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Abstract

Personalized agents must decide whether retrieved user memory should be used, ignored,
updated, or queried before it affects a current task. We use this setting to develop an em-
pirical audit protocol for structured intermediate outputs: first audit dataset shortcuts, then
isolate bundled prompt changes, check whether intermediate labels are answer-associated, test
decomposed semantic evidence, and audit provider-level execution failures. A 480-example syn-
thetic development set initially suggested large gains from a state-structured prompt bundle, but
TF-IDF diagnostics showed lexical separability and no positive standalone IGNORE cases. We
therefore construct a frozen 160-example controlled counterfactual set with 40 matched four-way
families and rule-derived reference policies. On this set, exposing the four state definitions im-
proves accuracy, but an isolated explicit state-output field does not significantly improve policy
accuracy for Llama-3.3-70B and gives only a marginal, non-significant gain for GPT-OSS-120B.
Supplying benchmark-associated state labels shifts policy predictions, but because those labels
deterministically map to policies, this is a label-conditioning diagnostic rather than evidence
of a faithful internal mechanism. Family-level and seed-stability analyses further show that
example-level accuracy overstates counterfactual consistency: complete four-way family success
is rare. An exploratory follow-up that elicits decomposed semantic evidence also fails to im-
prove routing for the cleanly evaluated endpoint; the corresponding GPT-OSS condition was
unavailable because of provider-side request validation. We evaluate policy classification only,
not downstream responses, tool actions, or memory-store mutation.

1 Introduction

Long-term-memory agents retrieve user histories before answering current requests. Retrieval alone
does not determine how the memory should be used: it may be current, irrelevant, superseded, or
insufficient for the task. We study this intermediate decision as memory-policy classification over
{UsE, IGNORE, UPDATE, AsK}. The experiments stop at policy prediction; they do not evaluate
final responses, tool actions, or memory-store mutation.

Our starting point is MemoryPolicy-Bench, a 480-example synthetic development set. It sug-
gested that a state-structured prompt bundle could improve exact-match policy accuracy over
implicit-state/no-state-output prompts on Llama-3.3-70B and Qwen3-32B. A later audit changed
the interpretation: the development set is highly lexically separable under supervised TF-IDF di-
agnostics, and it positively instantiates USE, UPDATE, and ASK but has no standalone positive
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IGNORE reference class. We therefore treat it as development evidence and motivation, not as a
decisive out-of-distribution test.

To test the prompt claim more directly, we freeze a 160-example controlled counterfactual set. It
contains 40 scenario families, each with matched USE, IGNORE, UPDATE, and ASK variants. Refer-
ence policies are rule-derived from structured semantic relations before rendering. Each example has
four history records, and the current task text is byte-identical across the four variants in a family.
The set passes deterministic structural and semantic validation and was verified by two annotators,
working separately and blind to the rule-derived reference policies, who agreed with each other and
with the reference policy on all 160 examples; because the labels are deterministically rule-derived,
this agreement partly reflects the construction. Under grouped diagnostics, the frozen controlled
set remains harder for the evaluated lexical baselines, although this is not directly comparable to
the original random-fold development-set diagnostic because the split, label space, and class priors
differ. It is synthetic and rule-labeled.

The controlled results revise the paper’s claim and motivate a broader audit framing. In a
matched prompt ablation, asking the model to output an explicit state field does not significantly
improve policy accuracy for Llama and is only marginal for GPT-OSS. A separate label-conditioning
diagnostic shows that policy routing is sensitive to externally supplied benchmark-associated state
labels. This diagnostic is intentionally reported narrowly: because states in the frozen controlled set
map deterministically to policies, a supplied state is information-equivalent to an answer label for
an oracle that knows the deterministic state-to-policy mapping; note, however, that the model does
not route on it perfectly — forced-correct-state accuracy is 52.7% (Llama) and 65.0% (GPT-OSS),
since the forced-state prompt supplies the state but not the state-to-policy mapping. It does not
establish that naturally emitted states are faithful internal mechanisms. We therefore analyze not
only average accuracy but also family-level counterfactual consistency, stochastic seed stability, and
rule-based error modes.

Our contributions are:

e We propose a reusable audit protocol (instantiated here on memory-policy classification) that
separates dataset shortcuts, bundled prompt changes, answer-associated label conditioning,
semantic-evidence elicitation, and provider-level execution failures.

e We instantiate the protocol on memory-policy classification with matched four-way counter-
factual families, family-cluster analysis, stochastic-stability diagnostics, and rule-based error-
mode summaries.

e We show that apparent development-set state-structured gains do not survive an isolated state-
output ablation, while supplied deterministic state labels should be interpreted as answer-
associated conditioning rather than mechanism evidence.

2 Related Work

Long-term memory systems for LLM agents study how to store, organize, retrieve, and revise in-
formation across interactions. MemGPT treats memory as an operating-system-like hierarchy for
moving information in and out of limited context windows (Packer et al., 2023); A-MEM develops
dynamic indexing, linking, and memory evolution (Xu et al., 2025); LongMemEval evaluates extrac-
tion, multi-session reasoning, temporal reasoning, knowledge updates, and abstention in long-term
chat memory (Wu et al., 2025); and LoCoMo evaluates very long-term conversational memory over
multi-session dialogues (Maharana et al., 2024). PERSONAMEM studies dynamic user profiles and



personalized responses at scale (Jiang et al., 2025), while Mem2ActBench evaluates long-term mem-
ory use in task-oriented autonomous-agent actions (Shen et al., 2026). Recent multi-agent work also
cautions that expanded recall can change downstream social behavior, so memory should be treated
as an active determinant of agent behavior rather than a passive context extension (Liu et al.,
2026a). These systems establish memory as an architectural requirement, whereas MemoryPolicy-
Bench asks a complementary policy question: once a memory is retrieved, should it be used, queried,
ignored, or updated?

Personalized language modeling and RAG benchmarks study how retrieved profile information
supports outputs. LaMP evaluates personalized classification and generation with retrieval over
user profiles (Salemi et al., 2024), PersonalLLM tests consistency under assigned personality traits
(Jiang et al., 2024), and PrefEval evaluates whether models infer and follow user preferences in
long-context conversations (Zhao et al., 2025). Preflx similarly evaluates preference-aware human-
agent interaction quality alongside task success, rather than treating task accuracy as the only
endpoint (Li et al., 2026a). Retrieval-Augmented Generation combines parametric models with re-
trieved evidence (Lewis et al., 2020), but retrieved context can conflict with parametric knowledge,
with other retrieved documents, or with itself (Xu et al., 2024); Self-RAG addresses part of this
problem through adaptive retrieval and self-critique (Asai et al., 2024). Other retrieval-stage work
constructs semantically weighted path evidence for multi-hop knowledge-graph QA while preserving
path-level traces for diagnostics (Fu et al., 2026). Recent retrieval audits further show that evalua-
tion can be confounded when retrieval units exceed an encoder’s effective input window, and that
query-adaptive fusion need not reliably outperform fixed fusion under grouped evaluation (Wu and
Lin, 2026). Related benchmark work in regulatory divergence detection distinguishes agreement,
divergence, and directional silence over paired source texts (Wu et al., 2026). That work studies
regulatory-document comparison rather than user memory, but it illustrates why conflict and ab-
sence can require distinct labels. Related concerns arise in adaptive systems under distribution
shift: DriftGuard uses multiple safety-relevant monitors to trigger selective adaptation for evolv-
ing toxicity moderation, rather than relying on global distribution drift alone (Xin et al., 2026).
These works are complementary to our setting: they study retrieval-stage evaluation, paired docu-
ment comparison, or when a deployed model should adapt to changing input and risk distributions,
whereas we audit how an agent should route retrieved user memory after retrieval.

Adjacent controlled evaluations outside memory agents make a similar methodological point:
conclusions can depend on cohort and target definitions, on separating an intervention from con-
founded weighting changes, and on which metric is reported (Han et al., 2026b; Wu, 2026; Han
et al., 2026a). We use these as methodological analogies for controlled evaluation design, not as
evidence about memory-policy routing.

Clarification and calibration work motivate asking as a first-class action. CLAQUA supports
deciding whether clarification is needed and how to ask it in knowledge-based QA (Xu et al.,
2019), CLAM shows that generative models can selectively ask clarifying questions for ambiguous
inputs (Kuhn et al., 2022), and self-knowledge work studies whether models know when they do
not know (Kadavath et al., 2022). Knowledge-editing methods such as MEMIT directly alter model
parameters to update stored facts (Meng et al., 2023); MemoryPolicy-Bench instead leaves the
model unchanged and tests whether a prompted agent can classify the policy for a retrieved user
memory at decision time.

Prompting work shows that explicit intermediate text can change model behavior. Chain-of-
thought prompting elicits free-form reasoning traces (Wei et al., 2022), while Least-to-Most and
Self-Ask decompose problems into intermediate subproblems or questions (Zhou et al., 2023; Press
et al., 2023). More broadly, semantically equivalent prompt formulations can themselves induce
systematic performance differences: Jin et al. characterize this phenomenon as prompt privilege



and study accessibility-oriented prompt normalization to reduce disparities across prompting styles
(Jin et al., 2026). This sensitivity further motivates isolating prompt components before attributing
behavioral changes to a particular intermediate representation. Our setting differs by scoring a
discrete intermediate memory-state label against a benchmark state mapping, rather than treating
unrestricted reasoning text as the object of evaluation.

Faithfulness and shortcut-learning work motivates our conservative interpretation. Shortcut
learning describes models exploiting easy surface regularities that need not match the intended
construct (Geirhos et al., 2020). Recent explanation-faithfulness evaluations similarly caution that
an intermediate explanation or label can affect an answer without proving that it reflects the model’s
internal decision process (Matton et al., 2025). Our forced-state diagnostic is therefore framed as
sensitivity to supplied benchmark-associated labels, not as evidence that generated states are faithful
mechanisms.

3 Task Formulation

Let H = {h1,...,h,} be a retrieved user history and T' the current task. A deployed assistant
ultimately produces a response R, but this paper evaluates only an intermediate policy . If
response generation were evaluated, a policy-conditioned decomposition would be

P(R|H,T)=) P(r|HT)P(R|HT,x).

Our experiments stop at estimating .
For state-structured prompting, the model may also emit a diagnostic state s:

s~ P(s| HT), w~ P(r|s,HT).

The benchmark-implied states are Active, Stale-or-Irrelevant, Conflicting-or-Superseded, and Un-
derspecified. In the frozen controlled set these four labels map deterministically to the four reference
policies, so they should be read as benchmark-associated state labels rather than an independent
latent mechanism. The policy labels USE, IGNORE, UPDATE, and ASK are a benchmark-specific
routing abstraction, not a complete, universal, or mutually exhaustive ontology for deployed mem-
ory systems. We distinguish generation categories, benchmark-implied states, and reference policies
throughout.

4 Audit Protocol and Prompt Arms

We organize the study as a five-stage audit protocol for explicit intermediate outputs in agent de-
cisions. Stage 1 is a dataset-construction audit: check class coverage, label distribution, lexical
separability, template predictability, direct label leakage, grouped generalization, and transfer limi-
tations before interpreting prompt gains. Stage 2 is matched prompt isolation: vary one component
at a time, such as taxonomy exposure, explicit state output, rationale output, output ordering, or
deterministic routing. Stage 3 is an answer-associated label audit: if an intermediate label is deter-
ministically mapped to the target answer, forced-label conditions are reported as label-conditioning
diagnostics rather than mechanism evidence. Stage 4 is a semantic-evidence follow-up: replace
answer-associated labels with decomposed evidence fields such as relevance, temporal status, super-
session, context sufficiency, and risk or confirmation. Stage 5 is an operational audit: retain parse
failures, provider request-validation failures, retries, terminal call outcomes, endpoint amendments,



token/cost accounting, and release-package rebuild checks. Broader provenance work treats typed
execution and evidence traces as the substrate for verification, debugging, audit, and recovery in
LLM agents (Wang et al., 2026b); our retained records are a narrower provider-output accounting
layer for this benchmark. Figure 1 gives the audit-protocol diagram.
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Figure 1: Five-stage audit protocol instantiated in this paper. The label-conditioning diagnostic
is separated from semantic-evidence interventions because supplied benchmark-state labels map
deterministically to policy labels and therefore do not test mechanism faithfulness.

All evaluated arms are single-call prompts that receive the history and task and return strict
JSON. Historical internal names are retained only as artifact identifiers. The development-set arms
include implicit-state /no-state-output prompts, a state-structured prompt bundle, and policy-only
baselines. The old state-structured bundle changes several factors at once: state taxonomy, output
schema, step wording, rationale requirements, prompt length, and policy descriptions. Its gains
therefore cannot be attributed to the state field alone.

The frozen controlled set matched ablation uses five pre-specified arms frozen before the corre-
sponding hosted evaluation: policy-only, taxonomy-only, state-output, state-output-with-rationale,
and deterministic-routing with policy definitions. Policy definitions and formatting are held con-
stant where possible. The primary matched comparison is state-output versus policy-only. The
deterministic-routing arm asks only for a state and maps emitted states to policies in code. Exact
artifact IDs and the state-to-policy mapping for these reader-facing names are listed in Appendix D.

The label-conditioning diagnostic uses six artifact conditions; Appendix U describes them and
Appendix E gives the wrong-state construction.

5 Data

Development set. MemoryPolicy-Bench contains 480 synthetic examples generated with Gemini
1.5 Flash. It is balanced across Stable, Contextual, Updated, and Ambiguous generation categories,
but the reference-policy distribution is 240 Usk, 120 UPDATE, 120 Ask, and 0 IGNORE. Labels
are generator-assigned reference policies. The plain Always-USE majority baseline reaches 50.0%,



and a supervised TF-IDF diagnostic reaches 89.6+3.5% policy accuracy under random folds. This
construct-validity warning means the set is lexically separable and used here as development evidence
only. Appendix Q reports the historical development-set prompt-bundle result and why it is treated
as motivation only.

Frozen controlled set. We construct a separate frozen counterfactual set with 160 examples:
40 scenario families crossed with USE, IGNORE, UPDATE, and ASK. Reference policies are derived
deterministically from structured semantic slots before natural-language rendering. Every example
has exactly four history records: an earlier temporal record, a later temporal record, and two
context-specific records. The task text is byte-identical across the four variants in each family;
only the semantic relation between history and task changes; Appendix T gives the representative
four-way family.

The controlled set is synthetically generated and rule-labeled. It passes deterministic structural
and semantic validation, including policy balance, four records per example, identical within-family
task text, type compatibility, and no direct label leakage. Under grouped diagnostics, the frozen
controlled set remains harder for the evaluated lexical baselines: word TF-IDF macro F1 is 0.390 and
character n-gram macro F1 is 0.368 in the controlled-set audit. This should not be read as a strict
magnitude comparison to the development-set random-fold diagnostic, because the development
set has no positive IGNORE reference class and differs in split structure, label space, and priors.
Appendix M reports a development-set-to-controlled-set TF-IDF transfer diagnostic. Each of the
160 examples was verified by two annotators, working separately and blind to the rule-derived
reference policies; the annotators agreed with each other and with the reference policy on every
example. Labels remain rule-derived and may not capture every reasonable human judgment.

6 Experimental Setup

The development-set evidence uses Grog-hosted Llama-3.3-70B (1lama-3.3-70b-versatile) and
Qwen3-32B (qwen/qwen3-32b). The frozen controlled set experiments use Llama-3.3-70B and GPT-
0OSS-120B (openai/gpt-oss-120b). Qwen3-32B was replaced before any controlled-set hosted result
existed because the endpoint became unavailable on the current Groq tier; GPT-OSS results are
never labeled as Qwen results. Llama is the bridge endpoint across both phases.

The Llama endpoint is documented by the Llama 3 family report and the Llama-3.3-70B-Instruct
model card (Grattafiori et al., 2024; Meta Llama, 2024). The development Qwen endpoint is docu-
mented by the Qwen3 technical report (Yang et al., 2025). The GPT-OSS endpoint is documented
by the official GPT-OSS model card (OpenAl, 2025).

All hosted controlled-set runs use the frozen 160 examples, seeds 101/102/103, temperature
0.7, hash-recorded frozen prompt templates, strict JSON parsing, raw response logging, finish-
reason logging, token accounting, and resumable call IDs. Parse failures remain visible and count
as incorrect. The matched ablation contains 4,800 calls; the label-conditioning diagnostic contains
5,760 calls. Frozen-core hosted cost including two smoke calls is estimated at $1.8007 under a $20.00
hard budget.

Primary uncertainty uses scenario-family clustering. We report paired accuracy differences,
10,000-resample percentile bootstrap 95% intervals, and paired family-level sign-flip permutation
tests with plus-one correction. Non-significant p-values are not interpreted as equivalence.



7 Results

Policy-only denotes distinct baselines in the matched ablation, label-conditioning diagnostic, and
semantic-evidence follow-up. These protocols use different prompt templates; the development
comparison also changes label space and priors, while semantic-evidence uses a different render-
ing/template with higher lexical separability despite retaining balanced policies. Their accuracies
are therefore not directly comparable; the label-conditioning table note also separates the two frozen
protocol sources, and the semantic-evidence policy-only value is reported only for Llama.

Tables 1 and 2 summarize the frozen controlled set results. The matched state-output ablation
does not support a universal prompt recipe. State-output improves over clean policy-only by only
0.6 percentage points for Llama, with a 95% family-cluster interval of [-2.9, 4.0] and p=0.8084.
GPT-0OSS shows a larger positive difference of 3.3 points, but the interval includes zero and the
paired permutation test is not significant (p=0.0710; Holm-adjusted p=0.1420). We therefore do
not claim that merely adding an explicit state output consistently improves policy accuracy.

Taxonomy-only shows a different effect: exposing the four state definitions without requiring
a state output improves accuracy on both endpoints (Llama 44.0% to 53.1%, +9.17 points, 95%
CI [5.00, 13.33], raw p=0.0003, Holm-adjusted p=0.0012; GPT-OSS 54.8% to 59.8%, +5.00 points,
95% CI [1.67, 8.33], raw p=0.0045, Holm-adjusted p=0.0135). This dissociates taxonomy exposure
from state emission, but because the four benchmark states map one-to-one onto the four policies,
taxonomy exposure may convey label structure rather than useful typed knowledge.

The label-conditioning diagnostic shows sensitivity to externally supplied benchmark-associated
state labels. Supplying the benchmark-implied label improves routing by 7.3 points for Llama
and 11.9 points for GPT-OSS, with cluster-aware intervals excluding zero. Correct and conflicting
supplied labels produce routing gaps of 15.2 and 15.0 points for Llama and GPT-OSS, respectively,
relative to forced-correct routing. Relative to policy-only (label-conditioning protocol) rather than
forced-correct routing, forced-wrong-state accuracy is 7.9 points lower for Llama (95% CI [-11.9,
-4.2], p < .001) and 3.1 points lower for GPT-OSS (95% CI [-7.1, 0.8, p=0.1582). Because the
four benchmark states deterministically map to the four policies, these contrasts do not establish
mechanism faithfulness.



Model Clean acc. Taxonomy acc. Taxonomy A vs clean  State acc. State A vs clean
Llama-3.3-70B 44.0% 53.1% +9.17 pp 44.6% 0.6 pp

[5.00, 13.33] [-2.9, 4.0]

raw p=0.0003; Holm raw p=0.8084; Holm

p=0.0012 p=0.8084
GPT-0OSS-120B  54.8% 59.8% +5.00 pp 58.1% 3.3 pp

[1.67, 8.33] [0.0, 6.7]

raw p=0.0045; Holm raw p=0.0710; Holm

p=0.0135 p=0.1420

Table 1: Primary matched ablation on the frozen controlled set. Accuracies are exact-match policy
accuracies. A is each arm minus clean policy-only in percentage points; parse failures count as
incorrect. Parse failures are 0 for clean policy-only and state-output on both endpoints; taxonomy-
only has 1 parse failure for Llama and 0 for GPT-OSS. Intervals are 95% scenario-family-cluster
bootstrap intervals; p-values are paired family-level permutation tests. Holm adjustment is over the
four arm-versus-clean contrasts shown for taxonomy-only and state-output across the two endpoints;
the state-output Holm values are unchanged under this expanded family. All reported percentage-
point differences in the paper are computed from unrounded accuracies; displayed rounded endpoints
may not reproduce them exactly.

Model Policy-only Supplied ref.  Supplied conflict State-first
Llama-3.3-70B 45.4% 52.7% 37.5% 42.7%
GPT-0OSS-120B 53.1% 65.0% 50.0% 59.2%
Model Ref. vs policy Conflict vs ref. Conflict vs policy State-first (A)
7.3 pp -15.2 pp -7.9 pp 97
Llama-3.3-70B 2.5, 12.1] [-20.4, -10.0] [-11.9, -4.2] o 0225
p=0.0065 p < .001 p < .001 =0
11.9 pp -15.0 pp -3.1 pp 6.0
GPT-0SS-120B  [8.3, 15.4] [-20.0, -10.2] [-7.1, 0.8] o 501)25
p < .001 p < .001 p—0.1582 p=

Table 2: Label-conditioning sensitivity diagnostic on the frozen controlled set. The supplied-
reference and supplied-conflict columns are absolute accuracies when the prompt receives a
benchmark-associated state label. Delta columns are percentage-point differences on matched
controlled-set decisions; conflict-vs-reference is relative to supplied-reference routing, not policy-
only. Because controlled-set state labels map deterministically to policies, this diagnostic tests
sensitivity to supplied benchmark-associated labels rather than an internal causal state mechanism.



Natural state elicitation remains model-dependent. State-first is negative or neutral for Llama
relative to policy-only (-2.7 points, p=0.0825), but positive for GPT-OSS (+6.0 points, p=0.0025).
Benchmark-mapped state agreement in this condition is 41.5% for Llama and 55.8% for GPT-
OSS. In the state-only deterministic-routing condition (label-conditioning protocol), where policy
is computed from the emitted state, policy accuracy is 46.9% for Llama and 52.5% for GPT-
OSS. This pattern supports the narrower conclusion that explicit state elicitation is not enough:
accurately predicting the benchmark-defined state remains difficult for the evaluated models. The
old development-set prompt-bundle gain cannot be reduced to the state output field because the
bundle changed multiple prompt dimensions and was measured on a lexically separable development
set.

The semantic-evidence follow-up protocol replaces the old four-state label with decomposed
evidence fields for task relevance, temporal evidence, supersession, context sufficiency, and risk or
confirmation. Explicit semantic-evidence output reduces accuracy relative to policy-only by 7.5
percentage points (95% CI [-12.7, -2.5], Holm-adjusted p=0.0146 within the three arm comparisons
in this follow-up protocol), while explicit output differs little from taxonomy-only prompting (+1.3
points, p=0.6079). The taxonomy-only arm itself is lower than policy-only by 8.8 points (95% CI [-
12.1, -5.6], Holm-adjusted p=0.0003). Thus, for the cleanly evaluated endpoint, degradation is more
consistent with taxonomy exposure or the added structured decision frame than with a benefit from
mandatory intermediate serialization. For GPT-OSS, the explicit-evidence arm produced provider-
side JSON validation failures for all attempted records, so that endpoint does not yield a clean
behavioral comparison for this arm. We therefore treat semantic-evidence elicitation as negative for
Llama and unavailable for GPT-OSS, not as evidence that decomposed intermediate fields solve the
leakage concern. Appendix N gives the full follow-up protocol, design audit, and per-arm accuracies.

7.1 Counterfactual Consistency and Failure Analysis

The four-way family structure exposes failures that average example accuracy hides. In the primary
matched ablation, Llama solves no complete four-variant family in either policy-only or state-output
form; GPT-0SS solves 1.7% of family-seed units in policy-only form and 5.0% with state output.
Most families have only two of four variants correct: under policy-only prompting, Llama has 2/4
correct variants in 65.0% of family-seed units and never reaches 4/4.

Seed stability and error taxonomy further localize failures. In the primary matched ablation,
Llama policy-only predictions are unanimous across seeds on 69.4% of examples, while state-output
predictions are unanimous on 76.2%; GPT-OSS shows 83.1% and 74.4%. Among memory-reasoning
error modes, the most frequent by count are conflict over-detection, task neglect (the model ignores
the current task text), and recency overreach, followed by ask-defaulting and irrelevance-to-Ask
confusion (see Appendix J). These are non-exclusive rule-based diagnostics from metadata and
predictions, not human-coded annotations, and their counts must not be summed.

8 Discussion

Supplied benchmark-associated labels are not self-eliciting states. The forced-state arti-
fact conditions show that policy routing is sensitive to externally supplied benchmark-associated
labels: when the benchmark-implied label is supplied by the experimenter, routing improves, and
a conflicting supplied label shifts predictions away from the reference mapping. The matched
prompt ablation shows a different fact: asking the model to emit a state field does not consistently
produce the needed improvement. These results are compatible because accurately predicting the
benchmark-defined state remains difficult for the evaluated models. The rendered taxonomy prompt



lists the four states in the same order as the four policies and closely paraphrases them; the mapping
is recoverable without being stated, so the taxonomy-only gain is confounded with definition restate-
ment. For example, Conflicting-or-Superseded mirrors Update’s newer-overrides-older wording, and
Stale-or-Irrelevant explicitly says ‘no clarification is needed,” separating Ignore from Ask.

Conflicting supplied labels can shift policy predictions. The forced-wrong-state condition
creates an approximately 15-point routing gap relative to the forced-correct-state condition for both
endpoints. Relative to policy-only, it is lower by 7.9 points for Llama and 3.1 points for GPT-OSS.
This cautions against treating explicit benchmark-state outputs as an automatic auditing guarantee.
Externally supplied benchmark-associated labels can shift policy predictions, including when the
supplied label conflicts with the reference mapping; systems need state-quality checks, abstention,
or clarification mechanisms rather than state fields alone.

Model dependence matters. GPT-OSS benefits from natural state-first prompting on the
frozen controlled set, while Llama does not. Llama also performs better with policy-first ordering
than state-first ordering in the diagnostic table. This makes a universal “state first” prompting
recommendation scientifically too strong. The per-policy decomposition makes this concrete: the
state field pushes each model toward a different policy and away from another, and even flips the
sign of its effect on Ask across models, so its effect is a model-specific bias shift rather than a general
gain.

Family-level analysis changes the error picture. Example-level accuracy makes the task
look like a partially solved four-class classification problem, but family-level exact match (Table 8)
shows that models rarely solve all four matched counterfactual variants in the same scenario. Pair-
wise transition analysis further separates a correct policy change from merely changing to another
wrong label. This is why matched counterfactual families are useful as an audit unit: they reveal
whether a prompt tracks the intended semantic relation, rather than merely improving marginal
accuracy.

State output redistributes policies rather than improving them. The overall matched-
ablation null hides opposing class-level effects that cancel. Adding a state field significantly shifts
Llama toward Use (+17.5 pp, 95% CI [6.67, 28.33], Holm p=0.010, within-model four-policy family)
and away from Ask (-14.2 pp, 95% CI [-22.50, -6.67], Holm p=0.010), while it shifts GPT-OSS toward
Ignore (+15.8 pp, 95% CI [7.50, 25.00], Holm p=0.003) and away from Update (-8.3 pp, 95% CI |-
13.33, -3.33|, Holm p=0.010). The gains and losses are of similar magnitude and net to the near-zero
overall change. The Ask policy makes the mechanism concrete and shows it is model-specific in sign:
with a state field, Llama’s Ask output nearly collapses (precision/recall/F1 fall from 35.3/15.0/21.1
to 2.9/0.8/1.3), whereas GPT-OSS’s Ask precision/recall rises (24.53/10.83 to 44.19/15.83). The
same intervention therefore suppresses a policy in one model and sharpens it in another, so it is a
model-specific bias shift rather than a general gain — which is why family-level exact match stays
low and why a universal “state-first” recipe is unwarranted.

The bottleneck is the decision mapping, not information availability. We also tested
the opposite intervention: instead of eliciting structure on the output side, we normalized the input,
replacing the natural-language history with explicit [subject|attribute|value|tag] tuples derived from
the same structured slots (a probe that does not answer-leak: grouped lexical decoders reach only
0.375 word / 0.33125 character accuracy). This did not help and significantly hurt: normalized input
lowered policy accuracy by 8.5 points for Llama-3.3-70B (95% CI [-13.96, -3.54], p=0.0034) and 7.9
points for GPT-OSS-120B (95% CI [-12.08, -3.54|, p=0.0012). Together with the null output-side
ablation and the imperfect forced-correct-state routing, this is consistent with a decision-mapping
bottleneck: making relations explicitly available on the input side did not help. Appendix I gives
the protocol and rendered prompt.
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9 Conclusion

The strongest supported conclusion is not that explicit state output reliably improves memory-policy
classification. On a frozen four-policy controlled counterfactual set, the matched state-output abla-
tion is null for Llama and marginal for GPT-OSS. A separate label-conditioning diagnostic shows
that benchmark-associated supplied labels shift routing, and correct versus conflicting supplied
labels create an approximately 15-point routing gap relative to the forced-correct condition. Be-
cause these labels deterministically map to policies, this is not evidence of a faithful internal state
mechanism. Explicit state elicitation requires more than adding a field to the JSON schema.

This reframes MemoryPolicy-Bench as an audit of memory-policy decisions and of the interme-
diate fields used to justify them. Development-set prompt-bundle gains are useful signals, but the
controlled counterfactual evidence shows that future progress should target robust semantic-evidence
extraction, calibrated asking, provider-compatible structured-output protocols, and downstream re-
sponse/action evaluation rather than relying on a generic state-first prompt recipe. More broadly,
the five-stage audit protocol is proposed and instantiated here on memory-policy classification;
within this task family, it provides a reusable way to separate dataset shortcuts, bundled prompt
changes, answer-associated labels, stochastic instability, and provider failures before making claims
about structured intermediate outputs.

Limitations

Both datasets are synthetic. The frozen controlled set is controlled and counterfactual rather than
naturalistic conversation data. Its labels are rule-derived from structured semantics, deterministi-
cally validated, and verified by two annotators (blind to the reference labels) who agreed with each
other and with the reference policies on all 160 examples. Rule-derived labels encode the benchmark
designers’ intended policy abstraction and may not capture every reasonable human judgment.

The endpoint panel differs across phases. The development set uses Llama-3.3-70B and Qwen3-
32B; the frozen controlled set uses Llama-3.3-70B and GPT-OSS-120B after the Qwen endpoint
became unavailable before any controlled-set hosted result existed. This weakens direct two-model
replication claims across phases. A third endpoint (llama-3.1-8b-instant) reproduces the direction of
the state-output effect in Appendix F.2, but with elevated parse failures, so cross-model state-output
behavior remains model-dependent.

The experiments evaluate policy classification only. They do not measure downstream response
quality, whether old memory is actually applied or suppressed, tool-action success, retrieval quality,
or memory-store mutation. Recent operational systems address transactional memory commits,
provenance-aware shared memory, rollback repair from faulty memories, and proactive recovery from
multi-step execution failures (Li et al., 2026b; Wang et al., 2026a; Yu et al., 2026; Xu et al., 2026);
those settings mutate persistent state or execute actions, whereas our benchmark stops before that
layer. The forced-state artifact conditions also idealize state availability and are best interpreted
as label-conditioning sensitivity diagnostics: because benchmark states map deterministically to
policies, they do not guarantee that a deployed model will infer or use a faithful internal state from
natural text.

The four-policy taxonomy is intentionally narrow. Real systems may need multiple actions at
once: an update may also require using the new value, ignoring one memory may still require
asking about another field, and high-risk tasks may require confirmation even when a memory
appears active. Deletion, forgetting, privacy restrictions, scope constraints, and multi-turn repair
are outside the current benchmark. Exact-match single-label scoring therefore does not cover the
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full strategy space of deployed memory agents. Independent third-party annotation would be useful
future validation, but is not claimed in the current paper.

Finally, hosted API behavior and model endpoints may evolve. The local run records preserve
raw responses, finish reasons, token counts, parse failures, call IDs, and cost logs so that later runs
can be audited against the frozen protocol. The semantic-evidence follow-up further illustrates this
operational limitation: GPT-OSS returned provider-side JSON validation failures for the explicit-
evidence arm under the frozen request format. We retain those records in execution accounting
rather than changing the prompt after seeing outcomes, but we do not interpret that endpoint-arm
failure as model policy behavior.

Ethics Statement

This work studies long-term user memory, a setting that can create privacy and autonomy risks if
deployed carelessly. MemoryPolicy-Bench is synthetic and does not contain real user logs, private
conversations, or personally identifiable information. This reduces immediate data exposure, but it
also means our conclusions should be validated before deployment in systems that store real user
histories.

The proposed framework is intended to reduce inappropriate memory use by making Ignore
and Ask explicit policy options. However, state classification itself requires processing potentially
sensitive history. Practical systems should minimize retained data, support user inspection and
deletion of memories, and avoid applying personal information outside the context for which it
was provided. Differential privacy and other user-level protections (McMahan et al., 2018) are
complementary to this policy-layer approach.

There is also a user-experience risk. Agents that over-ask may frustrate users or shift cognitive
labor onto them, while agents that under-ask may apply stale or irrelevant preferences. More au-
tonomous downstream agents add further interaction surfaces: adjacent Text-to-SQL and embodied-
control work studies iterative refinement, multi-agent collaboration, and long-horizon action failures,
whereas our audit stops before response generation, tool execution, or environment mutation (Su
et al., 2026; Liu et al., 2026b). Our results suggest that calibrated clarification should be evaluated
as a precision-recall problem, not as a simple preference for more questions. Documentation of the
synthetic generation process and intended use should accompany any future public code or data
release.
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Appendix section headings retain artifact identifiers; Appendix D maps them to reader-facing
names.

A Controlled V3 Construction and Validation

Frozen V3 contains 160 synthetically generated examples arranged as 40 four-way scenario families.
Each family has one USE, one IGNORE, one UPDATE, and one ASK variant. The task string
is byte-identical across the four variants, and each example has exactly four history records: an
earlier temporal record, a later temporal record, and two context-specific records. Reference policies
are derived from structured semantic relations before rendering, not assigned by inspecting model
outputs.

The approved frozen set is rule-derived, deterministically validated, and was verified by two
annotators, working separately and blind to the rule-derived reference policies, who agreed with
each other and with the reference policy on all 160 examples. Annotation was not performed by
an independent third party, and labels remain rule-derived. Structural validation checks policy
balance, four records per example, identical within-family task strings, type-compatible slot values,
template balance, duplicate and near-duplicate diagnostics, and absence of direct policy /state label
leakage.

B Frozen-V3 Matched-Ablation Prompts

All matched-ablation arms instantiate the same history/task prefix:

User History:
{history}
Current Task: {task}

The policy definitions are:

- Use: apply the relevant memory.

- Ignore: complete the task without the memory.

- Update: acknowledge that newer information supersedes the old memory and use the newer
information.

- Ask: request clarification before acting.

When a state taxonomy is included, the matched-ablation runner uses this exact heading and
definitions:

Memory state options:

- Active: a relevant memory is current and applies to this task.

- Stale_or_Irrelevant: the memory should not be applied and no clarification is needed.
- Conflicting_or_Superseded: newer information explicitly overrides older memory.

- Underspecified: the history does not contain enough information to decide.

CLEAN Poricy ONLY.
User History:

{history}
Current Task: {task}

Policy options:
{policy definitions}

Output strictly valid JSON with no markdown:
{"policy": "Usel|Ignore|Update|Ask"}

18



TAxoNoMY No STATE OUTPUT.

User History:
{history}
Current Task: {task}

Memory state options:
{state definitions}

Policy options:
{policy definitions}

OQutput strictly valid JSON with no markdown:
{"policy": "Usel|Ignore|Update|Ask"}

For auditability, the following is the verbatim taxonomy-only prompt rendered by the existing
runner for example controlled_v3_02_use.

User History:

Jordan saved an earlier entry: flight seat choice uses an aisle seat for its flight seat choice
option.

The later note records an aisle seat for the flight seat choice option of flight seat choice.
Case A: Jordan noted that the train seat option for train seat is a window seat.

Case B: the profile lists I sit near an exit as the train seat option for train seat.

Current Task: Choose the preference option for Jordan's flight seat choice.

Memory state options:

- Active: a relevant memory is current and applies to this task.

- Stale_or_Irrelevant: the memory should not be applied and no clarification is needed.
- Conflicting_or_Superseded: newer information explicitly overrides older memory.

- Underspecified: the history does not contain enough information to decide.

Policy optioms:

- Use: apply the relevant memory.

- Ignore: complete the task without the memory.

- Update: acknowledge that newer information supersedes the old memory and use the newer
information.

- Ask: request clarification before acting.

Output strictly valid JSON with no markdown:
{"policy": "Usel|Ignore|Update|Ask"}

STATE_OUTPUT_NO_RATIONALE.

User History:
{history}
Current Task: {task}

Memory state options:
{state definitions}

Policy options:
{policy definitions}

OQutput strictly valid JSON with no markdown:

{"state": "Activel|Stale_or_Irrelevant|Conflicting_or_Superseded|Underspecified",
"policy": "Use|Ignore|Update|Ask"}
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STATE _OUTPUT _WITH RATIONALE.

User History:
{history}
Current Task: {task}

Memory state options:
{state definitions}

Policy optioms:
{policy definitions}

Step 1. Classify the memory state.

Step 2. Choose the policy.

OQutput strictly valid JSON with no markdown:

{"state": "Activel|Stale_or_Irrelevant|Conflicting_or_Superseded|Underspecified",
"reasoning": "...",
"policy": "Usel|Ignore|Update|Ask"}

STATE _ONLY DETERMINISTIC ROUTING.
User History:
{history}

Current Task: {task}

Memory state options:
{state definitions}

Policy optioms:
{policy definitions}

Output strictly valid JSON with no markdown:
{"state": "Active|Stale_or_Irrelevant|Conflicting_or_Superseded|Underspecified"}

C Frozen-V3 State-Intervention Prompts

The label-conditioning diagnostic prompts below are frozen-V3 prompts, not historical development-
set internal prompts. They share the same policy definitions listed in the matched-ablation prompt
section; conditions that ask for a state use the same state definitions.

Poricy ONrLy.

User History:

{history}

Current Task: {task}

Policy options:
{policy definitions}

Output JSON: {"policy": "Use|Ignore|Update|Ask"}

STATE _FIRST.
User History:

{history}
Current Task: {task}
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State options:
{state definitions}

Policy options:
{policy definitions}

First output state, then policy. Output JSON: {"state": "...", "policy": "...

PorLicy FIRST.

User History:
{history}
Current Task: {task}

State optiomns:
{state definitions}

Policy options:
{policy definitions}

First output policy, then state. Output JSON: {"policy": "...", "state": "...

FORCED CORRECT _STATE.

User History:
{history}
Current Task: {task}

Given memory state: {benchmark-implied state}

Policy optionms:
{policy definitions}

Output JSON: {"policy": "Usel|Ignore|Update|Ask"}

FORCED WRONG _STATE.

User History:
{history}
Current Task: {task}

Given memory state: {fixed non-reference state}

Policy optioms:
{policy definitions}

Output JSON: {"policy": "Use|Ignore|Update|Ask"}

STATE ONLY DETERMINISTIC ROUTING.
User History:

{history}
Current Task: {task}

State options:
{state definitions}

OQutput JSON:

n}

u}

{"state": "Active|Stale_or_Irrelevant|Conflicting_or_Superseded|Underspecified"}
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D Artifact Name Mapping

Table 3 reports the bridge between reader-facing names and artifact identifiers.

Paper-facing name Artifact ID

Policy-only matched arm Clean_ Policy Only

Explicit state-output matched arm State Output_No_Rationale

State-only routing with policy StateOnly Deterministic Routing (matched-ablation
definitions prompt)

State-only routing without policy State  Only Deterministic Routing (label-conditioning
definitions prompt)

Supplied reference label Forced Correct State

Supplied conflicting label Forced Wrong State

the frozen controlled set Frozen V3

the semantic-evidence follow-up Semantic-Evidence V1

Table 3: Reader-facing names for internal artifact identifiers. Exact machine IDs are stored in the
raw-result metadata. The two state-only deterministic-routing artifact conditions share a historical
ID but use different prompts; they are therefore named separately in prose.

E Label-Conditioning Diagnostic and Wrong-State Construction

The FORCED CORRECT _STATE and FORCED WRONG _STATE artifact conditions are reported
as a label-conditioning sensitivity diagnostic. Frozen V3 uses a deterministic benchmark state-to-
policy mapping: Active—USE, Stale-or-Irrelevant—IGNORE, Conflicting-or-Superseded—UPDATE,
and Underspecified—ASK. Supplying a state label therefore supplies a benchmark-associated answer
label, not an independent latent mechanism.

The FORCED  WRONG _STATE condition uses the fixed seed 20270719. For each frozen example,
the runner samples one label uniformly from the three states that differ from the benchmark-implied
state. The selected wrong state is then fixed across models and seeds. This construction makes
wrong-state comparisons informative about sensitivity to externally supplied benchmark-associated
labels, but it does not prove that naturally emitted state strings are faithful internal mechanisms.

F  Full Frozen-V3 Results

Table 4 reports the full matched prompt-ablation results, and Table 5 reports the full label-
conditioning diagnostic results.
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Model Arm Calls Accuracy Macro F1 Parse fail
Llama-3.3-70B CLEAN_ POLICY ONLY 480 44.0% 36.3% 0
Llama-3.3-70B TAXONOMY NO_STATE OUTPUT 480 53.1% 46.5% 1
Llama-3.3-70B STATE OUTPUT_NO_RATIONALE 480 44.6% 35.4% 0
Llama-3.3-70B STATE OUTPUT_ WITH RATIONALE 480 47.9% 40.4% 0
Llama-3.3-70B STATE ONLY DETERMINISTIC ROUTING 480 45.0% 35.9% 0
GPT-0OSS-120B  CLEAN_ POLICY ONLY 480 54.8% 47.1% 0
GPT-0OSS-120B  TAXONOMY NO_STATE OUTPUT 480 59.8% 55.2% 0
GPT-0OSS-120B  STATE _OUTPUT_NO_RATIONALE 480 58.1% 53.5% 0
GPT-0OSS-120B  STATE OUTPUT_ WITH RATIONALE 480 57.9% 52.9% 0
GPT-0OSS-120B  STATE ONLY DETERMINISTIC ROUTING 480 56.9% 50.8% 0
Table 4: Full frozen-V3 matched prompt-ablation results.
Model Condition Calls Accuracy Macro F1  State agreement Parse fail
Llama-3.3-70B POLICY ONLY 480 45.4% 36.3% n/a 0
Llama-3.3-70B STATE FIRST 480 42.7% 32.6% 41.5% 0
Llama-3.3-70B POLICY _FIRST 480 48.8% 40.1% 44.6% 0
Llama-3.3-70B FORCED_CORRECT _STATE 480 52.7% 49.2% n/a 0
Llama-3.3-70B FORCED WRONG STATE 480 37.5% 30.4% n/a 0
Llama-3.3-70B STATE ONLY DETERMINISTIC ROUTING 480 46.9% 36.1% 46.9% 0
GPT-0SS-120B  POLICY _ONLY 480 53.1% 44.6% n/a 0
GPT-0OSS-120B  STATE FIRST 480 59.2% 54.4% 55.8% 0
GPT-OSS-120B  POLICY _FIRST 480 57.1% 51.1% 53.8% 0
GPT-0SS-120B  FORCED_CORRECT _STATE 480 65.0% 63.2% n/a 0
GPT-0SS-120B  FORCED WRONG STATE 480 50.0% 46.1% n/a 0
GPT-0SS-120B STATE ONLY DETERMINISTIC ROUTING 480 52.5% 46.5% 52.5% 0

Table 5: Full frozen-V3 label-conditioning diagnostic results. State agreement is shown only for
conditions that ask the model to emit a state. Forced-state conditions supply benchmark-associated
labels and are not interpreted as internal state mechanisms.

F.1 Per-Policy Decomposition of the Matched Ablation

Table 6 decomposes the primary matched ablation by reference policy.

Model Policy A 95% CI Holm p
Llama-3.3-70B Use +17.5 pp* [6.67, 28.33] 0.010
Llama-3.3-70B IGNORE n.s. n.s. n.s.
Llama-3.3-70B UPDATE n.s. n.s. n.s.
Llama-3.3-70B AsK -14.2 pp* [-22.50, -6.67] 0.010
GPT-0OSS-120B UsE n.s. n.s. n.s.
GPT-0SS-120B IGNORE +15.8 pp* [7.50, 25.00] 0.003
GPT-0OSS-120B UPDATE -8.3 pp* [-13.33, -3.33] 0.010
GPT-0SS-120B Ask n.s. n.s. n.s.
Table 6: Per-policy decomposition of the primary matched ablation. Deltas are

STATE _OUTPUT _NO_ RATIONALE minus CLEAN PoLricYy ONLy; Cls are scenario-family-
cluster bootstrap intervals; p is Holm-adjusted across the four policies within each model; parse
failures count as incorrect. Only Holm-significant cells are numerically reported here; full per-policy
metrics and confusion matrices appear below. Gains and losses are reported together and the overall
effect is null. * marks Holm-significant cells.

F.2 Third-Endpoint Replication (llama-3.1-8b-instant)

Table 7 reports an additive third-endpoint replication.
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Model Arm Accuracy Macro F1 Parse fail

llama-3.1-8b-instant Clean policy-only 25.6% 11.3% 0/480
llama-3.1-8b-instant State-output no rationale 37.3% 27.4% 18/480
llama-3.1-8b-instant Delta (state-output minus policy-only) +11.7 pp 95% CI [8.54, 14.79] p=0.0001

Table 7: Additive third-endpoint replication. The candidate qwen/qwen3.6-27b was excluded af-
ter an HTTP 400 json validate failed smoke failure, mirroring the GPT-OSS explicit-evidence
provider failure documented in the main text. llama-3.1-8b-instant is a small model included only
to test cross-model direction, not as a headline result. The state-output arm had 18/480 parse
failures, counted as incorrect, so this delta must not be read as a clean gain.

G Family-Level Counterfactual Analysis

Frozen V3 is arranged as 40 matched four-way families. Family exact match requires all four variants
in a family to be correct for a given model, arm, and seed. The analysis also constructs the six within-
family policy pairs (USE/IGNORE, USE/UPDATE, USE/ASK, IGNORE/UPDATE, IGNORE/ASK, and
UPDATE/ASK) and classifies each pair as expected-transition correct, partial transition, missed
transition, wrong-direction transition, or provider/parse failure. The computed pairwise-transition
records are retained in local run outputs. Table 8 reports family exact-match rates for the matched
prompt ablation. Table 9 reports family exact-match rates for the label-conditioning diagnostic.

Model Condition Family exact

Llama Matched policy-only  0.0% [0.0, 2.5]
Llama State output 0.0% [0.0, 2.5]
GPT-OSS Matched policy-only 1.7% [0.0, 5.0]
GPT-0SS State output 5.0% [0.8, 10.0]

Table 8: Family exact-match rates on the frozen controlled set. A family is correct only when
all four matched variants are predicted correctly. Intervals resample scenario families, with seeds
averaged inside each family. For 0.0% entries, the 3/n upper bound uses n=120 family-seed units,
an optimistic independence assumption.

Model Condition Family exact

Llama Diagnostic policy-only 0.0% [0.0, 2.5]
Llama Supplied reference label 1.7% [0.0, 4.2]
Llama Supplied conflicting label  0.0% [0.0, 2.5]
GPT-0SS Diagnostic policy-only 1.7% [0.0, 4.2]
GPT-OSS Supplied reference label  11.7% [5.0, 19.2]
GPT-0SS Supplied conflicting label ~ 0.8% (0.0, 2.5]

Table 9: Family exact-match rates for the separately executed label-conditioning diagnostic. The
policy-only row comes from a different frozen protocol source and is labeled by protocol to avoid
conflation. Intervals resample scenario families, with seeds averaged inside each family. For 0.0%
entries, the 3/n upper bound uses n=120 family-seed units, an optimistic independence assumption.

Pairwise transition analysis gives a second view. Across the six within-family policy pairs,
expected-transition accuracy is 13.8% for Llama policy-only and 13.6% for Llama state-output;
missed-transition rates are 48.6% and 47.1%. GPT-OSS improves from 23.5% to 29.2% expected
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transitions with state output, but still misses 32.8% and 30.3% of transitions. Supplied reference
labels improve expected transitions relative to policy-only, again consistent with answer-associated
label sensitivity rather than an internally faithful state mechanism.

H Seed-Stability Diagnostics

Each hosted arm uses seeds 101, 102, and 103. We report whether the three policies for an example
are unanimous, a 2—1 majority, or all different, and compute a simple entropy over the three predic-
tions. Because only three seeds are available, this is a stochastic-instability diagnostic rather than
a calibrated uncertainty estimate. The corresponding per-example outputs are retained in local run
outputs.

Among unanimous examples, per-call accuracy is 50.5% and 48.4% for Llama policy-only and
state-output, and 61.7% and 63.9% for GPT-OSS. Non-unanimous examples often have lower per-
call accuracy, but the pattern is descriptive and not calibrated uncertainty.

I Normalized-Input Probe Protocol

The normalized-input probe uses the same final controlled set as the matched experiments; the
controlled set records 160 examples and 40 families. The normalized-input policy-only arm is
compared against clean policy-only. It uses seeds 101, 102, and 103, temperature 0.7, and the
two endpoints 1lama-3.3-70b-versatile and openai/gpt-oss-120b. The normalized-input arm
records 480 calls and 0 parse failures for each normalized-input model-arm, 960 calls total.

The tuple block is derived deterministically from the stored semantic records: for each record,
the renderer writes subject, attribute, value, and either the stored time tag, stored context tag, or
none. The arm keeps the clean policy-only task and replaces the free-text history with deterministic
structured tuple lines in the [subject|attribute|value|tag] format. The rendered prompt below
was produced by the existing runner for example controlled_v3_02_use.

User History:

[flight seat choice | flight seat choice option | an aisle seat | earlier]
[flight seat choice | flight seat choice option | an aisle seat | later]
[train seat | train seat option | a window seat | case A]

[train seat | train seat option | I sit near an exit | case B]

Current Task: Choose the preference option for Jordan's flight seat choice.

Policy options:

- Use: apply the relevant memory.

- Ignore: complete the task without the memory.

- Update: acknowledge that newer information supersedes the old memory and use the newer
information.

- Ask: request clarification before acting.

OQutput strictly valid JSON with no markdown:
{"policy": "Usel|Ignore|Update|Ask"}

The leakage guard trains grouped word and character TF-IDF decoders on the normalized
tuple block plus task text, grouping by scenario family. The leakage probe reports word-grouped
accuracy 0.375, character-grouped accuracy 0.33125, a near-trivial decode threshold of 0.9, and was
not flagged as answer leaking.
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Model Accuracy Macro F1  Parse failures Delta vs clean 95% CI P

llama-3.3-70b-versatile 35.42% 30.36% 0 -8.54 pp [-13.96, -3.54]  0.003400
openai/gpt-oss-120b 46.88% 44.08% 0 -7.92 pp [-12.08, -3.54]  0.001200

Table 10: Normalized-input probe results. Deltas are normalized-input minus clean policy-only.

The reported normalized-input values are paired p-values; no Holm-adjusted values for this probe
are reported here. Across the paper, Holm-adjusted values are reported where multiple contrasts
are grouped as a family of tests, and otherwise the reported p-values are treated as descriptive
exploratory evidence.

J Rule-Based Error Taxonomy

The error taxonomy is automatically derived from structured metadata and model predictions. It
is not a human-coded annotation. Categories include recency overreach, conflict over-detection,
irrelevance-to-ASK confusion, ambiguity under-detection, defaulting to USE or ASK, state-policy
inconsistency, intermediate serialization burden, task neglect, and provider/protocol failure. Cat-
egories are non-exclusive, may overlap, and are counted over final scored model-arm-example-seed
records rather than raw retry attempts. The local error-analysis outputs retain full examples, de-
nominators, and rates. Table 11 reports the rule-based error-mode counts.

Error mode Count Eligible Detail

conflict over detection 2428 5121

task neglect 1583 5121

recency overreach 1543 5121

ask defaulting 873 5121

irrelevance to ask confusion 760 5121

state policy inconsistency 276 3840 138 final policy
correct

use defaulting 266 5121

ambiguity under detection 123 5121

Table 11: Rule-based error-mode counts across final scored controlled-set model-arm-example-seed
records. Eligible denotes the count of final scored records for which the category is applicable (5121
for arms scored on all records; 3840 for state-emitting arms only). Counts are non-exclusive and
must not be summed.

K Per-Policy Metrics and Confusion Matrices

The machine-readable frozen-V3 reports include per-policy precision, recall, F1, and confusion ma-
trices for each model and arm. Parse failures remain explicit records and count as incorrect. The
main paper reports only the matched headline contrasts to preserve readability. Table 12 reports
per-policy precision, recall, and F1 for the two primary matched-ablation arms.
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Model Arm Policy Precision Recall F1
Llama-3.3-70B Clean policy-only USE 85.1 61.7 71.5
Llama-3.3-70B Clean policy-only IGNORE 100.0 0.8 1.7
Llama-3.3-70B Clean policy-only UPDATE 34.6 98.3 51.2
Llama-3.3-70B Clean policy-only  ASk 35.3 15.0 21.1
Llama-3.3-70B  State-output USE 84.8 79.2 819
Llama-3.3-70B State-output IGNORE 83.3 4.2 7.9
Llama-3.3-70B State-output UPDATE 34.6 94.2 50.6
Llama-3.3-70B State-output AsK 2.9 0.8 1.3
GPT-0SS-120B  Clean policy-only USE 98.3 99.2 98.8
GPT-0SS-120B  Clean policy-only IGNORE 100.0 9.2 16.8
GPT-0SS-120B  Clean policy-only UPDATE 40.7  100.0 57.8
GPT-0OSS-120B  Clean policy-only  Ask 24.5 10.8 15.0
GPT-0OSS-120B  State-output UsE 90.2  100.0 94.9
GPT-0SS-120B  State-output IGNORE 100.0 25.0 40.0
GPT-0SS-120B  State-output UPDATE 40.1 91.7 55.8
GPT-0OSS-120B  State-output Ask 44.2 15.8 23.3

Table 12: Per-policy precision, recall, and F1 for the two primary matched-ablation arms. Values
are percentages. Parse failures count as incorrect.

L Statistical Procedures

The unit of clustering is the scenario family. Reported confidence intervals use a 10,000-resample
percentile bootstrap over scenario-family clusters. Paired tests use family-level sign-flip permutation
tests with plus-one correction. Non-significant p-values are not interpreted as equivalence. The
primary matched-ablation contrast is state-output minus clean policy-only. In the label-conditioning
diagnostic, forced-correct-state, forced-wrong-state, and state-first conditions are compared against
policy-only, and wrong-state routing is also compared against forced-correct routing.

M Shortcut-Transfer Diagnostic

A supervised TF-IDF classifier trained only on the original 480-example synthetic development set
reaches 25.0% accuracy and 13.9% macro F1 when evaluated once on frozen V3. The classifier
vocabulary and parameters are fit only on the development set. Because the development set has
no positive IGNORE examples, this transfer result is affected by label-space shift, class-prior shift,
and template shift. It is a descriptive transfer diagnostic, not the primary evidence that frozen V3
eliminates lexical shortcuts.

N Semantic-Evidence V1 Follow-Up

The semantic-evidence v1 protocol was created after identifying the deterministic mapping between
frozen-V3 benchmark states and policies. It uses 160 examples arranged as 40 matched families
and three prompt arms: policy-only, explicit semantic-evidence output, and evidence-taxonomy
exposure without evidence output. The explicit-evidence arm asks for task relevance, temporal
status, supersession, context sufficiency, risk or confirmation, and policy. It does not supply the old
four-state benchmark label to the model.
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The local design audit passes structural checks. Single evidence-field majority decode accuracies
range from 25.0% to 50.0%; the full evidence tuple decodes policy at 75.0%, template signatures
at 75.0%, keyword counts at 51.2%, grouped word TF-IDF at 55.6% accuracy and 55.6% macro
F1, and grouped character TF-IDF at 62.5% accuracy and 61.7% macro F1. These diagnostics are
reported as design constraints, not as model-performance results.

All 2,880 hosted calls in the frozen manifest were attempted. Llama completed all calls without
provider failures. Its policy-only, taxonomy-only, and explicit semantic-evidence accuracies are
63.3%, 54.6%, and 55.8%, respectively. Explicit semantic evidence is 7.5 points below policy-only
(95% CI [-12.7, -2.5], Holm-adjusted p=0.0146), 1.3 points above taxonomy-only (p=0.6079), and
taxonomy-only is 8.8 points below policy-only (95% CI [-12.1, -5.6], Holm-adjusted p=0.0003).
GPT-0OSS produced provider-side JSON validation failures for all explicit-evidence calls, so that
arm is not a clean behavioral comparison for GPT-OSS. The failed records are retained in execution
accounting; no prompt, schema, or parsing rule was changed after observing them, and the GPT-
OSS explicit-evidence arm is not scored as a clean model-behavior result.

O Proposal-Only Future Protocols

Two optional future protocols were drafted but not run: a downstream-consequence proposal and an
independent-renderer proposal. They contain no reported result numbers, require separate explicit
API authorization before any hosted execution, and are not used to support current manuscript
claims.

P Model-Protocol Amendment

The development-set evidence used Llama-3.3-70B and Qwen3-32B. Before any frozen-V3 hosted
result existed, the planned Qwen3-32B endpoint became unavailable on the current Groq tier. The
frozen-V3 protocol was therefore amended to use Llama-3.3-70B and GPT-OSS-120B. Frozen data,
prompts, arms, seeds, scoring, and analysis rules were not changed, and GPT-OSS results are never
labeled as Qwen results.

Q Historical Development-Set Results

The original 480-example development set remains useful as diagnostic evidence but not as the de-
cisive test. It has positive reference-policy examples for USE, UPDATE, and ASK, and no standalone
positive IGNORE reference class. It is also lexically separable under supervised TF-IDF diagnostics.
Historical prompt-bundle results and development-set confusion matrices are retained below for au-
ditability. FULL-CONTEXT uses the full user history if relevant and then asks the model to decide
the best policy. ASK-IF-UNCERTAIN instructs the model to choose ASK when uncertain whether the
user history applies; otherwise it asks the model to decide the best policy.
Table 13 reports the state confusion matrix for the state-structured bundle.
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Table 13: STATE-STRUCTURED BUNDLE state confusion matrix pooled over three seeds. Rows
are gold benchmark categories; columns are predicted memory states. Overall benchmark-
mapped state agreement under the mapping Stable/Contextual— Active, Updated—Conflicting,
and Ambiguous— Underspecified is 79.4% for Llama-3.3-70B and 73.1% for Qwen3-32B.

Model Generation category Active Stale Conflicting Underspecified Parse fail n
Llama-3.3-70B  Stable 348 0 3 9 0 360
Llama-3.3-70B  Contextual 343 0 5 12 0 360
Llama-3.3-70B  Updated 33 4 323 0 0 360
Llama-3.3-70B  Ambiguous 108 20 102 130 0 360
Qwen3-32B Stable 354 0 1 3 2 360
Qwen3-32B Contextual 358 0 0 2 0 360
Qwen3-32B Updated 49 30 275 5 1 360
Qwen3-32B Ambiguous 221 13 59 65 2 360

Table 14 reports the historical three-arm development-set ablation.

Table 14: Three-arm ablation comparing the historical implicit-state /no-state-output prompt, the
cleaned implicit-state/no-state-output prompt, and the state-structured prompt bundle. p-values
are pooled exact McNemar diagnostics over 1440 matched example-seed decisions, with parse failures
counted as wrong; cluster-aware comparisons are reported separately.

Model Arm Overall Updated Parse fail p vs Historical p vs Cleaned

Llama-3.3-70B  HISTORICAL NO-STATE-OUTPUT 70.3+0.5% 46.7£3.8% 0.0£0.0% - -
Llama-3.3-70B CLEANED NO-STATE-OUTPUT 71.7£0.6% 48.6+£3.2% 0.04+0.0% - -
Llama-3.3-70B  STATE-STRUCTURED BUNDLE 85.14+0.2% 89.7£2.7% 0.0+0.0% 3.6e-37 2.4e-32

Qwen3-32B HISTORICAL NO-STATE-OUTPUT  65.3+1.8% 30.3+5.4% 0.2+0.2% - -
Qwen3-32B CLEANED NO-STATE-OUTPUT 64.3+0.8% 33.6+2.7% 0.0+£0.0% - -
Qwen3-32B STATE-STRUCTURED BUNDLE 75.5+1.2%  75.3£3.8% 0.3+0.3% 1.5e-18 2.9¢-26

Table 15 reports the historical oracle-worded routing diagnostic.

Table 15: STATE-STRUCTURED BUNDLE versus HISTORICAL ORACLE-WORDED ROUTING. This
historical language-model routing diagnostic uses oracle-worded prompt text and should not be
interpreted as a neutral mapped-state intervention or a deterministic oracle.

Model Arm Overall Stable  Contextual Updated Ambiguous Parse fail
Llama-3.3-70B  STATE-STRUCTURED BUNDLE 85.1+£0.2% 96.4+0.5%  95.8+0.8% 89.7£2.7%  58.3+£2.2%  0.0+0.0%
Llama-3.3-70B  HISTORICAL ORACLE-WORDED ROUTING  86.9+2.2% 99.2+0.0%  97.5£0.0% 72.54+3.0%  78.3+£6.0% 0.0%
Qwen3-32B STATE-STRUCTURED BUNDLE 75.5+1.2% 98.6+£1.3%  99.2+0.8% 75.3£3.8%  28.9+1.0% 0.3+0.3%
Qwen3-32B HISTORICAL ORACLE-WORDED ROUTING  73.5+2.1%  99.7+0.5% 100.0+0.0% 50.0+3.0%  44.24+6.6% 0.0%

Table 16 reports token cost and strict accuracy for direct policy prediction versus explicit state
classification.
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Table 16: Token cost and strict accuracy for direct policy prediction versus explicit state classifica-
tion. Token counts are aggregated over 1440 calls.

Model Arm Tokens Tokens/call Accuracy
Llama-3.3-70B DIRECT POLICY (NO CLASSIFICATION) 219,903 152.7 69.8+1.6%
Llama-3.3-70B STATE-STRUCTURED BUNDLE 475,302 330.1 85.1+0.2%
Qwen3-32B DIRECT POLICY (NO CLASSIFICATION) 563,470 391.366.7+1.7%
Qwen3-32B STATE-STRUCTURED BUNDLE 811,965 563.9 75.5+1.2%

The 480-example development set remains useful for diagnosing why the stronger controlled
evaluation was needed. On that set, the old state-structured prompt bundle improved exact-match
policy accuracy over the historical implicit-state/no-state-output prompt by 14.8 points for Llama
and 10.2 points for Qwen. However, the same dataset is lexically separable, lacks positive IGNORE
coverage, and used a prompt bundle that changed taxonomy, step wording, state output, rationale
output, and length simultaneously. These facts demote the development result from a method claim
to a motivation for controlled counterfactual testing.

Why the controlled result differs from the development result. The development-set
state-structured bundle arm was a prompt bundle, not an isolated state-field test. It changed policy
wording, taxonomy exposure, output order, rationale generation, and token budget. It was also
evaluated on a lexically separable set without positive IGNORE examples. The frozen controlled set
balances all four policies and is evaluated with grouped diagnostics, so it is the stronger evidence
for the state-field question; however, the development and frozen-set shortcut numbers are not a
direct same-protocol magnitude comparison.

R Policy Confusion Matrices

Table 17 and Table 18 report the development-set policy confusion matrices by endpoint. Rows
are generation categories and columns are predicted policies. All matrices use the full 480-example
Groq protocol with seeds 101/102/103. The HISTORICAL ORACLE-WORDED ROUTING rows use the
historical oracle-worded routing prompt.
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Table 17: Policy confusion matrix for Llama-3.3-70B. Rows are gold benchmark categories; columns
are predicted policies plus parse failures.

Agent Generation category Use Ask Ignore Update Parse fail n
HISTORICAL NO-STATE-OUTPUT Stable 355 2 1 2 0 360
HISTORICAL NO-STATE-OUTPUT Contextual 356 2 2 0 0 360
HISTORICAL NO-STATE-OUTPUT Updated 157 7 28 168 0 360
HISTORICAL NO-STATE-OUTPUT Ambiguous 165 133 62 0 0 360
CLEANED NO-STATE-OUTPUT Stable 354 3 3 0 0 360
CLEANED NO-STATE-OUTPUT Contextual 357 0 3 0 0 360
CLEANED NO-STATE-OUTPUT Updated 165 6 14 175 0 360
CLEANED NO-STATE-OUTPUT Ambiguous 146 146 67 1 0 360
DIRECT POLICY (NO CLASSIFICATION) Stable 336 12 0 12 0 360
DIRECT POLICY (NO CLASSIFICATION) Contextual 355 1 3 1 0 360
DIRECT POLICY (NO CLASSIFICATION) Updated 124 19 3 214 0 360
DIRECT POLICY (NO CLASSIFICATION) Ambiguous 157 100 42 61 0 360
STATE-STRUCTURED BUNDLE Stable 347 11 0 2 0 360
STATE-STRUCTURED BUNDLE Contextual 345 11 2 2 0 360
STATE-STRUCTURED BUNDLE Updated 34 0 3 323 0 360
STATE-STRUCTURED BUNDLE Ambiguous 109 210 34 7 0 360
HISTORICAL ORACLE-WORDED ROUTING  Stable 357 3 0 0 0 360
HISTORICAL ORACLE-WORDED ROUTING Contextual 351 0 9 0 0 360
HISTORICAL ORACLE-WORDED ROUTING  Updated 34 56 9 261 0 360
HISTORICAL ORACLE-WORDED ROUTING  Ambiguous 59 282 19 0 0 360
Ask-if-uncertain Stable 350 10 0 0 0 360
Ask-if-uncertain Contextual 354 3 3 0 0 360
Ask-if-uncertain Updated 243 11 3 103 0 360
Ask-if-uncertain Ambiguous 128 178 54 0 0 360
Full-context Stable 358 2 0 0 0 360
Full-context Contextual 354 0 6 0 0 360
Full-context Updated 180 0 0 180 0 360
Full-context Ambiguous 242 43 66 9 0 360
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Table 18: Policy confusion matrix for Qwen3-32B. Rows are gold benchmark categories; columns
are predicted policies plus parse failures.

Agent Generation category Use Ask Ignore Update Parse fail n
HISTORICAL NO-STATE-OUTPUT Stable 353 5 1 0 1 360
HISTORICAL NO-STATE-OUTPUT Contextual 359 1 0 0 0 360
HISTORICAL NO-STATE-OUTPUT Updated 186 16 49 109 0 360
HISTORICAL NO-STATE-OUTPUT Ambiguous 211 119 28 0 2 360
CLEANED NO-STATE-OUTPUT Stable 357 3 0 0 0 360
CLEANED NO-STATE-OUTPUT Contextual 357 3 0 0 0 360
CLEANED NO-STATE-OUTPUT Updated 178 9 52 121 0 360
CLEANED NO-STATE-OUTPUT Ambiguous 231 91 38 0 0 360
DIRECT POLICY (NO CLASSIFICATION) Stable 319 30 1 10 0 360
DIRECT POLICY (NO CLASSIFICATION) Contextual 350 3 3 4 0 360
DIRECT POLICY (NO CLASSIFICATION) Updated 199 35 8 118 0 360
DIRECT POLICY (NO CLASSIFICATION) Ambiguous 153 174 9 24 0 360
STATE-STRUCTURED BUNDLE Stable 355 1 1 1 2 360
STATE-STRUCTURED BUNDLE Contextual 357 2 1 0 0 360
STATE-STRUCTURED BUNDLE Updated 41 3 44 271 1 360
STATE-STRUCTURED BUNDLE Ambiguous 206 104 37 11 2 360
HISTORICAL ORACLE-WORDED ROUTING  Stable 359 0 1 0 0 360
HISTORICAL ORACLE-WORDED ROUTING Contextual 360 0 0 0 0 360
HISTORICAL ORACLE-WORDED ROUTING  Updated 64 65 51 180 0 360
HISTORICAL ORACLE-WORDED ROUTING  Ambiguous 71 159 127 3 0 360
Ask-if-uncertain Stable 353 7 0 0 0 360
Ask-if-uncertain Contextual 357 2 1 0 0 360
Ask-if-uncertain Updated 283 22 10 45 0 360
Ask-if-uncertain Ambiguous 206 133 21 0 0 360
Full-context Stable 360 0 0 0 0 360
Full-context Contextual 359 0 1 0 0 360
Full-context Updated 306 6 11 37 0 360
Full-context Ambiguous 275 56 29 0 0 360

S Execution Completeness, Failures, Tokens, and Cost

The frozen-V3 hosted execution completed 4,800 matched-ablation calls and 5,760 label-conditioning
diagnostic calls. One final matched-ablation parse failure remained visible and was counted as
incorrect. During an earlier matched-ablation resume attempt, 53 transient provider-failure records
were retained in the raw logs; the same call IDs were later completed under the frozen protocol and
were not counted as separate valid predictions. Total estimated hosted cost including two smoke
calls was $1.8007 under the authorized $20.00 hard budget.

Table 19 separates hosted call accounting by protocol.
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Table 19: Hosted call and cost ledger by protocol. The normalized-input row lists stored per-model

Protocol Calls Hosted cost
Matched prompt ablation 4,800 $0.8887
Label-conditioning diagnostic 5,760 $0.9118
Normalized-input probe 960  $0.058766; $0.066606
Semantic-evidence follow-up 2,880 $0.3977

Smoke tests 2 $0.0002

Frozen-core total including smoke 10,562 $1.8007

costs rather than a stored protocol-total cost.

T Main-Text Design Materials

Table 20 reports the representative four-way family.

Policy

History records

Rule-derived relation

Usk

IGNORE

UPDATE

Ask

Jordan saved an earlier entry: flight seat choice uses an aisle
seat for its flight seat choice option. The later note records
an aisle seat for the flight seat choice option of flight seat
choice. Case A: Jordan noted that the train seat option for
train seat is a window seat. Case B: the profile lists I sit near
an exit as the train seat option for train seat.

The earlier note records a window seat for the train seat
option of train seat. Later, Jordan noted that the train seat
option for train seat is I sit near an exit. Case A: the profile
lists I sit near an exit as the train seat option for train seat.
Jordan saved the case b entry: train seat uses a window seat
for its train seat option.

Earlier, Jordan noted that the flight seat choice option for
flight seat choice is a window seat. Later, the profile lists a
bulkhead aisle seat as the flight seat choice option for flight
seat choice. Jordan saved the case a entry: train seat uses a
window seat for its train seat option. The case b note records
I sit near an exit for the train seat option of train seat.
Earlier, the profile lists a window seat as the train seat option
for train seat. Jordan saved a later entry: train seat uses I
sit near an exit for its train seat option. The case a note
records an aisle seat for the flight seat choice option of flight
seat choice. Case B: Jordan noted that the flight seat choice
option for flight seat choice is a window seat.

One current task-relevant
preference is unique; tem-
poral and contextual dis-
tractors do not change it.

The four records concern
distractor attributes; no
task-relevant memory is
needed.

The later temporal task-
relevant record supersedes
the earlier task-relevant
record.

Two context-specific task-
relevant preferences are
present, but the task omits
the deciding context.

Table 20: Representative four-way family from the frozen controlled set. The task is byte-identical
for all four variants: “Choose the preference option for Jordan’s flight seat choice.” The example is

shown to expose the controlled synthetic structure, not as a naturalistic conversation sample.

U Extended Related Work and Supplementary Discussion

Long-horizon personalization also raises safety and privacy risks: models can emit training data
(Carlini et al., 2021), infer private attributes from text (Staab et al., 2024), and may require user-

level privacy protections (McMahan et al., 2018).
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The label-conditioning sensitivity diagnostic uses six artifact conditions: policy-only, state-first,
policy-first, forced-correct-state, forced-wrong-state, and deterministic-routing without policy def-
initions. Forced-state conditions supply a benchmark-implied or deliberately wrong state and ask
the model to choose a policy. The wrong state is assigned once before evaluation with seed 20270719
by sampling uniformly from the three non-reference states for each example; the assignment is fixed
across models and seeds. These conditions test whether policy routing is sensitive to externally
supplied benchmark-associated labels. They do not show that naturally emitted states are faithful
internal mechanisms, because the benchmark state labels map deterministically to policy decisions
by design.

Instability is a diagnostic, not a replacement for confidence calibration. With three
seeds, prediction disagreement is a useful warning signal but not a calibrated probability. We re-
port per-call accuracy for unanimous and non-unanimous examples, majority-vote accuracy for 2—1
splits, and full-disagreement counts. Unanimity is not a guarantee of correctness: many unani-
mous predictions remain wrong. This supports reporting parse-visible, seed-visible execution traces
instead of treating a single sampled output as a stable model behavior.

Decomposed evidence fields do not remove the elicitation bottleneck. The semantic-
evidence follow-up avoids supplying the old benchmark-state label, but it does not produce a positive
result. Llama performs worse when asked to emit decomposed semantic evidence before the policy
decision. GPT-OSS cannot be interpreted cleanly for the explicit-evidence arm because the provider
rejected those requests under JSON-mode validation. This strengthens the conservative framing:
intermediate-field prompting is an audit target, not a solved mechanism.
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