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Abstract

Long-term memory significantly enhances
language-model agents but introduces a crit-
ical failure mode: retrieval surfaces relevant
yet stale, deleted, or mutually inconsistent
facts. A query about a current address may
retrieve the correct address alongside deleted
ones. The answer is present, but the mem-
ory set is unsafe. We reframe agent memory
as a governed object-selection problem and
present MemGov, a substrate-agnostic middle-
ware layer between existing retrieval pipelines
and agent context. MemGov wraps retrieved
evidence as explicit memory objects, detects
must-link and cannot-link constraints, and ap-
plies deterministic constraint-aware repair, re-
turning either a certified safe memory set or
an auditable obstruction certificate rather than
silently passing unsafe combinations. Evalua-
tions on controlled governance scenarios and
MemoryAgentBench-style end-to-end tasks,
deliberately separating retrieval quality from
governance decisions, demonstrate that while
raw retrieval recovers answer-bearing evidence
successfully, it simultaneously returns detected
unsafe memory combinations in 47–51% of
cases. The same retrieval substrates governed
by MemGov reduce unsafe merges to 0% while
preserving answer utility within about 2–4 per-
centage points, with fully auditable reason-
ing for all repair and refusal decisions. Ad-
ditional diagnostics assess eligibility, temporal
constraints, and paired answer retention.

1 Introduction

Language-model agents are increasingly deployed
with long-term memory: stored facts, user pref-
erences, task histories, and episodic observations
that persist across interactions (Zheng et al., 2026).
This capability makes agents substantially more
useful. An assistant that remembers a user recently
moved, that a project deadline changed, or that two
earlier instructions refer to the same task can pro-
vide far more coherent and personalized assistance

than one that starts fresh at every session. As agen-
tic memory systems grow more capable (Packer
et al., 2023; Xu et al., 2025; Hu et al., 2025), how-
ever, a fundamental tension emerges: the same per-
sistence that makes memory valuable also makes it
dangerous (Chen, 2026).

The dominant paradigm for memory access is
retrieval: ranking stored memories by relevance
and passing the top candidates to the agent. This
treats memory governance as a ranking problem,
assuming the right answer follows relevance. But
relevance and safety are orthogonal. Consider a
user who recently moved: their memory store con-
tains a current address, a superseded address, and
a deleted address. All three are topically relevant
to a query about their residence. A relevance-only
retriever may return all three, which standard utility
metrics reward because the answer is present. Yet
the returned set is unsafe, mixing deleted, stale, and
contradictory facts. Better ranking cannot fix this:
even a perfect ranker placing the correct address
first still passes inadmissible memories forward if
it cannot reason about their mutual compatibility.

This failure mode extends beyond addresses. An
agent might retrieve a memory belonging to a dif-
ferent user, use a private memory for an unautho-
rized purpose, or retrieve individually plausible but
jointly incompatible facts (e.g., conflicting project
deadlines or contradictory instructions). In each
case, retrieval may find the right answer while re-
turning a memory set that should never be merged.
Relevance ranking alone does not make this admis-
sibility determination.

We argue this gap requires treating agent mem-
ory as a governed object-selection problem. Re-
trieval determines which memories are candidates
and governance determines which are admissible,
individually and in combination. A memory can be
highly relevant yet ineligible (e.g., deleted or unau-
thorized), or two eligible memories can be mutually
unsafe (e.g., expressing contradictory claims). Nei-
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ther decision can be reduced to a similarity score.
We propose MemGov, a substrate-agnostic

middleware layer that sits between existing re-
trieval or extraction pipelines and the final agent
context. Rather than replacing retrieval, Mem-
Gov governs its output. The key innovation is
a deterministic, certificate-backed repair mecha-
nism that creates a governed boundary after re-
trieval: relevant evidence is checked for eligibility
and pairwise consistency before it becomes agent
context. Retrieved evidence is wrapped as explicit
memory objects carrying governance and prove-
nance metadata. Pairwise relationships between
objects are detected and typed as must-link con-
straints, which require two memories to be used
together, or cannot-link constraints, which prohibit
two memories from appearing together. A deter-
ministic repair layer then either produces a certified
safe memory set or issues an auditable obstruction
certificate explaining why no safe assignment ex-
ists. The agent receives a memory set that has
passed eligibility and consistency checks, or an
explicit refusal explaining the incompatible memo-
ries.

We evaluate MemGov on controlled governance
scenarios with MemoryAgentBench(Hu et al.,
2026), separating retrieval quality from governance
quality. Raw retrieval recovers answer-bearing ev-
idence at useful rates but returns cannot-linked
memory pairs in 47–51% of evaluated cases. Mem-
Gov has zero observed unsafe merges over the
detected constraints with negligible overhead and
minimal impact on answer utility. MemGov makes
the following major contributions:

• It frames long-term agent memory as governed
object selection, where authorization, deletion,
staleness, and pairwise consistency must be eval-
uated alongside relevance.

• It introduces MemGov, a substrate-agnostic
middleware layer that wraps retrieved evidence
as memory objects, enforces typed pairwise con-
straints, and emits auditable repair or refusal cer-
tificates.

• It defines an evaluation protocol that separates
retrieval coverage from governance correctness,
measuring both answer utility and unsafe merge
rate.

• It demonstrates that MemGov eliminates unsafe
merges entirely (0% unsafe rate) while preserv-
ing answer utility within 2–4% of raw systems

with negligible runtime overhead (<0.05%).

2 Background and Related Work

Persistent agent memory improves continuity
across interactions, but it also turns stored context
into a safety surface. Generative agents, Memory-
Bank, MemGPT, Reflexion, Voyager, and newer
agentic-memory systems demonstrate the value of
long-lived user preferences, task histories, obser-
vations, and decisions (Park et al., 2023; Zhong
et al., 2024; Packer et al., 2023; Shinn et al., 2023;
Wang et al., 2024, 2023; Xu et al., 2025; Hu et al.,
2025; Saleh et al., 2025; Kang et al., 2025; Sarin
et al., 2025). These systems differ in how they
summarize experience, retrieve prior episodes, or
organize memory over time, but share a common
pressure point: once memories persist, the system
must decide not only what is relevant, but also what
is authorized, current, and mutually consistent.

Retrieval-augmented generation, dense retrieval,
late interaction, query expansion, self-correcting
retrieval, modern embeddings, and graph retrieval
provide increasingly strong ways to find relevant
context (Lewis et al., 2020; Karpukhin et al., 2020;
Khattab and Zaharia, 2020; Gao et al., 2023; Asai
et al., 2024; Jiang et al., 2023; Yan et al., 2024;
Chen et al., 2024; Edge et al., 2024; Guo et al.,
2025; Gutiérrez et al., 2024). MemGov treats
these methods as substrates rather than competi-
tors: stronger retrieval brings more answer-bearing
evidence into the working set, but relevance alone
does not determine whether a memory is autho-
rized, current, non-deleted, or safe to combine with
other retrieved memories.

SSGM filters reads, checks consistency before
consolidation, and reconciles against an episodic
log (Lam et al., 2026). Collaborative Memory
combines provenance-aware private/shared frag-
ments with changing read/write permissions (Reza-
zadeh et al., 2025). Zep invalidates temporally
overlapping contradictory edges while retaining
history (Rasmussen et al., 2025). The temporal-
rag implementation filters expired documents and
reranks by freshness and validity (Emmimal, n.d.).
MemGov checks eligibility and interacting must-
link/cannot-link constraints after retrieval, with de-
terministic repair and locally checkable certificates
(Table 3).

MemGov draws on three complementary bodies
of work beyond retrieval. Natural language infer-
ence (NLI) and fact verification estimate compati-
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bility and contradiction between statements (Bow-
man et al., 2015; Williams et al., 2018; Nie et al.,
2020; Thorne et al., 2018; Devlin et al., 2019;
Liu et al., 2019; He et al., 2021). These detec-
tors supply relationships, while the governance
layer decides which memory set satisfies them.
Privacy work on contextual integrity, erasure, and
machine unlearning motivates explicit eligibility
checks (Nissenbaum, 2004; European Parliament
and Council of the European Union, 2016; Bour-
toule et al., 2021; Xu et al., 2023). Pairwise must-
link and cannot-link constraints are well studied
in constrained clustering (Wagstaff et al., 2001;
Basu et al., 2004, 2008), and certified subset-repair
work repairs bounded working sets with check-
able certificates (Chumpitaz-Flores et al., 2026).
Our contribution combines these responsibilities
at the agent memory boundary: retrieval proposes
candidates, detectors provide typed relationships,
eligibility checks exclude inadmissible objects, and
constrained repair returns a verified set or an au-
ditable refusal.

3 MemGov Solution Design

Retrieval proposes relevant memories. Mem-
Gov checks which candidates are eligible and
which can safely be used together. It represents
candidate evidence as governed memory objects
and returns either a verified memory set or an au-
ditable refusal.

3.1 Problem Setting

The certificate applies to the bounded working set
and the supplied eligibility predicates and pair-
wise constraints. It verifies their satisfaction before
memory reaches the agent context.

We study an agent with a long-term memory
store and a query q. A standard retriever ranks
memory text by relevance. MemGov instead treats
each memory as a governed object: a text span plus
extracted factual content, provenance, ownership,
purpose, sensitivity, trust, lifecycle state, and times-
tamp. This object boundary matters because the
same memory can be relevant to a query and still be
unsafe to use. For example, a travel-planning agent
may retrieve a deleted address, a stale address, and
the current address because all three mention the
user’s home. Relevance alone does not distinguish
the memory that should be used from those that
should be excluded or separated.

Eligibility constraints. Eligibility constraints
handle single-memory admissibility. They decide
whether a memory object m may be used in a gov-
ernance context γ, where γ encodes the requesting
user, capability, purpose, and sensitivity budget.
We write this as E(m, γ) ∈ {0, 1}. Deleted memo-
ries, cross-user memories, over-sensitive memories,
or memories outside the current purpose are ineli-
gible even if they are highly ranked by the retrieval
substrate.

Consistency constraints. While eligibility filters
individual memories, consistency constraints han-
dle relationships between eligible memories via
pairwise constraints. A must-link constraint re-
quires two memory objects to be used together,
such as duplicate evidence for the same current
address. A cannot-link constraint prohibits two
memory objects from appearing together, such as
a stale address and a current address for the same
user, or two incompatible citizenship claims for the
same person. NLI-style detectors propose these
relationships, but the repair layer decides how they
affect the returned memory set. For a returned set
R, the central consistency condition is:

(mi,mj) ∈ D ⇒ {mi,mj} ⊈ R,

where D is the set of cannot-link pairs. We define a
safe memory set as a returned set R that satisfies
all eligibility constraints and contains zero pairwise
constraint violations: every must-link pair is either
fully included or fully excluded, and every cannot-
link pair has at most one member in R. Thus an
unsafe merge is not merely an incorrect answer: it
is a structural violation that combines objects the
governance layer knows should be separated.

Governed objective. The goal is to return a safe
memory set that is useful for the query while sat-
isfying all eligibility and constraints. The retrieval
score s(q,m) estimates candidate utility. Mem-
Gov constrains which high-scoring candidates are
jointly admissible. If no safe assignment exists in-
side the retrieved working set, the correct behavior
is an auditable refusal rather than a silent merge
of inconsistent memory. Appendix B gives the ex-
panded object notation and constrained selection.

An example from MemoryAgentBench. Fig-
ure 1 illustrates a representative case study from
the MemoryAgentBench dataset (Hu et al., 2026).
When a user queries the birthplace of Thomas Arne,
the retrieval phase employs a reranker to score and
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Figure 1: A case from MemoryAgentBench Dataset (Hu
et al., 2026). MemGov resolves memory retrieval con-
tradictions via pairwise constraints. Mutually exclusive
facts (Rank-1 vs. Rank-2) are isolated using Cannot-
Link relations, while reinforcing evidence (Rank-1 and
Rank-5) is bundled with Must-Link relations to produce
a conflict-free memory set.

order the relevant memory chunks. However, the
top-ranked retrieved results surface contradictory
evidence along the same reasoning chain. For in-
stance, the top-ranked chunk (Rank-1) states that
"Thomas Arne was born in the city of London,"
whereas the second-ranked chunk (Rank-2) asserts
that "Thomas Arne was born in the city of Ben-
galuru." Consequently, to satisfy strict consistency
constraints, these two mutually exclusive memory
chunks should not coexist within a single retrieved
set. Under our MemGov problem formulation,
this conflict is explicitly modeled as a Cannot-Link
relationship. Conversely, Rank-1 shares a Must-
Link relationship with Rank-5 ("London is located
in the continent of Europe"), as both chunks pro-
vide complementary, logically consistent evidence.
Meanwhile, the relationship regarding "Thomas
Arne spent part of his early life in Bengaluru" re-
mains ambiguous. Leveraging this structured con-
straint analysis, MemGov effectively filters out
conflicting information and returns only safe mem-
ory sets that strictly adhere to all Must-Link and
Cannot-Link constraints.

3.2 MemGov System Overview

Figure 2 places MemGov between evidence discov-
ery and agent context. Lexical, dense, hybrid, or
graph-expanded retrieval, reranking, and language-
model extraction provide candidate evidence. The
governance layer checks object eligibility and pair-
wise consistency before return. Section 4 specifies
the experimental retrieval and model stack.

The workflow has five steps. First, the mem-
ory substrate proposes a bounded working set for

the query. Second, MemGov constructs memory
objects from that evidence by attaching stable iden-
tity, provenance, ownership, purpose, sensitivity,
lifecycle state, timestamp, and extracted factual
atoms. Third, eligibility constraints remove indi-
vidually ineligible memories, such as deleted or
out-of-purpose records. Fourth, relationship detec-
tion proposes must-link, cannot-link, or ambiguous
relationships among the remaining objects. Finally,
the repair layer either returns a consistent subset,
separates incompatible objects, or refuses if the
working set cannot satisfy the hard constraints.

The output pairs a checked memory set with a
certificate recording the working set, constraints,
repair decision, and verification status. This makes
admissibility explicit before candidate evidence
reaches the agent. Appendix A expands the worked
examples.

3.3 Memory Construction and Constraint
Detection

Object construction. MemGov does not repair
raw paragraphs. It first converts retrieved evi-
dence into memory objects that can be checked.
A language-model extractor reads selected chunks
and produces grounded factual atoms, such as sub-
ject, relation, value, and evidence span. Each atom
is then wrapped with provenance and governance
metadata: source, owner, purpose, sensitivity, trust,
and lifecycle state. In the address example, a sen-
tence about the user’s current address becomes one
object, while a deleted address becomes a separate
object whose state makes it constraint-ineligible.

Constraint detection. After object construction,
MemGov generates candidate pairs only among
memories that are structurally comparable. Two
objects become comparable when their atoms share
a normalized subject and relation, such as two
address claims about the same user or two citi-
zenship claims about the same person. A detec-
tor then labels the pair as compatible, contradic-
tory, or ambiguous. Compatible pairs can produce
must-link constraints. Contradictory pairs can pro-
duce cannot-link constraints. Ambiguous pairs are
recorded as telemetry but are not promoted to hard
constraints.

This separation makes failures interpretable. If
no comparable pair is generated, the detector never
had an opportunity to label it. If a pair remains
ambiguous, the uncertainty belongs to the detector.
If a hard constraint is generated and the governed
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Figure 2: MemGov as middleware for agent memory. Existing memory substrates retrieve, rerank, expand, or
extract candidate evidence. The governance layer converts that evidence into constraint-bearing memory objects,
checks eligibility and consistency, and returns either a safe memory set or a certificate-backed refusal before memory
reaches the agent context.

output still violates it, the failure belongs to the
governance layer. Figure 5 in the appendix shows
the full object-construction and governance flow,
and Appendix C gives the extraction and detector
telemetry used to audit this stage.

3.4 Eligibility Enforcement and Constraint
Repair

Eligibility filtering removes memories that are in-
dividually ineligible, such as deleted, cross-user,
or over-sensitive objects. But two memories can
both be individually eligible and still be unsafe to-
gether. A stale address and a current address may
both be active memories. Two extracted claims
may both be grounded in evidence. Two answer-
bearing chunks may both be highly ranked. Re-
pair is needed for this second failure mode: de-
ciding whether the eligible memories proposed by
retrieval can be returned as one consistent set.

Deterministic repair. After eligibility filtering,
the repair layer receives a bounded working set
of active memory objects and typed constraints.
Must-link constraints are closed with disjoint set
union, so each connected component is treated as
a unit. Cannot-link constraints are then checked
against those components. If a cannot-link falls in-
side a must-link component, the constraints are ob-
structed and the system refuses. Otherwise, the re-

pair routine assigns the working-set objects to con-
sistent groups under fixed solver settings and then
verifies the result by checking every hard cannot-
link in the working set.

The procedure is deterministic for a fixed re-
trieved set, eligibility state, and constraint graph:
the same inputs produce the same must-link compo-
nents, the same obstruction check, the same repair
assignment, and the same local verification result.
The repaired assignment is not the answer shown
to the language model. It is the internal structure
used to decide which memories may be returned
together.

Tractability and auditability. General must-
link/cannot-link partitioning can be hard, but Mem-
Gov does not solve an unrestricted global clustering
problem over the full memory store. It repairs only
the small working set produced by retrieval, rerank-
ing, extraction, and eligibility filtering. In the main
experiments this working set is the top-25 memory
context. The safety claim also does not require
global optimality: immediate contradictions are de-
tected exactly during constraint compilation, and
the returned set is accepted only if local verification
confirms that the hard relationships are satisfied.

Certificates and refusals. Satisfiable cases pro-
duce a repaired memory set and a certificate record-
ing the working set, constraint counts, assignment,
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residual violations, and local verification status.
Obstructed cases produce a refusal certificate iden-
tifying the conflicting core. This is important for
agent memory because a silent failure can be more
damaging than an explicit refusal: if the memory
state is inconsistent, the agent should expose the
problem rather than hide it inside a fluent answer.
Appendix D spells out the repair algorithm and
retained certificate artifacts.

4 Evaluation

4.1 Evaluation Design

The evaluation separates MemGov’s governance
behavior from the substrates that feed it. Con-
trolled governance cases provide known memory
objects, eligibility states, and typed relationships.
They isolate whether the middleware filters inel-
igible memories, respects must-link and cannot-
link constraints, repairs satisfiable cases, refuses
obstructed cases, and emits certificates. MemoryA-
gentBench (Hu et al., 2026) provides long contexts,
questions, and answers but not MemGov objects
or a formal constraint graph, so the end-to-end
pipeline must retrieve evidence, extract atoms, de-
tect relationships, and govern the resulting objects.
MemGov is therefore evaluated as a governance
layer after retrieval: it should preserve answer ev-
idence when possible while reducing constraint
violations and unsafe memory combinations.

Baselines. We compare the governed output
against relevance-only and metadata-only baselines.
We instantiate lexical retrieval with BM25, dense
retrieval with Qwen3 Embedding 4B vectors, and
hybrid retrieval with a BM25–embedding combina-
tion. BM25 is used as the standard lexical ranking
substrate for sparse term matching (Robertson and
Zaragoza, 2009). Reranked context construction
uses a Qwen3 Reranker 4B model to compress
high-recall candidates before extraction. Metadata
filtering removes individually ineligible memories
but does not repair pairwise conflicts. MemGov ap-
plies the full governance layer: eligibility con-
straints, must-link/cannot-link constraints, repair,
refusal, and certificates.

Experimental setup and hyperparameters. All
end-to-end MemoryAgentBench runs use the Con-
flict_Resolution split with 800 cases per atomizer
setting. We use LightRAG as our base for retrieval
(Guo et al., 2025). Evidence construction uses
graph-expanded reranking: the system first builds

a high-recall pool of 200 candidates, then reranks
with Qwen3 Reranker 4B and keeps 25 chunks
for query-focused extraction. Dense retrieval uses
Qwen3 Embedding 4B with embedding batch size
16, and the reranker truncates each document to
500 characters. We use no query expansions or
structured fact-template fallback. The agentic at-
omizer processes at most 25 chunks per case with a
512-token budget. Transformer models are loaded
with 4-bit quantization for CUDA runs. Repair
uses a fixed five-group cluster budget and local
verification over every hard constraint.

Model stack. The CUDA experiments use
Qwen3 Embedding 4B BNB 4-bit for dense
retrieval (lainlives, 2026; Qwen Team, 2025b),
Qwen3 Reranker 4B loaded with 4-bit quantiza-
tion for reranking (Qwen Team, 2025c), and Mod-
ernCE base NLI for pairwise relationship detec-
tion (Miller, 2025). The end-to-end runs report four
atomizer/extraction settings: Qwen3-4B-Instruct-
2507 (Qwen Team, 2025a), Qwen3.6-27B (Qwen
Team, 2026), Gemma-4-31B-it (Google, 2026a),
and Gemma-4-E2B-it (Google, 2026b). These
models instantiate the retrieval, reranking, extrac-
tion, and detection substrates around the same
MemGov governance layer.

Metrics. The primary utility metric is answer hit
rate: whether the returned memory set contains
answer-bearing evidence. The primary safety met-
ric is unsafe merge rate: the fraction of cases in
which a method returns both sides of at least one
cannot-link relationship. This is the clearest test
of memory governance because two memories can
each be relevant while being unsafe to use together.
We also report repair success, local verification,
certificate coverage, extraction success, and gener-
ated must-link/cannot-link counts. In the controlled
profiles, answer hit requires retrieval of a desig-
nated expected memory ID, while the LoCoMo and
LongMemEval diagnostics measure answer-alias
coverage. Repair success measures the verified
fraction of constrained cases. Certificate cover-
age includes refusals, and extraction success re-
quires usable grounded atoms. Unsafe merge uses
all evaluated cases, eligibility violations count in-
eligible returned objects, and M/C denotes must-
link/cannot-link counts. Appendix E describes the
retained audit artifacts.

Controlled eligibility construction. Across 202
cases from MemoryAgentBench’s Accurate Re-
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Figure 3: Utility and safety across four atomizer models, with 800 cases per model. Left: answer hit rate. Right:
violations of detected cannot-links. Raw baselines reach 47–51% unsafe merges while MemGov returns none.

trieval split, we preserve the original memories
and add five answer-bearing copies per case, one
for each restriction in Table 2. Each copy re-
peats the query twice and uses the query embed-
ding to promote retrieval. Copies inherit source
timestamps, with stale and deleted labels assigned
through lifecycle metadata. The 1,010 additions
represent 0.219% of 460,454 case-specific memory
instances and form a balanced eligibility stress test
(Appendix E.2).

BM25 answer-alias diagnostics cover all 1,986
LoCoMo questions (Maharana et al., 2024) and
the first 50 LongMemEval-S cases with full histo-
ries (Wu et al., 2025) (Appendix E.1).

4.2 Results and Analysis

Utility and safety. The main result is that raw
retrieval and governed retrieval differ most sharply
on safety, not on whether they can find relevant
evidence. Figure 3 reports the multi-model Memo-
ryAgentBench runs. Across four atomizers and 800
cases per model, MemGov keeps answer hit rate
stable at 58.1–59.1%, while driving unsafe merge
cases to zero. The raw lexical, dense, and hybrid
baselines remain useful, but unsafe: depending on
the atomizer, they violate cannot-link constraints
in 47.1–50.9% of cases, corresponding to 1,924–
2,395 violated pairs.

The left panel of Figure 3 shows that Mem-
Gov preserves most of the answer utility provided
by retrieval. The right panel shows the gover-
nance benefit: MemGov eliminates detected un-
safe combinations before the memories reach the
agent. This distinction is the point of evaluating
utility and safety separately. If the evaluation only
measured answer hit rate, a system could appear
strong while still passing conflicting memories to
the agent. Unsafe merge rate captures the missing

condition: whether the returned memory set is safe
to use as a set, not just whether it contains a useful
fact.

Unsafe retrieval case. Aggregate safety metrics
correspond to a simple failure mode. For a query
about the user’s current home address, raw retrieval
can return the current address with stale or deleted
addresses because all are topically relevant. The
answer is present, but the set mixes incompatible
memory states. The governed pipeline filters inel-
igible memories, checks remaining relationships,
and returns a certified safe set. Appendix Figure 6
shows the corresponding audit view. This case is
representative because the unsafe memories are not
irrelevant noise. They are relevant to the query,
which is exactly why a ranker can select them, but
relevance alone does not determine whether they
may be used together.

Governance audit. The governance audit reports
repair success, local verification, certificate cov-
erage, extraction success, and the generated con-
straint graph. These rates are meaningful only if the
benchmark produces enough constraints to exercise
the repair layer. Across the four atomizer models,
repair succeeds in 97.4–100% of constrained cases,
certificate coverage is 100%, and local verification
is complete. Extraction success ranges from 92.6%
to 100%, yet the governed layer still eliminates un-
safe merges. Table 1 shows the constraint workload
alongside the compact audit metrics.

Across the four 800-case model settings, the de-
tector produces 14,155 pairwise constraints: 4,196
must-links and 9,959 cannot-links. These are not
incidental edge cases. Roughly three quarters of
cases contain at least one enforceable constraint,
and relevance-only retrieval violates cannot-links
in nearly half of cases. The remaining differences
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Figure 4: Runtime decomposition across four atomizer models. Workload ran on one H200 GPU for ≈ 90 hrs total.
Agentic atomization dominates end-to-end cost, while the MemGov governance layer adds negligible cost.

Atomizer MemGov
hit (%)

Repair
(%)

Cert.
(%)

Extract.
(%)

Constraints
M/C

Constrained
cases

Raw unsafe
rate (%)

Raw violated
pairs

MemGov
unsafe cases

Qwen3-4B 58.1 98.4 100.0 97.6 2,097/2,522 591 (74%) 48.1–48.8 1,962–1,999 0
Qwen3-27B 59.1 100.0 100.0 100.0 681/2,106 600 (75%) 47.1–47.2 1,924–1,944 0
Gemma4-31B 59.1 98.4 100.0 100.0 577/2,439 577 (72%) 47.5 2,212–2,256 0
Gemma4-E2B 58.6 97.4 100.0 92.6 841/2,892 575 (72%) 50.5–50.9 2,298–2,395 0

Table 1: Governance audit and constraint workload over 800 MemoryAgentBench cases per atomizer. M/C denotes
must-link/cannot-link constraints. Raw unsafe and raw violated pairs report the range across the relevance-only
baselines: lexical, dense, and hybrid retrieval.

Stressor Assignment Count/share

Cross-user Another owner 202 / 20%
Stale Stale lifecycle 202 / 20%
Deleted Deleted lifecycle 202 / 20%
Purpose mismatch Incompatible use 202 / 20%
Restricted sensitivity Restricted level 202 / 20%

Table 2: Eligibility assignments in 202 cases. Each adds
one object per type (1,010 total). Shares use injected
objects.

come from upstream object creation: atomizers dif-
fer in output-format reliability, number of grounded
atoms, and the candidate pairs they expose to the de-
tector. The table therefore shows that MemGov is
not succeeding on an empty constraint graph. It is
repeatedly asked to govern nontrivial working sets,
and the raw retrievers repeatedly violate those con-
straints. The zero unsafe cases for MemGov mean
that, once the relationship detector produces a hard
constraint, the repair layer enforces it consistently
across model settings. This is the main evidence
that the reported safety gains come from constraint
enforcement rather than from a weaker retrieval
workload. The raw systems see the same candi-
date memories, but they lack the final admissibility
check over the returned set.

The takeaway is that relevance-only memory can
look useful while still returning unsafe combina-

Metric Raw Filter MemGov

Forbidden objects 99.9 0 0
Answer hit 0 26.2 70.3
Stale/deleted exposure 20/20 0/0 0/0
Unsafe: satisfiable 67.8 22.3 0
Unsafe: obstruction 67.8 22.3 0
Repair / cert. — — 100/100
Obstruction / cert. — — 100/100

Table 3: Controlled governance (%, 202 cases each,
top-k = 5). Raw and MemGov use BM25. Filter
uses metadata/vector retrieval. Exposure uses returned
objects. Repair and obstruction use profile cases.

tions. Middleware governance removes those com-
binations without discarding most answer-bearing
evidence.

Runtime. Runtime is dominated by upstream
model calls. Figure 4 shows that agentic atomiza-
tion accounts for 70–92% of runtime, while Mem-
Gov adds only 62–69 ms per case, less than 0.05%.
Qwen3-4B is about 2× faster than the larger at-
omizers while achieving comparable governance
quality, so future speedups should target extraction,
atomization, batching, and sharding. This separa-
tion is useful experimentally because it shows that
stronger retrieval or atomization can be swapped in
without making the repair step the dominant cost.
The governance layer remains a small boundary
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Method Answer hit Unsafe Cert.

BM25 60.2–61.5 47.1–50.5 —
Dense 61.6–62.4 47.2–50.9 —
Hybrid 60.9–61.9 47.2–50.9 —
Metadata filter 61.8–62.4 47.2–50.9 —
MemGov 58.1–59.1 0.0 100.0

Table 4: MemoryAgentBench baseline ranges (%)
across four atomizers, 800 cases each. Table 1 gives the
per-model audit.

check after the expensive evidence-construction
stages. Appendices E and F provide the worked
unsafe-retrieval case and implementation details.

4.3 Additional Governance Evidence

Eligibility and consistency. On eligibility stres-
sors, metadata filtering and MemGov both block
forbidden objects, but MemGov retains 70.3% an-
swer hit versus 26.2% (Table 3). In the separate
pairwise profiles, filtering leaves 22.3% unsafe
merges. MemGov returns verified repairs or ob-
structions, with certificates for all 202 cases in each
profile.

Coverage and working-set size. LoCoMo all-
text answer coverage is 77.6% (Table 5). With the
50-question LongMemEval-S corpus fixed, increas-
ing top-k from 5 to 25 raises evidence hit from 40%
to 56% and answer coverage from 24% to 38%. At
top-100, these rise to 66% and 48%, with zero de-
tected unsafe merges and 100% certificates at every
tested k (Table 6A).

Paired answer retention. Zero unsafe merges
measures consistency, so paired answer retention
is checked separately with eligibility, ranking, and
corpus fixed. In the timestamp-aware top-25 run,
conflict filtering reduces unsafe merges from 60%
to 0%, with coverage changing from 36% to 38%:
all 18 covered questions are retained and one is
gained (Table 6C). The remaining coverage cate-
gories distinguish missing answer atoms from re-
trieval misses (Table 6B).

Temporal and multi-memory constraints.
Timestamp ordering supports 25,383 temporal
cannot-links, with zero detected unsafe merges
(Table 7). Historical questions can require older
facts, so temporal admissibility depends on the
task. Conflicting values for the same subject
and relation yield cannot-links, while must-link
closure retains required supporting evidence. A
cannot-link inside a must-link component identifies

an immediate obstruction, giving a checkable
reason for refusal.

Learned detector ablation. ModernCE NLI sup-
plies 202 must-links and 202 cannot-links in the
satisfiable profile. The obstruction profile has 202
must-links and 404 cannot-links (Table 8). Mem-
Gov reduces raw unsafe merges from 65.8% to
zero with 100% certificate coverage in both pro-
files. The detector can change while repair and
certification remain deterministic. Thresholds and
ambiguity telemetry are in Appendix E.2.

5 Discussion and Conclusion

Discussion. Given memory objects, eligibility
metadata, and typed constraints, MemGov provides
a deterministic governance decision: it filters ineli-
gible memories, repairs satisfiable constraint sets,
refuses impossible cases, and produces certificates.
The agent no longer receives whatever text the re-
triever ranked highest. It receives a memory set
that passed eligibility and consistency checks, or it
receives a certificate-backed refusal. This bound-
ary matters because it separates evidence discovery
from admissibility. A retriever can rank memories
by relevance, but an agent memory system also
needs to decide whether individually relevant mem-
ories remain safe when combined. MemGov makes
that second decision explicit and auditable rather
than leaving it implicit in the prompt. This also
makes failures easier to diagnose, since the certifi-
cate identifies the candidate memories, constraints,
and repair decision separately.

Conclusion. Agent memory therefore should not
be treated only as a ranking problem. A useful
memory can still be unsafe if it is unauthorized,
stale, deleted, or inconsistent with another retrieved
memory. This paper frames long-term language-
model agent memory as governed object selection
and presents MemGov as a middleware layer for
enforcing explicit memory constraints. The evalua-
tion separates answer recovery from safety and
shows that relevance-only retrieval can recover
answer-bearing evidence while still returning un-
safe memory combinations, while MemGov re-
moves those combinations with certificates and
minimal repair overhead. Future memory systems
should expose auditable constraint and repair be-
havior rather than placing unconstrained retrieved
memories directly into model context.
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Limitations

MemGov governs the memories that reach its
bounded working set, but it does not guarantee
that upstream retrieval finds every relevant memory
or that extraction creates every correct atom. The
guarantee is therefore local to the candidate memo-
ries, metadata, eligibility constraints, and pairwise
constraints supplied to the repair layer. A missed
contradiction can leave an unsafe pair outside the
constraint graph, while a false cannot-link can sep-
arate memories that could have been safely used
together. Better retrieval, extraction, and detector
calibration are complementary to the governance
layer rather than replaced by it.

The evaluation focuses on MemoryAgentBench
conflict-resolution cases and on auditable synthetic
eligibility states over extracted memory objects.
This is the right setting for isolating unsafe merges,
certificates, and pairwise repair, but it does not
cover every deployment concern for persistent
memory. Real systems also need robust identity
management, user-facing controls, constraint au-
thoring tools, logging, review workflows, and en-
forcement of deletion or erasure requests at the stor-
age layer. MemGov can expose these requirements
at the memory boundary, but it is not itself a com-
plete privacy, compliance, or machine-unlearning
system.

Finally, the strongest end-to-end runs depend
on language-model extraction, atomization, rerank-
ing, and NLI-style detection. These stages dom-
inate runtime and can vary across model fami-
lies, quantization choices, and hardware. The re-
pair step is inexpensive and deterministic once ob-
jects and constraints are available, but future work
should improve the efficiency and reliability of ob-
ject construction, expand evaluation to additional
long-term-memory benchmarks, and study human-
facing certificate interfaces.
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A Motivating Examples and Object Flow

This appendix gives supporting material for the
main paper. It is organized in the same order as
the main text: motivating examples, formal details,
construction and detection, repair and certificates,
additional evaluation artifacts, and implementa-
tion/model details. The examples below expand the
same boundary used throughout the paper: retrieval
proposes candidate evidence, while governance de-
cides which memory objects may be used together.
This material supplements Sections 3.1 and 3.2.

A.1 Running Memory Example

Consider an agent that stores several memories
about a user’s travel preference. One memory states
that the user prefers direct flights. A newer memory
states that the user now prefers the cheapest option.
A deleted memory contains an old airport prefer-
ence. A raw retriever may return all three because
each is relevant to travel planning. The governed
formulation treats these as memory objects. The
deleted memory is ineligible. The two active pref-
erences may be linked if they are compatible or
separated if they express conflicting instructions
for the same decision. The final answer should be
based only on a memory set that satisfies eligibility
and consistency.

This example separates two concerns: retrieval
determines which memories should be considered,
while governance determines which of those mem-
ories may be used together.

A.2 Multi-Hop Object Flow

Consider a question that requires identifying an
author, the author’s spouse, and the spouse’s coun-
try of citizenship. A retrieval system may select
chunks stating that a book was written by a partic-
ular person, that this person is married to another
person, and that the spouse is a citizen of a country.
The extractor converts these chunks into memory
atoms. If the selected context also contains a contra-
dictory author or citizenship statement, the detector
can propose a cannot-link constraint. The repair
layer then ensures that the returned memory set
does not contain incompatible memories together.

A.3 Address Repair Example

Suppose the retrieved memories include a current
address, an older address, and a deleted address.
Raw retrieval may return all three if they are close
to the query. The governed pipeline first excludes

the deleted memory. It then evaluates whether the
current and older memories can safely be returned
together. If the older memory is stale or contradicts
the current memory, the repair layer separates the
pair or returns only the safe subset. The certificate
records which memories were considered, which
constraints were checked, and whether the final
memory set passed verification.

B Formalization of Governed Memory
Selection

This section expands the object and atom notation
and constrained selection objective in Section 3.1.

B.1 Memory Objects and Atoms

Let a memory store contain objects M =
{m1, . . . ,mn}. Each memory object has textual
content τ(mi), a representation vector v(mi), and
metadata describing ownership, purpose, state, sen-
sitivity, trust, source, and time. Each object may
contain one or more extracted atoms. An atom
records a compact factual claim: subject, relation,
object value, evidence span, confidence, prove-
nance, and governance metadata. For example, a
chunk stating that a person is a citizen of a country
may produce an atom whose subject is the person,
whose relation is citizenship, and whose object
value is the country.

Atoms make memory inspectable and make con-
straint generation possible. Two memories can be
compared by their normalized subject and relation.
If they describe the same subject and relation but
disagree on the value, they become candidates for
cannot-link detection. If they describe the same
fact, they become candidates for must-link detec-
tion.

B.2 Constrained Objective

The eligible set for a governance context γ is

Mγ = {mi ∈ M : E(mi, γ) = 1}.

The governed selection problem can be written as:

max
R⊆M

∑

mi∈R
s(q,mi)

subject to

R ⊆ Mγ ,
{mi,mj} ⊈ R ∀(mi,mj) ∈ D.
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Must-link relationships add repair constraints over
the assignment used internally by the repair layer:

(mi,mj) ∈ L ⇒ a(mi) = a(mj),
(mi,mj) ∈ D ⇒ a(mi) ̸= a(mj).

Here s(q,mi) may be supplied by any retrieval sub-
strate. The governed layer determines whether the
proposed high-scoring memories are admissible.

C Memory Construction and Constraint
Detection

This section supplements Section 3.3 with diagnos-
tic extraction settings and telemetry that distinguish
object creation failures from repair failures.

C.1 Template Fallback as a Diagnostic
Earlier diagnostic runs used deterministic fact tem-
plates to recover structured facts from benchmark
sentences. That was useful for isolating retrieval
and repair behavior, but it does not represent how a
general agent would create memory. The realistic
pipeline therefore avoids structured fallback and
uses language-model extraction and atomization in-
stead. Template-based extraction remains useful as
a diagnostic because it can test whether constrained
repair works when the correct objects are already
available.

C.2 Detection and Extraction Telemetry
The evaluation records extraction telemetry and
detector telemetry alongside aggregate metrics. Ex-
traction telemetry includes atom counts, answer-
bearing atom counts, output-format repair counts,
and issue counts. Detector telemetry includes can-
didate pair counts, classification counts, ambiguous
pair counts, and generated must-link/cannot-link
counts. These details are necessary for interpreting
aggregate safety metrics because the governance
layer can only enforce the constraints it receives.

D Repair Algorithm and Certificates

This section details the constraint compilation and
certificate verification steps summarized in Sec-
tion 3.4.

D.1 Repair Algorithm Details
The repair implementation compiles constraints
over the active working set. Must-link constraints
are closed with union-find, so each must-link com-
ponent is treated as a unit. The compiler then
checks cannot-link constraints. If a cannot-link

falls inside a must-link component, or if a hard con-
straint cannot be evaluated over the working set,
the run is marked obstructed.

If compilation succeeds, the repair layer calls a
seeded pairwise-constrained assignment routine on
the memory embeddings, using the compiled must-
link and cannot-link pairs as hard constraints. Ex-
periments use a fixed random seed, a fixed cluster
budget, and deterministic solver settings. The re-
sulting assignment is then verified by checking ev-
ery hard cannot-link in the working set against the
returned labels. The certificate records the working
set, constraint counts, assignment, residual viola-
tions, and local verification result.

Figure 5 connects these steps. Panel A follows
evidence into an atom and memory object. Panel B
shows a feasible assignment and its verified repair
certificate. Panel C shows an incompatible pair in-
side a must-link component and the corresponding
obstruction certificate.

D.2 Retained Audit Artifacts

Each run writes aggregate metrics and runtime
telemetry alongside per-case records of the ques-
tion, answer aliases, selected and expected evi-
dence chunks, extracted atoms, memory objects,
generated constraints, baseline retrievals, violation
flags, and repair certificates. These records support
both aggregate tables and the qualitative examples
in the main text. For a reported violation, they
identify the retrieved memories, violated constraint,
governed memory set, and certificate.

E Additional Evaluation Artifacts

This section supports Section 4 and Section 4.2. It
records the retained audit view used to explain the
unsafe-retrieval example in the main text. Figure
6 shows a worked unsafe-retrieval case with initial
retrieval and repaired memory set.

E.1 Broader Coverage and Constraint
Diagnostics

Cross-benchmark coverage. Table 5 compares
LoCoMo conversation-only and all-text atomiza-
tion with the LongMemEval-S diagnostic. Denser
LoCoMo atomization improves answer cover-
age while lowering exact evidence-session recall.
These metrics measure evidence availability sepa-
rately from generated answer accuracy.

Working-set sensitivity and coverage losses.
Table 6A reports every tested working-set size. In-
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"Thomas Arne was born
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Memory Object
atom + provenance

id:  mem_8af3Memory ObjectObject Lifecycle

must-link cannot-link

cannot-link

Thomas Arne's native
city is London.

Thomas Arne was
born in the city of

Bengaluru.

Thomas Arne was born in
the city of London.

Feasible Memory Repair

An assignment for each atom is feasible, resulting in a successful repair.

Obstructed Memory Repair
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working_set
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It is impossible to satisfy all constraints in this scenario, so it is obstructed.

Obstruction Core
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London."

Chunk Text

subject
relation
value
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"Thomas Arne"
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"London"
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Figure 5: Object construction (A), feasible repair with a verified assignment (B), and an obstructed constraint
graph with a refusal certificate (C). Must-links join compatible memories, while cannot-links separate incompatible
memories.

Query "What is the user's current home address?"

Raw Retrieval MemGov

Returned memory set (top-3):

deleted "Home address: 12 Pine St."  (deleted 2025-09)

stale "88 Oak Ave." (superseded 2026-01)

current "Home address: 5 Birch Rd."  (current 2026-03)

Violations in this set
- deletion residue: returns a deleted memory
- stale: returns an outdated address
- cannot-link conflict: inconsistent address versions

Governed pipeline:

v 1. Eligibility filter drops `deleted`

v 2. State filter drops `stale` (superseded)

v 3. Constraint detect no remaining contradictions

v 4. MemGov repair returns useful subset + cert

Returned memory set
"Home address: 5 Birch Rd."  (current)
Repair certificate
working=3  filtered=2  checked=1  verify=pass

Useful, but unsafe Useful and safe

Figure 6: Worked unsafe-retrieval case. Raw retrieval finds answer-bearing evidence but also returns stale or deleted
memories. The governed pipeline applies eligibility and consistency checks before returning memory to the agent.

creasing LongMemEval-S top-k to 100 raises evi-
dence hit to 66% and answer coverage to 48%, with
zero detected unsafe merges and complete certifi-
cate coverage across all tested settings. Table 6B
reports the exclusive top-25 coverage categories.
At top-25, 24 questions lack a matching answer
atom in their annotated evidence sessions, four
miss those sessions, and three retrieve a session
without its matching answer atom.

Paired answer retention. Table 6C holds the
corpus, eligibility, ranker, and top-25 budget fixed.
Cannot-link filtering reduces unsafe merges from
60% to zero while retaining all 18 previously cov-
ered questions, losing none, gaining one, and leav-
ing 31 uncovered. This comparison directly tests
evidence retention alongside consistency enforce-
ment. Reproduction settings are in Appendix E.2.

Timestamp-supported constraints. Table 7
distinguishes general slot conflicts from the

timestamp-supported subset. Historical questions
can require older facts. Timestamp-supported
cannot-links prevent incompatible versions from
being used together without imposing a universal
newest-value rule.

Learned constraint detection. Table 8 tests the
learned detector interface. ModernCE NLI uses
contradiction threshold 0.85 and entailment thresh-
old 0.75. Raw BM25 has 65.8% unsafe merges,
while MemGov has zero and complete certificate
coverage in both controlled profiles. The detector
supplies typed relations, and the same repair layer
checks their joint satisfaction. In the NLI obstruc-
tion profile, one additional cannot-link per case is
injected to conflict with a detected must-link.

Multi-memory support and obstruction. Sec-
tion 4.3 explains how pairwise decomposition and
must-link closure represent multi-memory conflicts
and supporting evidence. The compilation steps
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are detailed in Appendix D.1.

E.2 Diagnostic Settings and Reproduction

The controlled Accurate_Retrieval profiles use 202
cases with a locatable answer and at least two can-
didate chunks, BM25 ranking for MemGov, 256-
dimensional hashing embeddings, and top-k = 5.
The eligibility profile appends five stressors to ev-
ery case while preserving its original candidates.
Each type accounts for 202 of the 1,010 appended
objects. Across all case-specific candidate sets,
459,444 original objects plus these additions give
460,454 memory instances. The injection frac-
tion is therefore 1,010/460,454 = 0.219%. This
denominator counts repeated objects in different
question-specific sets, rather than unique corpus ob-
jects. Lifecycle labels are interventions on copied
objects, and time is inherited from the source object
used by the builder. No elapsed-time cutoff assigns
stale or deleted labels. Table 2 reports the balanced
assignment, while Table 3 reports retrieved-object
exposure. Each stressor appends a descriptive tag
and source text after two copies of the query, and
its vector is the query embedding. Stale and deleted
exposure rates use returned objects as the denomi-
nator. Thus, 20% retrieved exposure for each type
is distinct from the 0.219% overall injection frac-
tion.

Worked eligibility and refusal cases. In the
first saved controlled eligibility case, BM25
returns exactly the five stressors: deleted,
restricted-sensitivity, stale, cross-user, and purpose-
mismatched memories. MemGov excludes all five
and returns original eligible memories. Their query
relevance therefore does not determine their admis-
sibility. In the first obstruction case, the certifi-
cate records an empty assignment and the reason
“cannot-link constraint falls inside a must-link com-
ponent.” The record identifies the incompatible
pair, making the refusal checkable from the sup-
plied constraints.

The satisfiable profile adds compatible support-
ing evidence and incompatible alternatives. The
obstruction profile deliberately places a cannot-link
inside a must-link component. These profiles iso-
late enforcement with known constraints.

Benchmark and atomization settings. LoCoMo
diagnostics use the complete 1,986-question QA
collection. The all-text export includes 3,074
source records and produces 3,242 atomized

chunks. LongMemEval-S uses the first 50 ques-
tions and every session in their histories, with 2,375
distinct source sessions. Both newer atomizations
use the fixed construction and evaluation settings
in Table 9. Local evaluation requires no model
generation. Answer coverage matches normalized
aliases against atom text, object values, and ev-
idence spans. Evidence-session recall uses the
benchmark’s session annotations. The 50 questions
are from the single-session-user category. Their
11,109 chunks contain 60,609 memory objects.

Paired comparison reproduction. The
paired LongMemEval-S diagnostic fixes the
corpus, eligibility predicates, top-25 ranker,
and timestamp-aware constraints, then toggles
cannot-link filtering. Its governed memory IDs
match the saved slot-plus-temporal run for every
question. The recorded comparison distinguishes
retained, lost, gained, and uncovered answers and
records input hashes. The reproducibility script
scripts/analyze_memgov_paired_utility.py
accepts the saved report and atomized JSONL
as inputs. The resulting paired report supports
Table 6.

Detector thresholds and ambiguity telemetry.
The NLI variant uses ModernCE base NLI with
contradiction threshold 0.85. At entailment thresh-
old 0.90, it leaves 202 same-value pairs ambigu-
ous. Threshold 0.75 recovers those must-links and
leaves zero ambiguous pairs in both reported pro-
files. This controlled calibration evaluates the de-
tector interface and certificate behavior (Table 8).

F Implementation and Model Details

This section explains the replaceable retrieval, ex-
traction, detection, and execution components in
Sections 3.2, 4, and 4.2. Concrete model identifiers
are listed in Section 4.

F.1 Retrieval Substrate
The implementation supports several retrieval
modes. Lexical retrieval is used as a transpar-
ent factual baseline. Dense retrieval uses learned
representations to find semantically related mem-
ories. Hybrid retrieval combines both signals.
Graph-expanded retrieval follows entity and rela-
tion chains in the memory context, which is es-
pecially useful when a question requires multiple
evidence steps. Reranking is used to compress a
high-recall candidate set into a smaller context for
extraction.
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Diagnostic QA cases Chunks Top-k Evidence hit Session recall Answer coverage

LoCoMo conversation-only 1,986 440 5 89.6 84.6 46.8
LoCoMo all-text 1,986 3,242 5 53.9 50.7 77.6
LongMemEval-S 50 11,109 25 56.0 56.0 38.0

Table 5: Cross-benchmark coverage diagnostics (%). The MemoryAgentBench comparison is in Table 4.
LongMemEval-S has 60,609 memories and 46% matching-answer availability in annotated evidence sessions.
Chunks are atomizer inputs, rather than QA cases or source sessions.

A. LongMemEval-S top-k sensitivity

k Hit Recall Answer Cert. Unsafe

5 40 40 24 100 0
10 48 48 32 100 0
25 56 56 38 100 0
50 58 58 42 100 0

100 66 66 48 100 0

B. Top-25 answer-coverage categories

Category Cases Rate

Answer covered 19 38
No matching answer atom 24 48
Expected session missed 4 8
Session found, answer atom missed 3 6

C. Paired top-25 comparison on the timestamp-aware run

Filter Answer coverage Unsafe Retained Lost Gained Uncovered

Before cannot-link filtering 36 60 — — — —
After cannot-link filtering 38 0 18 0 1 31

Table 6: LongMemEval-S diagnostics over 50 QA cases. Rates are percentages and transitions are case counts.
Panel A uses 36,838 detected cannot-links. Panel B categorizes returned evidence using answer-alias matching.
Panel C verifies the governed IDs against the saved timestamp-aware run and directly measures retained, lost, and
gained coverage.

Mode CL Temporal Answer Unsafe

Slot 36,838 — 38 0
Temporal only 25,383 25,383 36 0
Slot + temporal 36,838 25,383 38 0

Table 7: Timestamp-supported constraints on
LongMemEval-S at top-25. All 60,609 memory
objects have parsed dates. CL counts cannot-links,
and Temporal counts the timestamp-supported subset.
Answer coverage and unsafe merge are percentages.

These retrieval choices are treated as substrates
rather than as the main contribution. A stronger
retrieval substrate can improve evidence coverage,
but it still needs governance before returned mem-
ories are used by an agent.

F.2 Extraction and Atomization Models
The extraction stage uses instruction-tuned lan-
guage models to produce memory atoms from
selected evidence. Larger models are useful for
query-focused extraction, while smaller models can
serve as faster agentic atomizers over individual
chunks. These models are practical implementation
choices rather than the source of the governance
guarantee.

The atomization stage is one of the main run-
time bottlenecks. It can require many model calls

Profile ML/CL Raw MemGov Cert.

Satisfiable 202/202 65.8 0 100
Obstruction 202/404 65.8 0 100

Table 8: NLI-controlled profiles over 202 MemoryA-
gentBench cases. ML/CL counts must-links/cannot-
links. Raw BM25 and MemGov columns give unsafe-
merge rates, and Cert. gives certificate coverage (%).
Both profiles have zero ambiguous pairs. Telemetry and
thresholds are in Appendix E.2.

when each selected chunk is processed separately.
This cost is acceptable for strong experiments and
qualitative analysis, but larger runs benefit from
parallel execution, smaller atomizer models, and
high-memory GPU nodes.

F.3 Constraint Detection Models

The detector stage uses natural language inference
models or language-model classifiers to label rela-
tionships between candidate memory pairs. The de-
tector thresholds are fixed before evaluation rather
than adapted per case. This makes the evaluation
easier to interpret because the detector operates at
one consistent setting throughout the benchmark.
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Stage Fixed setting

Atomizer Qwen3.6-35B
Chunk input limit 2,500 characters
Generation budget 2,048 tokens
Local ranker BM25
Local embeddings 256-dimensional hashing

Table 9: Shared settings for the LoCoMo all-text and
LongMemEval-S atomization diagnostics. Benchmark
scope and metric matching rules are given in Ap-
pendix E.2.

F.4 Local and High-Performance Execution
The project supports both local laptop execution
and high-performance GPU execution. Local runs
are useful for smoke tests, debugging, and quali-
tative examples. Larger GPU runs are needed for
stronger extractors, stronger atomizers, and full
benchmark shards. Quantized models are used
to fit large extraction and reranking models into
available GPU memory while keeping the pipeline
practical for repeated experiments.

F.5 Saved Artifacts
Appendix D.2 lists the aggregate reports, runtime
telemetry, per-case audits, and certificates saved by
each run.
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