on the 30-case profiling subset.

J Further Analyses on VALIDMEM

A sceptical reader has four natural objections to
the headline on VALIDMEM, and this appendix an-
swers them in order, moving from the data inward
to the method. Is the released subset cherry-picked?
The construction-side QC pass (§J.1) removes only
subjective-temporal cases, and every paired statis-
tical conclusion in the main text is unchanged on
the pre-QC set. Is the GPT-40 / Sonnet / Gem-
ini gold biased toward systems built on the same
families? A vendor-disjoint pool of Qwen3 and
DeepSeek-V3 judges (§].2) reproduces the same
full-FSM-vs-no-FSM ranking with < 1% Part-C
disagreement. Is the gain an artefact of a tuned co-
sine threshold? Two adjacent thresholds both keep
the full-FSM lead at > +10 pp Overall (§J.3). And
could a learned classifier absorb the routing func-
tion? A same-feature MLP still trails the full FSM
by —13.5 pp on Part A (§J.4), placing the decisive
ingredient in the discrete write-time supersedure
verifier rather than in classifier capacity.

J.1 VALIDMEM Quality Control

During annotation we identified 16 cases (3.4%)
whose ground truth depends on subjective interpre-
tations of recently, currently, or now rather than on

an objective comparison of current_day against
memory timestamps. The QC pass targets the
benchmark defect, not a method-specific obstacle,
so it does not interact with the FSM. We remove
4 cases (0.85%) where recently admits multiple
defensible time scales (e.g. TC-B-0086, TC-B-
0091), and rewrite 12 cases (2.55%) by replacing
now/currently with a concrete anchor of the form
“As of day N, ...” (e.g. TC-C-0007, TC-C-0036),
preserving semantic intent. The remaining 454
(96.6%) are unchanged. All reported results use
the post-QC benchmark (n=466); per-case change
logs are released so downstream users can include
or exclude rewritten cases.

Quantity Pre-QC (n=470) Post-QC (n=466)

no-FSM Overall 66.60% 66.95%

full FSM Overall 77.23% 77.90%

full FSM — no-FSM (paired A) +10.64 pp +10.94 pp
95% CI [+6.38, +14.89] [+6.65,4+15.24]
two-sided p < 0.0001 < 0.0001

supersedure-only — no-FSM (p)
expiry-only — no-FSM (p)

full MEMFSM — full FSM (p)
ORACLE — full FSM (p)

+4.89 (0.001)
+5.96 (0.003)
—1.06 (0.318)
+2.34(0.011)

+4.72 (0.0002)
+6.22 (0.003)
—1.07 (0.316)
+2.36 (0.013)

Table 14: Effect of QC on the headline numbers. 10K-resample paired
bootstrap (seed 42); strict evaluation. Every paired significance level is
preserved; the full-FSM-vs-no-FSM effect marginally strengthens.

Full MEMFSM retrieval reuse. The release
script reuses the full FSM’s retrieved set for the
458 cases unchanged from v1.0 when comput-
ing full MEMFSM’s metrics, since the router sets
archived_allowed=False on Parts A/B and is
therefore retrieval-equivalent on those parts. Cor-
rectness is evaluated end-to-end on all 466 cases
independently; only the retrieved-set used by CRR
inherits under this invariant.

J.2  Open-Source Judge Replication (Qwen3)

If the headline D—A gap depended on a propri-
etary judge, swapping in an open-source judge of
comparable capability should shrink it. We re-
judge the same A/B/C/D predictions on VALID-
MEM (n=466) using Qwen3-100B+ as the sole
correctness judge, with prompt and parsing held
constant. The D— A gap remains positive and sub-
stantial across three judging regimes applied to the
same predictions: +11.0 pp under GPT-40-mini
(single), +10.5 pp under the 3-judge majority used
in the main text, and 47.3 pp under Qwen3-100B+
alone. Per-part ordering is preserved (supersedure-
only drives Part A, expiry-only drives Part B, full
FSM combines for best Overall); the smaller mag-
nitude under Qwen3 tracks its lower headline accu-
racy on both A and D, ruling out the failure mode
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in which D> A holds only because predictions and
judge come from the same vendor.

Config Part A Part B Part C Overall
no-FSM 73.5 628 68.0 67.8
supersedure-only 85.3  63.3  66.0 71.9
expiry-only 66.5 689 770 69.7
full FSM 835 699 71.0 75.1

Table 15: Re-judging the same A/B/C/D predictions
with Qwen3-100B+. D—A=-+7.3 pp.

Stronger swap: Qwen3 as both gold source and
judge (Part C, n=100). We further regenerate
gold answers for all of Part C using Qwen3-100B+
as the sole gold source and re-judge the same
full-FSM predictions. Aggregate accuracy drops
from 75% to 63% (raw agreement between gold
streams: 84%); the drop is not a global bias but is
concentrated in the superseded_but_new_expired
sub-category (—40 pp on 25 cases), with the other
three sub-categories agreeing within =8 pp. The
contested sub-category encodes nested temporal
semantics: a fact is replaced by a newer one, the
newer one then expires, so neither is currently us-
able and the formally correct answer is “no infor-
mation.” Of the 16 disagreements there, 14 share
one pattern: full FSM correctly outputs “no info”
while Qwen3-as-gold emits the (now-expired) su-
perseding value, ignoring the second-order expiry;
the reverse direction accounts for only 2 cases. We
therefore treat the Qwen3 sole-gold 63% on Part C
as a lower bound that exposes where a single-LLM
gold pipeline fails on second-order temporal seman-
tics, not as a corrected estimate of system accuracy.

Vendor-disjoint robustness check (DeepSeek-
V3). To address a possible Western- vs. Chinese-
LLM bias, we add DeepSeek-V 3 as a fourth vendor-
disjoint gold source for Part C: it regenerates a gold
answer per case and a DeepSeek-V3 judge then as-
sesses semantic equivalence against both prior gold
streams. On the 80 cases with a clean regenera-
tion (20 hit provider rate-limits, uncorrelated with
case difficulty), only / case (1.0%) shows the bias-
suspicious pattern of “DeepSeek and Qwen3 agree
against the 3-source consensus,” versus 9 cases
of “DeepSeek and 3-source agree against Qwen3”’;
on the contested sub-category itself (n=25), zero
cases show the bias pattern. The 3-source gold is
therefore robust to vendor-family swap; the —40 pp
Qwen3 drop reflects Qwen3’s limits on nested tem-
poral logic, not a bias in the 3-source gold.

J.3 Cosine Threshold Sensitivity

This appendix shows that the headline gain is
not an artifact of a single tuned cosine thresh-
old. The supersedure detector uses an entity-aware
cosine threshold 7 as the gate before the LLM
verification stage (§4). Table 16 sweeps 7 €
{0.60,0.70,0.80,0.90} on VALIDMEM (n=466,
full FSM, otherwise identical pipeline). Overall
accuracy peaks at 7=0.70, the value used through-
out the main text. As 7 rises above 0.70, Conflict
Resolution Rate (CRR; Part A) collapses mono-
tonically from 57.1% to 22.9% because borderline-
paraphrase conflicts no longer pass the gate; Part A
accuracy drops accordingly. Below 0.70, Part C
(mixed invalidation) suffers as the verifier admits
more false-positive conflict pairs. Two adjacent
thresholds, 0.60 and 0.70, both keep the full-FSM
lead at > +10 pp Overall over the no-FSM base-
line, so the headline gap is not an artifact of thresh-
old tuning.

7 Part A Part B Part C Overall CRR

0.60 84.1 755  69.0 772 582
070 841 740 750 719 571
080 753 781 770 76.8  34.1
090 741 781 770 764 229

Table 16: Cosine threshold sweep (%, VALIDMEM
n=466, Config D). 7=0.70 is the overall maximum
and the value reported in all main-text tables. CRR col-
lapses monotonically as 7 rises, the predicted signature
of an under-sensitive supersedure gate.

J.4 Learned-router baseline

Proposition 1 rules out monotone-scalar+threshold
routing but does noft rule out a learned router that
absorbs the routing function into a classifier. A
same-feature learned classifier should match the
discrete write-time verifier if the verifier’s contri-
bution is captured by the features alone; we check
this directly by training a sklearn-tier visibility clas-
sifier on the same (query, memory, li fecycle) in-
puts that MEMFSM consumes, then running the
same end-to-end answer pipeline.

Setup. Features: query embedding (Con-
triever), memory embedding, query—memory
cosine, memory age in days, presence/value of
expires_at, and a coarse query-intent feature
(current/historical). Two classifiers: Lo-regularized
logistic regression and a 2-hidden-layer MLP (64—
32, ReLU, dropout 0.2). Trained 5-fold on
VALIDMEM per-memory visibility labels derived
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from the 4-state FSM ground truth; reported
numbers use the held-out folds. Answer LLM:
GPT-40-mini. Judge: DeepSeek-V3 (matched
to the audit in App. J.2). The MLP marginally
outperforms LogReg; we report the MLP.

Headline. Same answer LLM and judge through-
out; the full FSM is scored under the matched
DeepSeek-V3 judge for fairness:

Learned full FSM A

Part A (event) 69.4 82.9 —13.5
Part B (time) 29.1 26.5 +2.6
Part C (mixed) 64.0 61.0 +3.0
Overall (n=466) 51.3 54.5 —-3.2

Values in %; A in pp.

Why Part A is where the gap lives. The
—13.5 pp gap on durable-fact supersedure matches
the structural prediction: a continuous classifier
trained on (cosine, age, intent) features cannot
reliably distinguish paraphrastic-but-compatible
restatements from contradictory updates, because
that distinction requires reading the new fact’s con-
tent, which a fixed feature vector cannot encode.
This is the exact decision MEMFSM delegates to a
write-time LLM verifier. On time-only and mixed
parts, where the discriminating signal is closer to
the surface features, the learned router is competi-
tive.

Takeaway. The structural advantage of the
FSM’s discrete write-time supersedure event is not
absorbed by a same-feature learned classifier; the
gap stems from the verifier, not classifier capacity.
Whether a much larger learned model with end-to-
end task supervision can close the Part A gap is a
separate question we do not address.

Code: code/audit/learned_router_
{baseline,evall}.py; results: results/
validmem/learned_router/{predictions,
results}. json.

Ethics Statement

Memory systems and personal data. MemFSM
manages a per-user memory store of facts derived
from conversational input. In real deployment, this
memory store can include personally identifiable
information such as names and addresses, and sen-
sitive categories such as medical conditions, finan-
cial details, and location history. We highlight three
considerations specific to memory state machines:

 Right to retract. The FSM’s ARCHIVED state
is designed to hide superseded or expired

facts from default retrieval, but it does not
delete them. Production deployments en-
abling “right to be forgotten” must imple-
ment explicit purging on top of the FSM, not
rely on archival alone. The FSM’s transition
log provides an audit trail for which facts
were marked archived when, supporting trans-
parency obligations.

* Stale information and harm. Time-triggered
expiration reduces the chance of a system
confidently asserting outdated information
(e.g., obsolete medical instructions). The
FSM does not guarantee correctness; it only
filters memories whose half-life has lapsed.
Safety-critical deployments should layer ex-
plicit human-readable "as-of" timestamps on
top of the LLM answer (§4).

* Adversarial entity injection. An at-
tacker who can write memories could de-
liberately introduce contradictions to flip
ACTIVE—SUPERSEDED transitions for legiti-
mate facts. We do not model this threat; the
FSM treats any new fact about the same entity
as a candidate for supersedure if the cosine
similarity exceeds a threshold. A production
system would need write-time provenance and
authentication beyond the scope of this paper.

Datasets used in this paper. All five bench-
marks (VALIDMEM, FreshQA v2, LongMemEval,
MAB CR, LoCoMo) are publicly released by third
parties prior to this work. The benchmarks contain
synthetic dialogue and synthetic personas; no ac-
tual user data is involved. Our VALIDMEM contri-
bution includes a quality-control pass that removes
4 cases (0.85 %) with subjective temporal wording
and rewrites 12 cases (2.55 %) with concrete time
anchors; the per-case change log is documented
in Appendix J.1 and released for community use.
The quality-control and reliability annotation was
performed by two of the authors working indepen-
dently; no external annotators were recruited or
compensated.

LLMs and energy use. We use ten LLM end-
points in the cross-LLM evaluation. Each evalua-
tion runs on hosted inference services; the marginal
energy cost per query is therefore a function of the
underlying provider’s data-centre efficiency, which
we do not control. Per-case end-to-end energy
is dominated by the answer-generation LLM call
(~200-500 input tokens, ~80 output tokens), not
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by the deterministic retrieval pipeline. The FSM
read path adds at most +0.03 amortised LLLM calls
per query (cache hit rate 97.6 %); the write path
adds at most one entity-extraction call per new fact,
which is cached across users.

Model and code release. We release all evalua-
tion code, frozen caches, per-question result arrays,
and figures. The release does not include the un-
derlying conversational LLMs (those are accessed
via vendor APIs). The frozen caches contain only
LLM output strings produced from synthetic bench-
mark questions; they include no user data. Where
a benchmark’s licence requires attribution or limits
redistribution, our release respects those terms.

Risks of replicating this work. The audit find-
ings in Appendix F document concrete fail-
ure modes in widely deployed memory systems
(Mem0O, MemoryBank, LangChain memory). We
disclose these findings constructively: the contra-
dictions we identify (e.g., MemoryBank’s 100 %
memory-drop rate on LoCoMo) are properties of
misuse of the systems, and our reproduction code
highlights the default hyperparameters that produce
the observed behaviour. We do not believe respon-
sible disclosure is at risk: the issues are observable
from public benchmark runs, and the affected sys-
tems are open-source. We believe documenting the
issues alongside fixes (the FSM design) is the more
useful contribution.

Reproducibility Checklist

Code and data release. All experiment code,
evaluation caches, and per-question bootstrap
arrays used to derive every number reported
in this paper are released at https://github.
com/zhoushuo119-creator/MemFSM under
Apache-2.0 (code) and CC-BY-4.0 (data). The
VALIDMEM benchmark is additionally re-
leased at https://huggingface.co/datasets/
ZhoullAlex/ValidMem. The release contains:

* code/eval/: 17 evaluation scripts (one per
benchmark variant).

* code/analysis/: 20 analysis scripts (boot-
strap, merging, temporal-ambiguity audit, plug-
and-play wrapper).

* code/efficiency/: 5 profiling scripts (cost,
latency, cache amortisation, scale).

* code/spot_check/: 5 cross-LLM scripts and
the unified 11m_adapter. py dispatching to 10

distinct model endpoints.

* code/baselines/: faithful port of Memory-
Bank (memorybank_official_port.py) and
the keyword query router.

e data/: frozen evaluation caches (27 MB):
freshqa_old_answer_cache_FROZEN. json
(584 entries, locked 2026-04-30 11:28 UTC),
11lm_conflict_cache.json (13425 en-
tries, 97.6 % hit rate after warm-up), and
validmem. json (n=466, the post-QC bench-
mark used for all main-text numbers).

* results/: raw per-case JSONs + bootstrap CI
artefacts + plug-and-play wrapper results.

» paper/: figures (5 canonical + 2 appendix),
the cleaned-dataset per-case change log, case
studies, and this paper’s I&EX source.

Random seeds. All stochastic components are
deterministic under fixed seeds:

* Bootstrap resampling:
numpy . random.default_rng(42) with
Npoot = 10,000, applied identically across
VALIDMEM, LongMemEval, FreshQA, and the
plug-and-play wrapper analyses.

¢ Distractor sampling (FreshQA):
per-question  seeded RNG with key
freshqa_distractor_{qid}, guarantee-

ing identical distractor draws irrespective of
iteration order.

* MemoryBank port: seed=42 for the stochas-
tic Ebbinghaus drop. The official release does
not seed this step; we add the seed for repro-
ducibility and log it explicitly.

¢ Mixed-workload construction (§6.5): ratio-
specific query samples drawn from a pool of cur-
rent/historical variants over VALIDMEM Part C;
seeds 42—46 (one per ratio) are logged under
results/validmem/.

* LLM temperature: 7" = 0 for all answer-
generation and judge calls. Residual non-
determinism from the serving layer is bounded
by our frozen caches (see next item).

Frozen caches. To eliminate cross-run drift from
LLM serving non-determinism, we freeze two
caches before reporting any number:

¢ freshqa_old_answer_cache_FROZEN. json
(584 entries). Any cache miss during a FreshQA
+ MemoryBank evaluation now raises an excep-
tion rather than generating a fresh answer.
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* 11m_conflict_cache. json (13425 entries).
Used by the entity-keyed conflict judge; the
97.6 % hit rate at n=100 VALIDMEM cases is
derived from a re-run on top of this cache.

Statistical conventions. All headline numbers
are paired bootstraps on per-case arrays (Moot =
10,000, seed 42). We report two-sided p values and
95 % confidence intervals throughout. Unpaired
comparisons are marked explicitly and use a two-
proportion z-test. Significance codes: *** p <
0.001; ** p < 0.01; * p < 0.05; n.s. p > 0.05.

Embedder and judges. We use
sentence-transformers/all-MinilM-L6-v2
for the MemoryBank port (the model’s
officially released English default) and
facebook/contriever-msmarco for MemFSM.
The contradiction-judge LLM and the correctness-
judge LLM are held constant (GPT-40-mini) across
all answer-LLLM ablations; this is explicit in each
script’s header and in Appendix G.

Model endpoints. Ten LLMs are used
in the paper, dispatched through a single
adapter (code/spot_check/11m_adapter.py).
All endpoints are OpenAl-compatible
chat.completions or Anthropic-style Messages
APIs accessed over HTTPS. Model identifiers
are documented in the released cross-LLM re-
sult files and in the adapter; credentials are
read from the environment and none are dis-
tributed. The adapter handles the four quirks we
encountered (Claude Messages format, GPT-5
max_completion_tokens, Qwen3 thinking mode
with /no_think system prompt, Gemini-2.5-pro’s
large reasoning budget requirement).

Hardware and wall-clock. All experiments run
on a single CPU host; neither MemFSM nor any
baseline uses a GPU at serving time. Embedding
is precomputed once per corpus. Full single-query
latency at N=64K facts is 1.09 s end-to-end and
12ms for the deterministic pipeline alone (Ap-
pendix I).

Dataset versions.

* VALIDMEM: we release the benchmark with
a quality-control pass documented in Ap-
pendix J.1; all main-text numbers are reported
on the post-QC n=466 subset, with pre-QC
numbers included alongside for backward com-
parison.

* LongMemEval: official release  of

longmemeval_s. json.

* FreshQA v2: we use only the subset
of questions answered by answer_0 with
false_premise=FALSE, three fact-type labels
(fast/slow/never-changing).

* MAB CR (MemoryAgentBench, Conflict Res-
olution split): loaded from HuggingFace
ai-hyz/MemoryAgentBench.

* LoCoMo: official release,
MemoryBank-port comparison only.

used for

Every dataset is third-party and was released before
the start of this work.

Supplementary analyses. Two analyses beyond
the main benchmark set are fully scripted and re-
leased: (i) the mixed-workload ratio scan (§6.5),
and (ii) the inline LLM-filter baseline (§6.5, Ap-
pendix I.1). Per-case JSONs, bootstrap arrays, and
the resulting table/figure generation scripts live un-
der results/validmem/, with each script entry-
pointed by a single README . md command.
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