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ABSTRACT

Persistent memory can improve personalization in LLM agents
but can also induce sycophancy and cross-domain leakage. We dis-
tinguish two governance decisions: admission, which determines
what recalled information enters the working context, and presenta-
tion, which determines how admitted information is expressed. We
implement two inference-time designs without retraining: factor-
compiled admission (FC), which assesses whole memory entries,
and permission-semantic admission (PS), which decomposes entries
into typed units. Both use deterministic policies to translate adju-
dicated attributes into eligibility decisions and typed channels. We
evaluate the designs on a four-backbone development suite and an
external benchmark with four tasks of 300 samples each. Relative to
verbatim injection, FC and PS reduce pooled judge-assessed failure
rates on the external benchmark by 6.7 and 8.8 percentage points,
respectively (p = 2.7 x 1077 and p = 4.1 X 10™!2). Development-set
reductions in cross-domain leakage reach 29.5 percentage points.
The query-conditioned gating baseline shows no statistically sig-
nificant change in objective fact judgment failure or pooled failure
relative to verbatim injection. Under identical neutral-list render-
ing and matched admission counts, PS outperforms random and
relevance-based selection on external objective-fact judgment af-
ter Holm correction. The corresponding internal controls and a
separate situational-permission probe do not establish a selection
advantage. A controlled development-set experiment reduces cross-
domain failure by a further 17.5 percentage points by tightening
admission while holding presentation fixed (p = 1.6 x 107%). In
contrast, no comparison between two renderings of identical ad-
judication outputs survives an exploratory Benjamini-Hochberg
correction across nine task—-metric pairs. Both designs increase per-
sonalization failures, and PS misses the preregistered improvement
and personalization-preservation criteria. These results support
evaluating admission and presentation separately: selection qual-
ity provides task-specific safety gains, while preserving beneficial
memory use remains unresolved.
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1 INTRODUCTION

Consider a memory entry stored by a conversational assistant: “The
user has bought and self-custodied bitcoin since 2013.” When the
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user asks “How do I buy bitcoin?”, the memory provides a possible
expertise signal that may justify a less introductory explanation.
When the user asks “What should I invest in?”, it provides back-
ground about the user’s experience, but does not establish either
a current investment preference or evidence that bitcoin is suit-
able for a new investment. For a query about resume writing, it is
simply irrelevant. Correct behavior depends on two decisions that
current memory-augmented agents do not separate: whether the
memory enters the working context at all, and how whatever is
admitted is organized and expressed in the prompt. Memories are
typically injected verbatim, leaving the generator to resolve both
questions implicitly—often defaulting to sycophantic validation or
cross-domain leakage [15].

We call these two decisions the admission lever and the presen-
tation lever. The distinction matters because the two levers have
different costs, different failure modes, and—as this paper shows—
very different effect sizes. Admission changes which information
is available in the working context: excluded units cannot directly
influence the response through memory injection, but useful infor-
mation may also be withheld. Presentation preserves the admitted
content while changing its organization and wording, although
misleading information may still influence the response. Common
admission mechanisms such as retrieval thresholds and relevance
filters exercise admission crudely with a single keep/discard bit,
and prompt-level memory steering typically exercises presentation
without any admission decision. No prior work, to our knowledge,
separates and measures the two levers on the same memory system.

This paper does so with a controlled decomposition. On the
admission side we instantiate situated adjudication: one batched
adjudication call sees the query, the answer target, the task mode,
and all top-k memories together (enabling cross-memory conflict
detection), assigns attributes—never action decisions—and phys-
ically drops ineligible units. We evaluate two admission designs.
Factor-compiled admission (FC) assesses each retrieved entry
as a whole and uses deterministic code to map its attributes to
typed channels. Permission-semantic admission (PS) first de-
composes entries into typed units and maps their attributes to six
permission categories: five permitted uses and deny. Units assigned
deny are omitted from the generation prompt. On the presentation
side we instantiate two sectioned renderings of the same adjudi-
cated verdicts—permission-note headers (PN) and information-type
channel headers (CH)—grouping the same admitted units under
differently labeled sections.

All confirmatory analyses were preregistered before data collec-
tion, with frozen prompts and assets. The evaluation runs on two
surfaces: a four-backbone development suite spanning sycophancy,
beneficial use, and cross-domain leakage (n = 122/91/200 per di-
mension), and an external benchmark of four preference-memory
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tasks with 300 samples each [21], judged end-to-end by a single
external judge. Our findings:

e Adjudication-based pipelines cut judged harm; one con-
trolled contrast isolates an admission move. On the ex-
ternal benchmark, FC cuts pooled judged harm by 6.7pp
(p =2.7%x 1077) and PS by 8.8pp (p = 4.1 X 107'2) against
verbatim injection; they share adjudicated admission as well
as situated analysis, typed judgment, and structured-use
instructions, so we attribute the cuts to the adjudication-
based pipelines as wholes rather than to admission alone
(PS-vs-FC: pooled p = .066, not statistically significant). The
query-conditioned gating baseline shows no statistically sig-
nificant change in objective-question failure (45.2% — 45.5%,
p = 1.0) or pooled failure (p = .08). A separate controlled
contrast—presentation, prompt, and judge fixed, only the
injection set tightened—cuts cross-domain failure a further
17.5pp (p = 1.6 X 107*) in one development configuration.
Budget-matched controls, in which every comparison arm
receives exactly as many memory units per query as PS, at-
tribute part of the external gain to the selection itself (the
internal study is preregistered; the external extension follows
the same frozen analysis family and thresholds without a sep-
arate preregistration): at equal budget PS cuts objective-fact
failure below both random-selection and relevance-ranking
arms (Holm-corrected), while the same controls show no
significant selection effect on the development surface. On
the development suite, admission cuts cross-domain leakage
by 29.5pp on Qwen3.7-Max and 15.0pp on Kimi-K2.6 (both
surviving false-discovery correction).

e Between the two tested sectioned renderings, no ro-
bust difference. In a verdict-shared controlled experiment—
same adjudication decisions, same admitted content, only
the rendering differs—the single nominally significant cell
(+4.0pp, p = .043) does not survive an exploratory BH cor-
rection across the nine task-metric pairs (g=.39), and a pre-
registered cross-backbone main test is 0/4 significant. The
claim is scoped to the two tested renderings, not to presen-
tation in general. The only directly significant presentation
effect we observe is a single-backbone design-phase obser-
vation (9.9% — 2.2%, two-sided p = .039), which we report
as suggestive only.

o Failures under memory-evidence conflict persist un-
der every tested governance wording. Misleading rates
remain 82.3-85.0% in the FC, PS, and rendering arms (85.7%
under the gate baseline), against 91.7% under verbatim injec-
tion; a no-memory arm shows 0% misleading. Among tested
configurations, only those that remove memories from the
context eliminate the effect; no arm that retains the conflict-
ing memory, under any wording we test, brings misleading
below 82%. We read this as a residual-failure observation,
not an established mechanism (Section 6).

e Boundaries. Both admission designs increase missed-personal-
ization failures on the personalization task (FC +7.6pp, PS
+5.3pp, both significant)—an overshoot observed for both
designs; GPT-OSS-120B does not improve on leakage un-
der the tested configurations (p = .12; a generation-time
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configuration does, supplement S5 ); and a preregistered
effect-size gate is not met (pooled improvement 8.8pp vs. a
10pp threshold; personalization accuracy —6.0pp vs. a 3pp
no-degradation line).

Within the evaluated configurations, the results support prior-
itizing admission decisions, while providing no robust basis for
preferring one tested rendering over the other. Our contribution
is an experimental framework that distinguishes pipeline-level ef-
fects, presentation effects under fixed verdicts, and the effect of
tightening admission in a controlled configuration.

2 RELATED WORK
2.1 Memory-Augmented Agents and Their Risks

Generative Agents [14] introduced the memory stream; MemGPT
[12] adapted paging to long conversations; subsequent systems
add forgetting curves [25], compression [13], multi-layer stores
[19], and managed extraction pipelines [4, 17]. PersistBench [15]
formalizes the risk side: memory-induced sycophancy (median
97.8% failure across 18 frontier LLMs) and cross-domain leakage
(median 53%), alongside beneficial personalization. MemSyco-
Bench [21] extends preference-memory risk to five controlled tasks
including memory-evidence conflict and scope overreach; MIST
[2] concurrently measures sycophancy in memory-augmented
models. We use PersistBench’s dimensions as a development
surface and MemSyco-Bench’s tasks as the external surface, and
we study mitigation rather than measurement.

2.2 Defenses: Filtering, Steering, and Removal

Admission-type defenses exist at three stages of the memory lifecy-
cle. Storage-side admission control [22] scores candidate memories
before they are written, optimizing memory-bank quality rather
than what a retained memory may later do; retrieval-layer defenses
[9, 18] exercise admission as a binary relevance decision at query
time; closest to us, MemGate [23] learns a query-conditioned neural
gate over memory representations. Because sycophancy-inducing
memories are topically relevant by construction, a natural concern
is that similarity-space gates may not separate them from beneficial
memories; we probe this empirically by reimplementing its gating
policy on our substrate (Table 2, Gate). Our context-side admission
operates after retrieval and before generation, assessing whole en-
tries in FC and typed units in PS. Presentation-layer structuring
has also been tried as a standalone defense: partitioning memories
into structured regions at inference reduces cross-domain leakage
while leaving sycophancy largely unchanged [6]—consistent with
our finding that presentation alone carries limited weight when the
admitted content is unchanged. Instruction-level steering [1] exer-
cises presentation without admission: a standing prompt tells the
generator how to treat memories, with effect sizes that vary widely
across models. Deletion-centric approaches—certified removal [3],
unlearning [10]—remove stored content altogether, which is orthog-
onal to our question of how a retained memory may act; in adversar-
ial settings, state-contamination work [20] shows that summariza-
tion can launder toxic content into classifier-clean memory and that
post-hoc cleaning of stored summaries fails, consistent with our
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Figure 1: Governance decomposed into two levers over one
adjudication. Admission (upper half): a single batched adju-
dication assigns attributes to retrieved memories in situ; two
admission designs (FC, PS) compile the adjudicated attributes
to decide what enters the context, and excluded material is
physically absent. Presentation (lower half): the same admit-
ted verdicts are rendered under either sectioned form (PN
vs. CH) —the verdict-shared comparison of Section 5.3 varies
only this stage.

memory-evidence conflict finding even though their threat is adver-
sarial toxicity rather than ordinary governance failure. Our adjudi-
cation differs from all of these: it is situated (decisions depend on the
query, not just the memory) and separated from action—the adjudi-
cator judges facts, deterministic code compiles them into structure,
and FC operates on whole entries, whereas PS operates on typed
units; excluded content is omitted from the generation context.

3 SEPARATING ADMISSION FROM
PRESENTATION

3.1 Problem Formulation

At generation time an agent retrieves the top-k memories M =
{my,...,my} for query q. Governance composes two maps. Ad-
mission A maps each retrieved entry m to typed units U (m)—with
U(m)={m} when the design judges whole entries, as in FC—and
selects which of them reach the working context; presentation P
decides the surface form of the prompt that encodes the admitted
units. The deployed default injects everything retrieved verbatim.
Both levers act at inference time—no retraining, no deletion, no
edit of stored content (Figure 1). Three complementary designs
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measure how far each lever moves outcomes: pipeline-level com-
parisons quantify adjudicated admission (plus compilation) against
verbatim injection; a verdict-shared experiment isolates presenta-
tion wording under identical verdicts—a control condition specific
to the rendering comparison, not to the FC-vs-PS comparison—
and a single-variable contrast isolates tightening admission with
presentation fixed (Section 5.4).

3.2 Situated Adjudication (the Admission Lever)

One batched adjudication call receives the query, the recent dia-
logue, benchmark-provided evidence, and all k memories together,
and returns a structured verdict. Its design has three fixed properties,
shared across both admission designs and both evaluation surfaces:

(1) Attribute assessment separated from policy decisions.
The adjudicator assigns attributes to each memory entry or
unit, including kind, subject, epistemic status, and tempo-
rality. A separate deterministic policy maps these attributes
to eligibility decisions and permitted uses; the adjudicator
never decides what the answer should do.

(2) Situation awareness. A situation block judges the answer
target (about the user, a third party, or the world) and the task
mode (factual, recommendation, planning, support) before
any unit verdict, so the same memory can be eligible for one
query and ineligible for another.

(3) Physical exclusion. Units compiled out of the context are
dropped from the prompt entirely—absence, not annotation
of absence.

Two designs instantiate the compilation step, both frozen before
their respective confirmatory runs:

FC: factor-compiled admission. FC assesses each retrieved
entry as a whole and assigns typed influence factors: scope, subject
match, role, epistemic support, temporal status, and utility. For
mixed entries, an allowed_content field may restrict which por-
tion can be used. Deterministic code maps these factors to one of
five typed channels: constraints to follow, personalization signals,
non-authoritative user views, supporting context, and uncertain
context. The policy is asymmetric: constraints and current pref-
erences fail open—when attributes leave their status uncertain,
the item is retained in a supporting channel—whereas beliefs and
unverified facts fail closed—uncertainty excludes them. Excluded
memories never enter the generation context.

PS: permission-semantic admission. PS first decomposes
each memory into typed units. For example, “I prefer brand A
because its battery lasts longest” yields a preference unit and a
factual-claim unit, allowing eligibility to differ within the same
entry. The adjudicator assigns attributes to each unit, and determin-
istic code maps these attributes to one of six permission categories:
five permitted uses, such as applying a constraint or mentioning
a user view, plus deny. Units assigned deny are omitted from the
generation prompt. PS is the design-phase iteration of the adjudica-
tion schema (unit splitting; attribute-to-permission compilation) ;
its rendering uses the channel form below.
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3.3 Channel vs. Permission-Note Rendering
(the Presentation Lever)

Holding adjudicated verdicts and admitted content fixed, we com-
pare two renderings. PN (permission-note rendering): admitted
units are grouped under section headers, each stating what that
section’s information may be used for in this answer. CH (chan-
nel): units are grouped under typed channel headers that state
what each group may be used for (the variant that won a design-
phase comparison on the development backbone; Section 5.3). Both
are sectioned renderings encoding the same permission semantics
over the same admitted units; they differ in section labeling and
organization—permission-note labels vs. information-type chan-
nel labels—so the comparison isolates the rendering stage while
acknowledging that section scheme and wording co-vary within it.

3.4 Preregistration and Asset Freezing

Every confirmatory comparison in this paper was preregistered
with frozen assets before its data collection: the cross-backbone
suite (arm definitions, dimensions, test families), the external gate
and three-way comparison (task set, pooling, thresholds), and the
verdict-shared rendering experiment (including the verdict-sharing
mechanism: the PN arm runs first and writes verdicts to a ledger;
the CH arm reads the ledger without re-adjudication, guaranteeing
identical admission decisions). The internal budget-matched con-
trols have preregistration documents; their external extension and
the situational-permission probe (supplement S9-S10) were run
under analysis families and thresholds frozen at data collection but
without separate preregistration documents, and we flag this status
where those results are reported. Adjudication prompts, channel
headers, and permission schemas are held fixed from the develop-
ment phase; no prompt was tuned after any external run began. An
independent audit script recomputed every reported statistic from
raw per-sample labels; missing judge scores (2 of 9,600 external
judgments) are handled by pairwise exclusion, never zero-filling.

4 EXPERIMENTAL SETUP

4.1 Two Evaluation Surfaces

Development surface: PersistBench [15], three dimensions over
pre-injected memory pools: sycophancy (n=122 after retrieval fil-
tering), beneficial use (n=91), and cross-domain leakage (n=200);
the official failure criterion (judge score > 3 on a 1-5 rubric) is
adopted throughout. The development evaluation compares Bare
(verbatim injection, no adjudication), PS+PN, and PS+CH.
External surface: MemSyco-Bench [21], four tasks X 300 sam-
ples on a MemZero-style persistent-memory substrate [4]: objective
fact judgment (ofj; does a stored user preference bend an objectively
answerable question), contextual scope control (csc; does a prefer-
ence leak outside its scope), memory—evidence conflict (mec; does a
stored claim override provided evidence), and personalized memory
use (pm; is an appropriate stored preference actually applied). Each
task’s primary binary failure criterion is judged per sample: miscon-
ception adoption (ofj), out-of-scope preference use (csc), misled-by-
conflicting-memory (mec), and preference-not-used (pm). External
arms: Bare, Gate (query-conditioned gating [23], reimplemented
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on the same substrate), FC, PS, PS+PN, PS+CH, and a NoMem
ablation (same questions, no memory system).

4.2 Models and Judge Protocol

Development generators: Qwen3.7-Max, MiniMax-M3, Kimi-K2.6,
and GPT-OSS-120B [7, 8, 11, 16]; the external surface generates with
DeepSeek-V4-Pro [5]. All generators run temperature 0, thinking
disabled, except Kimi-K2.6 (API-enforced 0.6) and GPT-OSS-120B
(reasoning effort low, the closest available approximation). The
FC/PS adjudicator is DeepSeek-V4-Pro on both surfaces; the supple-
ment’s generation-time system (Two-Phase) runs its own phase-1
scorer, with per-run configuration documented in supplement S5.
On the development surface, all four generators receive the same
frozen PS adjudication outputs, allowing us to evaluate downstream
transfer while holding upstream adjudication fixed. A single ex-
ternal judge (GLM-5.2, temperature 0, thinking disabled) scores
every arm on every surface [24]; the judge is never a generator, and
all within-study comparisons share judge, threshold, and prompts.
To check the judge, two human annotators independently labeled
a stratified sample of 360 development-surface outputs (120 per
dimension) under the same score>3 failure rubric; all annotator—
judge and annotator—annotator disagreements were resolved by
item-level third-party adjudication, and the judge agrees with the
resulting consensus labels at binary ¥=0.70 (n=352; supplement S3).
No human validation was performed for the external task rubrics.

4.3 Statistical Analysis

All comparisons are paired at the sample level. Binary paired out-
comes are analyzed using two-sided exact McNemar tests; internal
comparisons against the five-seed random baseline use a paired
permutation test on per-case seed means. Internal budget-matched
studies use Holm correction over preregistered families, and the ex-
ternal budget-matched extension applies the same correction with-
out a separate preregistration document, while the cross-backbone
comparisons use Benjamini-Hochberg correction within their spec-
ified families. We report corrected g-values for the cross-backbone
families and uncorrected raw p-values elsewhere as preregistered,
marking nominal results explicitly. A pooled external test con-
catenates per-sample binary failures across the four task criteria
(n=1,199; 1,200 minus one missing judge score, excluded pairwise).
An effect-size gate preregistered for PS requires pooled harm im-
provement > 10pp at p < .05 and no task accuracy drop > 3pp.

4.4 Preregistration, Audit, and Availability

Three preregistration documents (cross-backbone suite; external
gate and three-way comparison; verdict-shared rendering exper-
iment) were frozen before their respective data collections and are
released with the paper, alongside per-sample binary labels for
every arm, the frozen adjudication and rendering assets, and an
independent audit script that recomputes every statistic reported
here from raw labels. Parse-failure rates are zero on both surfaces.
The 9,600 external judgments decompose as eight arms X four tasks
X 300 (Bare, FC, PS, PS+PN, PS+CH, NoMem, the Gate baseline of
Table 2, and the generation-time arm reported in the supplement);
the two missing scores are excluded pairwise rather than zero-filled.
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Table 1: Development surface: failure rate (%) under verbatim
injection (Bare) vs. PS+PN and PS+CH; paired exact McNe-
mar, raw p. Dimensions: syc = sycophancy, ben = beneficial
use, xd = cross-domain leakage. Bold = survives BH correc-
tion within its own family: CH cells against the preregistered
cross-backbone family (CH vs. Bare on syc/xd, four back-
bones); PN cells against a separate exploratory family.

Backbone Dim Bare PS+PN p PS+CH P
MiniMax-M3  syc  31.1 27.0 .40 29.5 .83
MiniMax-M3  ben  16.5 18.7 .82 16.5 1.0
MiniMax-M3 xd 9.5 4.0 .052 4.0 .027
Qwen3.7-Max  syc 50.0 36.1 .0009 41.8 .053
Qwen3.7-Max ben 0.0 0.0 1.0 0.0 1.0
Qwen3.7-Max xd 440 145 <107* 18.0 <107*
Kimi-K2.6 syc 434 32.0 .0094 32.8 .019
Kimi-K2.6 ben 0.0 1.1 1.0 2.2 .50
Kimi-K2.6 xd 37.0 22.5 .0013 22.0 .0003
GPT-OSS-120B  syc 459 38.5 .064 37.7 .041
GPT-0SS-120B  ben 0.0 1.1 1.0 1.1 1.0
GPT-0SS-120B  xd 64.0 70.0 12 69.0 .20
5 RESULTS

5.1 Admission Transfers Across Backbones

Table 1 shows the development suite: adding adjudication to ver-
batim injection, under either rendering. The cross-domain leakage
dimension carries the transfer: Qwen3.7-Max improves 44.0% —
14.5% (PN) / 18.0% (CH) and Kimi-K2.6 37.0% — 22.5% / 22.0%. The
Qwen3.7-Max and Kimi-K2.6 cross-domain comparisons survive BH
correction under both renderings (¢ = 0 for Qwen; Kimi g = .0034
under PN and g = .0011 under CH): CH comparisons are evaluated
within the preregistered family, and PN comparisons within a sepa-
rate exploratory family. MiniMax-M3 improves on the same dimen-
sion at 9.5% — 4.0% but does not survive BH correction (g = .053),
nor does the Qwen3.7-Max comparison on sycophancy under the
CH family (g = .070); the Kimi-K2.6 sycophancy comparison sur-
vives under the exploratory PN family (g=.019) but narrowly misses
the preregistered CH family (g=.051), and the Qwen3.7-Max one
survives under the exploratory PN family (g=.0034). In a separate
development-set comparison on DeepSeek-V4-Pro, a grouping-only
control—sections labeled with benchmark-provided domain labels,
no adjudication—does not explain these gains: relative to it the full
method improves sycophancy (32.0% — 19.7%, p = .006) and cross-
domain leakage (19.0% — 5.0%, p=1.5x107), while we detect no
statistically significant improvement from grouping alone over ver-
batim injection (both p>.25; supplement S2). Sycophancy improves
directionally on all four backbones under CH yet no individual cell
survives correction—we read this as a consistent direction without
independent significance, not as four confirmations. No comparison
shows a statistically significant increase in beneficial-use failure
(all p > .052). These results do not establish equivalence or exclude
smaller utility losses at this sample size.

The last row is the boundary: GPT-OSS-120B enters with 64%
leakage—the worst bare rate in the suite—and adjudication does
not significantly reduce its leakage rate (64.0% — 70.0%, p = .12:
no significant improvement, and not a significant harm). We there-
fore do not extrapolate a bare-leakage threshold from this single
non-improving backbone; Section 6 returns to why.
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Table 2: External benchmark: judged failure rate (%) by task,
n=300 per cell (one ofj cell 299 after pairwise exclusion). Paired
exact McNemar vs. Bare. Gate = our reimplementation of the
query-conditioned gating policy of MemGate [23] on the
same substrate (memories admitted by query-conditioned
relevance, no adjudication). pm failure = appropriate stored
preference not applied (lower is better).  marks a failure-rate
increase relative to Bare (Section 5.5). Task abbreviations: ofj
= objective fact judgment, csc = contextual scope control, mec
= memory-evidence conflict, pm = personalized memory use.

Task Bare Gate p FEC p PS P
ofj 452 455 1.0 237 1.4x1078 204 7.6x107Y
csc 333 227 .0004 27.0 042 253 .0049
mec 91.7 857 .0003 850 8.8x107° 84.0 3.4x107°
pm 147 227 .0012F 223 0022 200 03657
pooled (n=1,199) 46.2 44.1 08 395 2.7x1077 374 4.1x10712

5.2 Admission Cuts Harm on the External
Benchmark

Table 2 is the external three-way comparison. Against verbatim
injection, both admission designs cut judged harm on every safety-
oriented task and in the pooled test: FC 46.2% — 39.5% (—6.7pp,
p =2.7x1077) and PS 46.2% — 37.4% (—8.8pp, p = 4.1 X 10712),
The task-matched objective-question cell is the largest single effect:
45.2% — 20.4% (-24.7pp, p = 7.6 X 1071), with answer accuracy
rising 56.2% — 75.9%. Because FC and PS share adjudicated admis-
sion as well as situated analysis, typed judgment, and structured-
use instructions, we attribute these cuts to the adjudication-based
pipelines as wholes; the single-variable contrast of Section 5.4 iso-
lates one admission move within such a pipeline, and PS-vs-FC is
not statistically significant (pooled p = .066), so the comparison
does not establish an advantage of either design. A budget-matched
control on the same benchmark (every comparison arm receives
exactly as many memory units per query as PS; internal study
preregistered, external extension not separately preregistered; sup-
plement S10) shows the selection itself contributes to the external
gain: at equal budget PS cuts objective-fact failure below both a
random-selection arm (23.3% vs. 31.7%, Holm-adjusted p=.001) and
a relevance-ranking arm (44.3%, adjusted p<.0001), with accuracy
rising in step and preference-use metrics showing no significant
difference (at most one sample’s difference across 300 pairs); on the
internal development surface the same controls show no statisti-
cally significant selection advantage.

The Gate column locates our increment against a direct retrieval-
side baseline. Query-conditioned gating improves the two scope-
conflict tasks (csc —10.7pp, mec —6.0pp, both p < .001) but shows no
statistically significant change in objective-question failure (45.2%
— 45.5%, p = 1.0) and worsens personalization (+8.0pp, p = .0012);
its pooled change is not significant (p = .08). Directly paired
against this gate, PS improves the objective-fact task (McNemar
p=2.4x10""7 over 300 valid pairs) but shows no significant advan-
tage on scope control (p=.42) or memory-evidence conflict (p=.50):
the admission increment over the reimplemented gating baseline is
task-specific. This is the failure mode our adjudication is designed
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Table 3: Verdict-shared rendering experiment: identical ad-
mission decisions, two sectioned renderings (PN vs. CH).
Paired exact McNemar; n=300 per row.

Task  Metric PN CH P
ofj accuracy 737 777 043
ofj misconception  .220 .190 .12
csc accuracy 170 .160 .76
csc scope violation  .253 .237 .60
mec  misled 833  .823 .68
mec  accuracy .003 .007 1.0
pm accuracy 603  .603 1.0
pm use pass .600  .600 1.0

pm  preference used .827 .807 .43

to repair: preference-bearing beliefs are topically relevant to the
query, and in this evaluation the reimplemented gate does not sep-
arate them on the objective-fact task, while situated adjudication
separates on epistemics and scope relative to the query. PS reduces
ofj failure by 24.7pp relative to Bare. Its personalization failure
increase is numerically smaller than Gate’s (+5.3pp vs. +8.0pp),
although this difference has not been separately tested.

PS has a lower observed failure rate than FC on all four tasks, but
none of the direct comparisons is statistically significant. Pooled
failure decreases from 39.5% to 37.4% (p = .066; discordant pairs 98
vs. 73). The task-level p-values are .14 for ofj, .62 for csc, .70 for mec,
and .36 for pm. Personalization failure is also numerically lower
under PS (20.0% vs. 22.3%; p = .36); these results do not establish
PS’s superiority over FC.

5.3 Holding Verdicts Fixed, No Robust
Difference Between Renderings

The verdict-shared experiment compares PS+PN vs. PS+CH with
identical adjudication decisions—the PN arm writes verdicts to a
ledger that the CH arm reads without re-adjudication—so any dif-
ference is attributable to the rendering change (section labels and
organization) alone. Table 3 shows the result across four tasks and
nine task-metric pairs. The single nominally significant cell (ofj
accuracy 73.7% — 77.7%, p = .043) fails BH correction across the
nine task-metric pairs (g = .39; a supplementary, non-preregistered
correction scope; the separate preregistered development-set com-
parison is reported below), and its direction does not replicate across
tasks. The two pm rows are perfectly symmetric (27/27 and 28/28
discordant pairs, both p = 1.0). A preregistered cross-backbone
main test of PN-vs-CH on the development surface (beneficial di-
mension, four backbones) is likewise 0/4 significant (all p > .50):
CH improves beneficial-use failure on one backbone, worsens it on
one, and leaves the observed rate unchanged on two. Pooling all
1,200 pairs across the four tasks, the PN-CH failure difference is
0.8pp (exact McNemar p=.43) with a 95% paired CI of [-2.7, +1.0]pp
for CH-PN—a bound on the four-task-average difference between
these two renderings, not on wording effects in general and not per
task (task-level effects of opposite sign could cancel; we saw none
exceeding +4.0pp nominal).

The only directly significant presentation effect in this paper
is the design-phase comparison that selected CH: on the single
development backbone, beneficial-use failure fell 9.9% — 2.2%
(two-sided p = .039; one-sided as preregistered p =.0195). This is
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Table 4: No-memory ablation compared with the PS+CH arm.
Values are percentages. Removing memory sharply reduces
personalization accuracy and preference use, while yielding
zero observed scope violations and misleading responses;
this ablation removes both beneficial and conflicting content
(Section 5.4).

Task NoMem PS+CH

pm: accuracy / pref. used 1.0/2.0 60.3/80.7
csc: accuracy / violation  0.0/0.0 16.0/23.7
mec: misled 0.0 82.3

a single-backbone, uncorrected observation that did not generalize
as an independent effect on any other backbone or on the external
surface. We find no statistically robust difference between the two
tested renderings at this sample size. This result applies to their
combined differences in section labels and organization, and does
not establish that presentation effects are absent in general.

5.4 Memory Pressure, and Admission in
Isolation

The mec task reveals a persistent failure under the tested gover-
nance configurations. On mec, misleading rates range from 82.3% to
85.0% across the FC, PS, and rendering arms, compared with 85.7%
under Gate and 91.7% under Bare; in the rendering arms, objective
accuracy is near zero (.003 and .007; Table 3, mec rows). The task is
dominated by the conflicting premise: when it is present in the con-
text, generators overwhelmingly follow it, and no wording of it that
we test (.833 vs. .823 misled) repairs generation. With the memory
system off, misleading drops to 0%—though this ablation removes
the entire memory block (beneficial and conflicting content alike),
so it establishes memory-dependence, not which content is respon-
sible. The no-memory ablation sharpens the same point across tasks
(Table 4): removing memory collapses personalization (pm accu-
racy 1.0%, preference use 2.0%) and zeroes out scope violations and
misleading—memory is simultaneously the benefit and the hazard,
and in our arms only interventions that change which memory
content reaches the context move both sides of that trade-off.

A single-variable experiment isolates that admission move
directly. On the development surface’s cross-domain dimension
(DeepSeek-V4-Pro, n=200; supplement S5), an annotated-memory
arm—memories kept in the prompt with per-memory influence
annotations, generation instructed to acknowledge but not adopt—
fails 42.5%. Holding the same annotations, the same generation
prompt, the same judge, and the same phase-1 scores fixed, and
changing only the injection set (memories whose maximum
influence score falls below 0.5 are excluded from the generation
prompt), failure falls to 25.0% (paired exact McNemar p = 1.6X107%,
59:24 discordant pairs). Presentation identical, admission tightened:
a further 17.5pp. This controlled contrast shows that tightening
admission reduces cross-domain failure in the evaluated configura-
tion. Separately, the verdict-shared experiments find no statistically
robust difference between the two tested renderings.

On ofj, a no-memory arm run under our own protocol—same
generator, judge, items, and answer prompts; the only intended
difference is the absence of memory injection—scores 75.3%
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accuracy (226/300). Accuracy is 56.2% (168/299) under verbatim
injection and 75.9% (227/299) under PS. The latter two estimates
use the 299 valid paired observations, whereas the no-memory
arm has valid scores for all 300 items. Injecting preference-bearing
memories is associated with a 19.1pp accuracy drop before any
governance, and adjudicated admission recovers it.

5.5 Boundaries

The personalization overshoot is shared by both designs.
Both admission pipelines increase pm failures—appropriate pref-
erences left unapplied—FC 14.7% — 22.3% (p = .0022) and
PS 14.7% — 20.0% (p = .0365), with pm accuracy dropping
66.3% — 57.0% (FC) and — 60.3% (PS). Two structurally different
designs overshooting on the same task is a shared observation; our
design does not isolate whether the cost is inherent to the admission
move or to shared pipeline components. The preregistered gate
is not met. The PS gate demanded pooled improvement > 10pp
and no task accuracy drop > 3pp; measured: 8.8pp (1.2pp below
the threshold) and —6.0pp pm accuracy (beyond the permitted
3pp decrease). The pooled improvement is statistically significant
(p=4.1x10712) and the ofj failure reduction is 24.7pp; neither result
changes the gate outcome. One backbone does not improve
under the tested configurations. GPT-OSS-120B’s elevated bare
leakage (64%) shows no statistically significant change under the
tested admission-plus-rendering configurations, PS+PN and PS+CH
(64.0% — 70.0%/69.0%, p = .12/.20); a generation-time configura-
tion (supplement S5) cuts the same backbone’s cross-domain failure
materially, so the boundary is configuration-specific rather than a
model limit (Section 6). One cross-batch gap. Bare external runs
precede governed runs by ~30 hours (identical judge protocol and
frozen assets, preregistered as run-once); we flag it. The adjudi-
cator under-triggers on fine-grained situational permissions.
A dedicated probe (180 paired queries spanning object-switch,
context-switch, and opinion-use permissions; four arms; two
backbones; supplement S9) finds no paired-success gain of PS over
an equal-budget relevance arm or bare injection (DeepSeek-V4-Pro
35.6% vs. 32.8%/31.1%, both p > .22), and memory injection is
net-negative on Qwen3.7-Max (7.2% vs. 28.3% without memory,
p<107%). The adjudication logs suggest a possible source of failure:
56% of restrict-worthy memory units are assigned CONTEXT,
8% are denied, and only 11.9% of restrict-bearing queries receive
full governance; this observation does not isolate adjudicator
errors from reference-label ambiguity or downstream generation
failures. The side-level decomposition shows the governable
content exists—memory presence moves success by up to +53.8pp
on use-side queries and —42 to —82pp on restrict-side queries (sup-
plement S9)—while the probe does not isolate adjudicator errors
from reference-label ambiguity or downstream generation failures.

6 DISCUSSION

Why the lever is at the context layer. The mec observation gen-
eralizes: sycophancy-inducing and leaking memories are topically
relevant by construction, so relevance-space filters may fail to sepa-
rate them from beneficial ones without discarding both—consistent
with the gate results of Section 5.2. Situated adjudication is designed
to separate them on epistemics and scope relative to the query—is

AAMAS °27, May 3-7, 2027, Hanoi, Vietnam

this unit a verified fact or a user belief? is the answer about the user
or the world?—dimensions orthogonal to topical similarity; on fine-
grained situational switches, however, the situational-permission
probe finds this separation does not transfer (supplement S9).
The mec results establish that misleading responses depend on
the presence of the memory block under the tested conditions:
misleading rates remain at 82.3-85.0% in the FC, PS, and rendering
arms, compared with 85.7% under the gate baseline and 0% under
the no-memory arm; because the no-memory arm removes all
recalled content, this comparison does not isolate the effect of
selectively excluding conflicting units. This places the lever at the
context layer of the admission map (Section 2.2)—after retrieval and
before generation, decided per unit for the current query—where
it complements rather than competes with storage-side write
admission [22] and retrieval-side trustworthy search [23].

Why GPT-0SS-120B does not improve under the tested
configurations. Its bare leakage (64%) is the suite’s worst, and
the tested admission-plus-rendering configurations (PS+PN,
PS+CH) show no statistically significant improvement (64.0% —
70.0%/69.0%, p = .12/.20). In the separate precursor study, Two-
Phase reduces this backbone’s cross-domain failure from 84.0% to
45.5% (supplement S5), indicating that the backbone can improve
under another evaluated configuration; because the two studies
use different configurations and baselines, this comparison does
not identify the cause of the main evaluation’s result. We leave the
mechanism open.

What presentation is still for. Channel rendering remains our
deployed default: it adds no model calls, it won the design-phase
comparison on the development backbone (suggestively, single-
backbone), and the verdict-shared experiment finds no statistically
significant difference between CH and PN. The tested presentation
strategies do not resolve memory-evidence conflict. This finding
motivates further investigation of admission controls, but does not
establish that other presentation strategies would be ineffective.

Threats to validity. (i) One judge scores all arms; judge
validation is human-checked on the development rubric (binary
K = 0.70 against two-annotator post-adjudication consensus labels,
n=352; supplement S3), not per external task rubric, though all
comparisons share the judge, and the verdict-sharing design makes
the rendering comparison insensitive to stable judge preferences
(style-dependent judge bias is not ruled out). (ii) The pooled external
test concatenates four task-level failure constructs (three safety-
directional, one personalization-miss), i.e., an equal-weight average
of task failure rates; pooling is preregistered, and because the pm
construct moves against admission the pooled estimate understates
the safety-directional improvement (bootstrap details in supple-
ment S2). (iii) Cross-backbone breadth lives on the development
surface; the external surface uses one generator. (iv) Reasoning
was disabled where supported, and GPT-OSS-120B used the lowest
available reasoning setting; the interaction of FC/PS with extended
reasoning was not evaluated—an exploratory thinking-ON pilot
for the precursor system appears in supplement Sé6.

7 CONCLUSION

We distinguish admission from presentation in the governance
of persistent memory. On the external benchmark, FC and PS
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reduce pooled judged failure by 6.7pp and 8.8pp, respectively,
while the query-conditioned gating baseline shows no statistically
significant pooled improvement. A separate controlled experiment
reduces cross-domain failure by a further 17.5pp by tighten-
ing admission while holding presentation fixed. Pipeline-level
reductions in cross-domain leakage also occur across multiple
backbones. Budget-matched controls attribute part of the external
objective-fact improvement to selection quality itself, while the
same controls detect no significant selection effect on the internal
suite. In contrast, no comparison between the two tested renderings
survives multiple-comparison correction. Substantial limitations
remain: misleading rates on memory-evidence conflict remain at
82.3-85.0% in the FC, PS, and rendering arms, compared with 91.7%
under Bare; both admission pipelines increase personalization
failures; PS misses the preregistered gate; and the tested configu-
rations do not improve leakage on GPT-OSS-120B. These findings
support evaluating admission and presentation separately and
reporting safety gains alongside losses in beneficial memory use.
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