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Abstract

While individual components for AI agent
memory�versioning, retrieval, consolidation�
exist in prior systems such as Graphiti, Mem0,
and Letta, their architectural synthesis and
formal grounding remain underexplored. This
paper presents Kumiho, a graph-native cognitive
memory architecture grounded in formal belief
revision semantics. AI agents increasingly produce
substantial outputs�code, designs, documents,
intermediate results�that accumulate without
systematic versioning, provenance tracking, or
linkage to the decisions that created them. In
multi-agent work�ows�where one agent's output
becomes the next agent's input�this lack of
structure is a fundamental bottleneck. The core
insight is that the structural primitives required for
cognitive memory�immutable revisions, mutable
tag pointers, typed dependency edges, URI-based
addressing�are identical to those required for
managing these agent-produced outputs as ver-
sionable, addressable, dependency-linked assets.
Rather than building a memory layer and a
separate asset tracker, we built a cognitive mem-
ory architecture whose graph-native primitives
inherently serve as the operational infrastructure
for multi-agent work: agents use the same graph
to remember, to �nd each other's outputs, and to
build upon them.

The central formal contribution is a correspon-

*The structural correspondence between cognitive mem-
ory and asset management was recognized through the au-
thor's experience building pipeline infrastructure for major
visual e�ects productions. Contact: support@kumiho.io

dence between the AGM belief revision frame-
work Alchourrón et al. [1985] and the operational
semantics of a property graph memory system. We
frame this correspondence at the level of belief
bases Hansson [1999], proving satisfaction of the ba-
sic AGM postulates (K∗2�K∗6) and Hansson's be-
lief base postulates (Relevance, Core-Retainment),
while providing a principled rejection of the Re-
covery postulate grounded in immutable version-
ing. The formal results hold for a deliberately sim-
ple propositional logic over ground triples�a trade-
o� of expressiveness for tractability that avoids the
Flouris et al. impossibility results for description
logics Flouris et al. [2005]. We identify the supple-
mentary postulates (K ∗7, K ∗8) as open questions
requiring further formal development.

The architecture implements a dual-store model
(Redis working memory, Neo4j long-term graph)�
a recognized pattern in the agent memory space Hu
et al. [2025]�with hybrid retrieval across full-
text and vector modalities. An asynchronous con-
solidation pipeline extends prior sleep-time com-
pute approaches [2025] with safety guards adapted
from distributed systems and content management:
published-item protection, circuit breakers, dry-run
validation, and auditable cursor-based resumption.
Critically, the same graph that stores an agent's
memories also manages its work products: down-
stream agents locate inputs via URI resolution,
track which revision is current via tag pointers, and
link their own outputs back via typed edges�while
human operators audit the entire chain with the
same SDK and inspection tools. On the LoCoMo
benchmark [2024] (token-level F1 with Porter stem-
ming), Kumiho achieves 0.447 four-category F1
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(n=1,540)�the highest reported score across the
retrieval categories�combined with 97.5% adver-
sarial refusal accuracy (n=446), a natural con-
sequence of belief revision semantics: the mem-
ory graph contains no fabricated information, so
there is nothing for the model to hallucinate from.
Including adversarial (binary scoring), overall F1
is 0.565 (n=1,986). Automated AGM compli-
ance testing (49 scenarios, 7 postulates) con�rms
100% operational adherence to the claimed for-
mal properties. On LoCoMo-Plus [2026]�a Level-2
cognitive memory benchmark testing implicit con-
straint recall under intentional cue-trigger seman-
tic disconnect�Kumiho achieves 93.3% judge accu-
racy (n=401, all four constraint types), outperform-
ing the best published baseline (Gemini 2.5 Pro,
45.7%) by 47.6 percentage points. Recall accu-
racy reaches 98.5% (395/401), with the remaining
6.7% end-to-end gap entirely attributable to answer
model fabrication on correctly retrieved context.
Three architectural innovations drive both results:
prospective indexing, where LLM-generated hypo-
thetical future scenarios are indexed alongside each
memory summary, bridging the cue-trigger seman-
tic gap at write time; event extraction, where struc-
tured events with consequences are appended to
summaries to preserve causal detail that narrative
compression would otherwise drop; and client-side
LLM reranking, where the consuming agent's own
LLM selects the most relevant sibling revision from
structured metadata at zero additional inference
cost. The architecture is model-decoupled: switch-
ing the answer model from GPT-4o-mini (∼88%)
to GPT-4o (93.3%) improves end-to-end accuracy
by 5.3 points without any pipeline changes, demon-
strating that recall accuracy is a property of the
architecture, not the model. The system uses GPT-
4o-mini for the bulk of LLM operations at a total
cost of ∼$14 for 401 entries.

Keywords: cognitive memory, AI agents, belief re-
vision, AGM postulates, knowledge graphs, mem-
ory architecture, property graph, Neo4j, retrieval-
augmented generation, Model Context Protocol

1 Introduction

The role of large language models has shifted
fundamentally. LLMs are no longer stateless
question-answering systems or conversational chat-
bots. They operate as AI agents: autonomous
workers that execute multi-step tasks, produce digi-
tal artifacts, make consequential decisions, and col-
laborate with humans and other agents across ex-
tended work�ows Wang et al. [2024], Zhang et al.
[2024]. A coding agent writes and commits code. A
design agent generates and iterates on visual as-
sets. A research agent gathers, synthesizes, and
reports �ndings. A production agent coordinates
tasks across departments and tracks deliverables.

This shift from chatbot to worker creates two in-
tertwined requirements that current architectures
address separately, if at all. First, agents need cog-
nitive memory: the ability to remember past in-
teractions, track how beliefs evolved, recall why de-
cisions were made, and consolidate experience into
reusable knowledge. Second, agents need work
product management: the ability to version, lo-
cate, and build upon the artifacts they produce�so
that a downstream agent in a multi-step pipeline
can �nd the right input revision, understand its
provenance, and link its own output back to the
chain.

These two requirements share deep structural
parallels. Remembering that �the client prefers
warm color palettes� (cognitive memory) and track-
ing that �environment-lighting revision 5 is the ap-
proved version� (work product management) both
require the same core primitives: immutable ver-
sioned snapshots, typed dependency edges, muta-
ble status pointers, and content-reference separa-
tion. The domains are not identical�cognitive
memory involves belief revision semantics, uncer-
tainty, and natural language, while asset manage-
ment operates on well-typed artifacts with deter-
ministic work�ows�but the underlying data model
is shared. The present work builds a single graph-
native cognitive memory architecture whose prim-
itives simultaneously serve as the operational in-
frastructure for managing agent work products�
enabling multi-agent pipelines where each agent's
output is automatically versioned, addressable, and
linked to the reasoning that produced it (Section 7

2



addresses the belief revision semantics speci�c to
cognitive memory; Section 6 addresses the asset
management extensions).

This dual-purpose design addresses a growing en-
terprise need. As AI agents transition from exper-
imental tools to production workers, organizations
require the same governance, traceability, and ac-
countability standards they apply to human em-
ployees. Industry frameworks are emerging to meet
this demand: ISACA's 2025 analysis of agentic AI
audit challenges identi�es identity management, de-
cision traceability, and accountability gaps as criti-
cal concerns; IBM has introduced Agent Decision
Records for structured agent accountability; and
enterprise platforms increasingly frame agents as
workforce members requiring governance infrastruc-
ture. Our architecture provides this governance
natively: every agent belief has a URI, a revision
history, provenance edges to source evidence, and
an immutable audit trail�the same accountability
infrastructure that organizations already apply to
version-controlled code and managed digital assets.

The most common alternative response to the
memory challenge has been to expand the con-
text window itself: from 4K tokens in early mod-
els to 128K, 200K, and beyond. While larger win-
dows accommodate more immediate context, they
do not constitute memory. A context window is
consumed fresh on every invocation; it provides no
mechanism for versioning beliefs, tracking eviden-
tial provenance, expressing dependency relation-
ships between conclusions, or consolidating many
episodes into generalized knowledge. The distinc-
tion is analogous to the di�erence between a white-
board and a �ling system. A larger whiteboard lets
you write more at once, but it is erased between
sessions.

We contribute not novel individual components�
many of which exist in concurrent systems such as
Graphiti [2025], Mem0 [2025], and A-MEM [2025]�
but a novel architectural synthesis grounded in for-
mal analysis, implemented as the Kumiho sys-
tem.1 The speci�c contributions are:

1. Uni�ed cognitive memory and asset man-

1The core graph server is provided as a cloud service
at https://kumiho.io. The Python SDK, MCP mem-
ory plugin, and benchmark suite are open-source: https:

//github.com/kumihoclouds.

agement architecture (Section 4): A graph-
native cognitive memory system whose struc-
tural primitives�immutable revisions, typed
edges, mutable tag pointers, URI addressing�
simultaneously serve as the operational infras-
tructure for managing agent work products.
Agents use the same graph to remember past
interactions and to version, locate, and build
upon each other's outputs, enabling fully au-
tonomous multi-agent pipelines without separate
asset tracking systems. This paper validates the
cognitive memory capabilities empirically (Sec-
tions 15.2�15.3); the asset management uni�ca-
tion is an architectural contribution whose multi-
agent pipeline validation is planned as future
work.

2. Formal belief base revision correspon-
dence (Section 7): A structural correspondence
between the AGM belief revision postulates and
graph-native memory operations, framed at the
belief base level Hansson [1999], with a princi-
pled rejection of the Recovery postulate and for-
mal avoidance of the Flouris et al. impossibility
results.

3. URI-based universal addressing: A memory
reference scheme enabling deterministic resolu-
tion and provenance traversal. Our URI scheme
provides hierarchical scoping, revision pinning,
and artifact addressing. Among agent memory
systems, we found no prior use of structured,
hierarchical URIs with these properties. This
provides the mechanism for formal constructs:
every belief has a dereferenceable address, every
revision is citable, and every provenance chain is
traceable.

4. Safety-hardened consolidation (Section 9):
An asynchronous consolidation pipeline with
novel safety mechanisms: published-item pro-
tection, circuit breakers, dry-run validation, and
auditable cursor-based resumption.

5. SDK transparency and multi-agent inter-
operability (Section 5.2): The same graph and
SDK that agents use to manage work products
also exposes their memories for human inspec-
tion through a web dashboard and desktop as-
set browser. Agents query the graph to �nd in-
puts; operators query it to audit decisions�both
through the same API, addressing the growing
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need for AI memory observability alongside op-
erational multi-agent coordination.

6. LoCoMo evaluation on the o�cial metric
(Section 15.2): 0.447 four-category token-level
F1 on the LoCoMo benchmark (n=1,540)�the
highest reported score across the retrieval cat-
egories LoCoMo [2024]�combined with 97.5%
adversarial refusal accuracy (n=446). The near-
perfect adversarial score is a natural consequence
of the belief revision architecture: the memory
graph genuinely does not contain fabricated in-
formation, so there is nothing for the model to
hallucinate from. Including adversarial (binary
scoring), overall F1 is 0.565 (n=1,986). The
BYO-storage architecture keeps raw conversa-
tion data entirely on the user's local storage
while achieving state-of-the-art retrieval accu-
racy through structured summarization with en-
richment.

7. Empirical AGM compliance veri�cation
(Section 15.7): An automated test suite of
49 scenarios across 5 categories verifying oper-
ational adherence to all 7 claimed postulates
(K ∗ 2�K ∗ 6, Relevance, Core-Retainment), in-
cluding adversarial edge cases (rapid sequential
revisions, deep dependency chains, mixed edge
types). 100% pass rate con�rms that the imple-
mentation faithfully executes the formal speci�-
cation.

8. LoCoMo-Plus evaluation (Section 15.3):
93.3% judge accuracy on LoCoMo-Plus
(n=401)�a Level-2 cognitive memory bench-
mark testing implicit constraint recall under
intentional cue-trigger semantic disconnect�
outperforming the best published baseline
(Gemini 2.5 Pro, 45.7%) by 47.6 percent-
age points. Recall accuracy reaches 98.5%
(395/401), with 78% of failures attributable
to answer model fabrication, not retrieval.
Two consolidation enrichments�prospective
indexing and event extraction�eliminated the
>6-month accuracy cli� (37.5% → 84.4%). The
architecture is model-decoupled: swapping the
answer model from GPT-4o-mini (∼88%) to
GPT-4o (93.3%) improves accuracy without
pipeline changes, at a total cost of ∼$14.

9. Cross-benchmark generalization
and client-side reranking (Sec-

tions 15.2, 15.3, 8.8): The same architecture
achieves state-of-the-art on both LoCoMo and
LoCoMo-Plus (contributions 6 and 8 above),
validating that graph-native primitives general-
ize across evaluation protocols. Client-side LLM
reranking�where the consuming agent's own
LLM selects the most relevant sibling revision
from structured metadata at zero additional
cost�complements prospective indexing and
event extraction as the third architectural
mechanism driving both results.

The remainder of the paper covers related work,
design principles, the formal AGM correspondence,
architecture details (hybrid retrieval, consolida-
tion pipeline, safety guards), empirical evalua-
tions on LoCoMo (Section 15.2) and LoCoMo-Plus
(Section 15.3), AGM compliance veri�cation (Sec-
tion 15.7), and future directions.

2 Related Work

2.1 Agent Memory Architectures

The landscape of agent memory systems has de-
veloped rapidly since 2023, with the ICLR 2026
MemAgents Workshop [2026] marking the �eld's
maturation. We position our work relative to the
most relevant concurrent systems. Hu et al. Hu
et al. [2025] provide the current canonical survey.
Graphiti/Zep [2025] shares the most surface-

level components with our system: it implements
a temporal knowledge graph on Neo4j with entity-
event synthesis, bitemporal versioning, and triple-
modality hybrid retrieval combining BM25, cosine
similarity, and graph traversal. Graphiti reports
94.8% accuracy on the Deep Memory Retrieval
(DMR) benchmark and 18.5% improvement on
LongMemEval. Our LoCoMo results (Section 15.2)
are discussed in the evaluation sections. The key
architectural di�erences are threefold: (i) we pro-
vide a formal belief revision correspondence that
Graphiti lacks; (ii) our URI addressing scheme en-
ables deterministic cross-system memory references;
(iii) our BYO-storage design keeps raw conversation
data on the user's local storage, whereas Graphiti
processes and stores full content server-side.
Mem0/Mem0g [2025] implements a triple-store

architecture with timestamped versioned memo-
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ries and LLM-powered con�ict resolution, report-
ing 26% improvement over OpenAI Memory on
LoCoMo. A-MEM Xu et al. [2025] introduces
Zettelkasten-inspired dynamic linking (NeurIPS
2025). MAGMA [2026] proposes a multi-graph
architecture with four orthogonal graph layers (se-
mantic, temporal, causal, entity), achieving the
highest LoCoMo judge score of 0.70 with policy-
guided retrieval traversal. MAGMA's design rep-
resents an alternative structural philosophy: it dis-
entangles memory dimensions into separate graphs
for cleaner retrieval routing, whereas our archi-
tecture uni�es all relationships in a single prop-
erty graph with typed edges, enabling cross-
dimensional traversal (e.g., AnalyzeImpact prop-
agating across all edge types simultaneously). Nei-
ther approach has been empirically compared to the
other.
MemGPT/Letta [2023] pioneered virtual

context extension. Letta's sleep-time com-
pute [2025] introduced asynchronous background
consolidation�the same biological metaphor we
use�with anticipatory pre-computation (pre-
dicting future queries), which our Dream State
does not currently address (Section 16). Our
consolidation contribution is the safety guard
architecture (Section 9.5). Letta Context
Repositories [2026] (February 2026) provide
git-backed memory �lesystems with automatic
versioning and merge-based con�ict resolution via
multi-agent worktrees. While this is the most
structurally related production system to our
versioned memory concept, the approach di�ers
fundamentally in three respects:
(i) Versioning substrate. Letta uses Git�a

source code versioning tool�pragmatically as a
storage backend for Markdown �les. Our graph-
native approach yields richer versioning primitives
than Git's �le-and-commit model: typed cognitive
edges (not just �le di�s), multi-tag pointer lay-
ers (not just branch heads), artifact attachments
(not just �le content), and hierarchical project/s-
pace scoping (not just directory trees). These same
primitives double as auditable asset management
for agent work products (Section 4.2).
(ii) Con�ict resolution. Letta resolves concur-

rent writes via Git's text-level merge, which can
detect but not semantically resolve contradictory

beliefs�the merge requires human or LLM inter-
vention on the text di�. Our system resolves con-
�icts via AGM-compliant belief revision operators:
the Supersedes edge creates a new revision with
formal guarantees (Success, Consistency, minimal
change via Relevance).
(iii) Downstream propagation. In Letta, updat-

ing a belief in one �le does not automatically iden-
tify other �les that depend on it. In our system,
AnalyzeImpact traverses typed Depends_On

edges to identify all downstream conclusions that
may need re-evaluation�a capability enabled by
the typed edge ontology that �at �le systems can-
not express.
A concrete example illustrates these di�erences.

If an agent's memory contains �client prefers warm
tones� and a concurrent write produces �client now
prefers cool tones,� Letta's system generates a text-
level merge con�ict requiring human or LLM in-
tervention. Our system creates a new revision
with a Supersedes edge, moves the tag pointer,
and makes the stale belief retrievable only via ex-
plicit opt-in�with AnalyzeImpact propagating
the change to downstream decisions automatically.
Additional concurrent systems include Ever-

MemOS [2026] (self-reported 93.05% LoCoMo; see
benchmark caveat below), CAM [2025] (NeurIPS
2025), and MemoryAgentBench [2026] (ICLR
2026). MemOS [2025] (EMNLP 2025 Oral) imple-
ments a hierarchical memory manager with global,
local, and working memory bu�ers inspired by op-
erating system design. Hindsight [2025] proposes
a four-network memory architecture (facts, expe-
riences, opinions, observations) achieving 89.61%
on LoCoMo and 91.4% on LongMemEval with
open-source evaluation. Its Opinion Network with
con�dence-scored beliefs that update with evidence
represents a pragmatic form of belief versioning
without formal AGM grounding. The empirical
success of Hindsight's approach demonstrates that
practical belief tracking delivers strong results; our
work provides the formal framework that could
guarantee consistency properties�speci�cally, that
belief revision satis�es minimal change (Relevance)
and does not discard beliefs without justi�ca-
tion (Core-Retainment)�for systems like Hind-
sight. AgeMem [2026] uni�es LTM/STM manage-
ment via RL with tool-based operations and three-
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stage progressive GRPO training. E-mem [2026]
addresses multi-agent episodic context reconstruc-
tion, achieving 54%+ F1 on LoCoMo while reduc-
ing token cost by 70%. LatentMem [2026] in-
troduces learnable multi-agent memory with La-
tent Memory Policy Optimization. CAST [2026]
proposes character-and-scene episodic memory for
agents. CoALA [2024] provides a cognitive science
taxonomy informing our dual-store design.
Recent surveys provide complementary tax-

onomies. Hu et al. Hu et al. [2025] provide the cur-
rent canonical survey with a comprehensive taxon-
omy of memory functions, substrates, and dynam-
ics. Yang et al. Yang et al. [2026] survey graph-
based agent memory from DEEP-PolyU, organiz-
ing systems by graph types and memory functions.
Huang et al. Huang et al. [2026] provide a large-
scale survey covering memory substrates, cognitive
mechanisms, and memory subjects. Luo et al. Luo
et al. [2026] trace the evolutionary trajectory from
static storage to experience-driven memory mecha-
nisms.
Table 1 summarizes the key architectural distinc-

tions among the most relevant concurrent systems;
a comprehensive feature comparison appears in Sec-
tion 12.
Benchmark standardization caveat. No

standardized LoCoMo leaderboard exists�all re-
ported numbers use varying evaluation con�gu-
rations (di�erent judge models, question subsets,
and evaluation prompts). EverMemOS's 93.05%
is evaluated using their own framework with no
independent reproduction. Li et al. [2026] intro-
duced LoCoMo-Plus (February 2026), demonstrat-
ing that existing LoCoMo scores largely measure ex-
plicit factual recall under strong semantic alignment
rather than genuine cognitive memory under cue-
trigger semantic disconnect; all tested systems show
substantial performance drops from LoCoMo to
LoCoMo-Plus. To address the comparability gap,
we now provide token-level F1 results (Section 15.2)
on the o�cial LoCoMo metric [2024], enabling di-
rect comparison with Zep [2025], Mem0, Memo-
base [2025], and ENGRAM [2025] on the same scor-
ing function. The DMR benchmark, while histori-
cally important, uses conversations (∼60 messages)
that �t within modern context windows and re-
lies exclusively on single-turn fact-retrieval ques-

tions Graphiti [2025]. All comparative numbers
cited in this paper should be understood as ap-
proximate and non-standardized. Our LoCoMo-
Plus evaluation (Section 15.3) further validates
the strategic signi�cance of graph-native architec-
tures for Level-2 cognitive memory, where all tested
baselines�including systems using premium mod-
els with million-token context windows�score be-
tween 23% and 46%.

2.2 Belief Revision in AI

The AGM framework Alchourrón et al. [1985], Gär-
denfors [1988] de�nes rationality postulates for be-
lief change. Hansson Hansson [1999] extended this
to belief bases��nite sets not closed under logi-
cal consequence�which is the appropriate level for
computational systems. Our formal analysis sits
within this tradition.

Impossibility in Description Logics. Flouris
et al. Flouris et al. [2005] proved that Description
Logics (including those underlying OWL) cannot
satisfy AGM revision postulates. Qi et al. Qi et al.
[2006] re�ned this for speci�c fragments. These
results are critical context: our property graph
avoids these impossibilities by operating on a sim-
pler structure (Section 7.6).

AGM and Machine Learning. Aravanis Ara-
vanis [2025] establishes a correspondence between
machine learning and AGM-style belief change;
Hase et al. Hase et al. [2024] frame LLM model
editing as belief revision. Baitalik et al. Baita-
lik et al. [2026] (AAAI 2026 Bridge Program) ap-
ply GreedySAT-based consistency to multi-turn di-
alogues. Wilie et al. Wilie et al. [2024] demonstrate
LLMs' poor belief revision capabilities on Belief-
R, motivating external memory architectures that
enforce revision constraints structurally. Our work
complements this stream by applying AGM to the
external memory graph.

Formal Developments. Bonanno Bonanno
[2025] uni�es Bayesian and AGM approaches via
Kripke�Lewis semantics, connecting belief revision
to dynamic epistemic logic. Meng et al. Meng et al.
[2025] develop belief algebras for iterated revision.
Chandler and Booth Chandler and Booth [2025]
address parallel belief revision via order aggrega-
tion (IJCAI 2025), directly relevant to the question
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Table 1: Architectural comparison with selected concurrent systems.

Dim. Graphiti Mem0 Letta Hindsight Ours

Version Bitemporal Timestamped Git None Immutable+tags
Con�ict Temporal LLM Git merge Conf AGM Supersedes
Retrieval BM25+vec Graph File 4-net Hybrid
Formal None None None None AGM postulates
URI Ö Ö Git Ö kref://
Consol Temporal None Git GC None Dream State

of compositional belief change in batch operations.
Schwind et al. Schwind et al. [2025] connect iter-
ated belief change to learning, bridging the formal
and computational perspectives.

The Recovery Postulate. Makinson Makin-
son [1987] questioned its status; Hansson Hansson
[1991] proposed contraction without Recovery. Our
principled rejection (Section 7.3) provides a con-
crete operational demonstration.

2.3 Versioned Knowledge Graphs

The concept of version-controlled knowledge graphs
has a substantial history in the Semantic Web com-
munity. R&Wbase Vander Sande et al. [2013]
(subtitled �Git for triples�) supported branching
and merging for quad-stores. SemVersion Völkel
et al. [2005] applied version control to RDF
graphs with structural di� and merge. Quit
Store Arndt et al. [2018] (�Quads in Git�) provides
a SPARQL 1.1 endpoint backed by Git-versioned
RDF named graphs with branching, merging, and
provenance. OSTRICH Taelman et al. [2018] im-
plements hybrid versioned triple storage with im-
mutable snapshots and delta chains. ConVer-
G [2024] enables concurrent versioned querying of
knowledge graphs using bitstring-based condensed
representations.

Our contribution is not the invention of versioned
graphs�this is well-established�but the applica-
tion of versioned graph primitives to cognitive mem-
ory speci�cally, combined with formal belief revi-
sion analysis. The versioned KG systems above
target SPARQL-based knowledge management; we
target the distinct requirements of AI agent mem-
ory: typed dependency edges encoding epistemic
relationships (not just ontological ones), mutable
tag pointers for belief status tracking, asynchronous

LLM-driven consolidation, and the formal corre-
spondence to AGM postulates that Section 7 es-
tablishes.

Similarly, the broader analogy of version control
applied to agent memory is increasingly explored.
Git-Context-Controller GCC [2025] (GCC) explic-
itly applies Git semantics (COMMIT, BRANCH,
MERGE) to LLM agent memory and achieves
strong results on SWE-Bench-Lite. Our system dif-
fers in operating on typed knowledge graph triples
rather than text �les, enabling the formal properties
described in Section 7 and the typed dependency
reasoning unavailable to text-level version control.

2.4 Hybrid Retrieval and Score Fusion

Robertson and Zaragoza Robertson and Zaragoza
[2009] formalized BM25. Cormack et al. Cormack
et al. [2009] introduced Reciprocal Rank Fusion
(RRF). Bruch et al. Bruch et al. [2023] analyzed fu-
sion functions systematically, showing that convex
combinations can outperform RRF on standard IR
benchmarks. Our max-based fusion (CombMAX in
the terminology of Fox and Shaw Fox and Shaw
[1993]) is a deliberate design choice, not a novel fu-
sion method. In memory retrieval, a strong exact-
match signal on one branch should not be diluted by
a weak score on another branch. We motivate this
through a precision preservation observation (Sec-
tion 8), but acknowledge that CombMAX is known
to be susceptible to noise from poorly-calibrated
retrievers producing in�ated scores Bruch et al.
[2023]. This is an argumentative design choice,
not a theoretical result; comparative evaluation
against RRF and convex combination is planned
(Section 16).
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2.5 AI Agent Observability

As AI agents increasingly perform consequential
work, the need for memory observability has be-
come acute. OpenTelemetry provides agent-speci�c
telemetry schemas; tools like Langfuse, LangSmith,
and Braintrust o�er instrumentation for tracing in-
ference steps and tool calls. Our contribution dif-
fers: existing observability tools trace inference;
our system makes memory itself the auditable ar-
tifact. Every agent belief has a URI, revision his-
tory, provenance edges, and immutable audit trail.
The web dashboard (Figure 1) and desktop asset
browser render this graph as a browseable, search-
able hierarchy with interactive visualization, en-
abling human operators to audit agent reasoning
at the memory level�not just at the tool-call level.

3 Why Context Window Exten-

sion Is Not Memory

We identify four structural de�ciencies of context-
window-as-memory.

Attention is not recall. A context window pro-
vides attention capacity; memory requires selective
recall from a large corpus of past experience.

Quadratic cost scaling. Transformer attention
scales as Θ(n2 ·d) Vaswani et al. [2017]. A retrieval-
based system that indexes N memories and re-
trieves top-k incurs O(logN) + O(k2 · d). Since
k ≪ n by design, the retrieval approach is orders of
magnitude cheaper. Moreover, the metadata-over-
content architecture (Section 6) reduces the per-
item token size: each of the k recalled memories
is a compact summary, not a full transcript. This
compounds the cost advantage by reducing both the
total token cost and the cognitive load on the rea-
soning model.

While techniques such as sparse attention, slid-
ing windows, and linear attention approximations
mitigate the quadratic cost, they do so by sacri�c-
ing the very capability that makes larger windows
useful: the ability to attend to arbitrary positions
in the sequence. An agent's lifelong interaction his-
tory measured in tens of millions of tokens makes
in-context approaches economically and computa-
tionally infeasible for persistent memory.

No structural representation. A �at to-
ken sequence cannot express that belief B2 super-
sedes B1, that conclusion C depends on assump-
tions A1, A2, or that a memory has been validated,
deprecated, or �agged for review.

Model coupling. Context window contents are
ephemeral and model-speci�c. Agent memory must
be LLM-decoupled: stored in a persistent, model-
independent data structure that any current or fu-
ture language model can query.

4 Background and Motivation

4.1 Human Memory as a Design Tem-

plate

Cognitive science distinguishes between work-
ing memory�a capacity-limited, rapidly-accessible
bu�er Atkinson and Shi�rin [1968], Baddeley
[2000]�and long-term memory, further divided into
episodic and semantic stores Tulving [1972]. Trans-
fer from episodic to semantic memory involves ac-
tive consolidation during sleep Rasch and Born
[2013]. Human decision-making proceeds through
a loop of perceive�recall�revise�act that a memory-
equipped AI agent must replicate.

4.2 The Asset Management Insight

AI agents increasingly produce substantial digi-
tal outputs�generated images, code commits, de-
sign iterations, research documents, intermediate
results�that accumulate without systematic ver-
sioning, provenance tracking, or linkage to the de-
cisions that created them. As sessions accumu-
late, these outputs become lost, duplicated, or un-
traceable. The structural correspondence between
the primitives needed for cognitive memory and
those needed for tracking these agent-produced out-
puts is not coincidental: both domains require
immutable versioned snapshots, typed dependency
edges, mutable status pointers, URI-based address-
ing, and content-reference separation. This corre-
spondence was �rst recognized through production
experience�asset management systems in visual
e�ects and game development have implemented
these exact primitives for decades�but the archi-
tectural direction is memory-�rst: the graph-native
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Table 2: Structural correspondence between asset
management and cognitive memory.

Asset Memory Concept

Project Scope Container
Space Topic Namespace
Item Unit Identity
Revision Belief T Snapshot
Artifact Evidence Pointer
Tag Status Mutable ref
Edge Relation Typed link
Bundle Cluster Grouping

primitives required for cognitive memory inherently
provide auditable asset management as an emergent
capability.
Traditional asset management systems encode

these fundamentally graph-like relationships in rela-
tional databases (PostgreSQL, MySQL) with RPC
frameworks (Thrift, gRPC), where dependency
chains require recursive queries or application-level
graph walks over foreign key joins. The relation-
ships exist, but they are second-class citizens.
The present architecture adopts a native graph

database (Neo4j) as the storage layer, making rela-
tionships �rst-class citizens. A dependency between
two revisions that would require a junction table
row and a multi-join query becomes a literal di-
rected edge traversable in a single graph operation.
This graph-native foundation enables the cognitive
memory primitives (belief revision chains, eviden-
tial provenance, and the formal properties described
in Section 7) while simultaneously providing the
asset management capabilities (native dependency
traversal, real-time impact analysis, typed relation-
ship ontology) needed to track agent work products.
Table 2 formalizes this structural correspondence.

Principle 1 (Cognitive Memory as Multi-Agent In-
frastructure). AI agents increasingly produce sub-
stantial outputs�generated images, code artifacts,
design iterations, documents, intermediate results�
that are not systematically tracked, versioned, or
linked to the decisions that created them. In multi-
agent work�ows, this becomes a critical bottleneck:
a video compositing agent cannot locate the ap-
proved texture revision produced by an upstream
generation agent; an editing agent cannot trace
which audio mix corresponds to which scene cut.

The core insight is that the structural primitives
needed for cognitive memory (immutable revisions,
typed edges, mutable tag pointers, URI addressing)
are identical to those needed for managing these
agent-produced outputs as versionable, addressable,
dependency-linked assets. Rather than building a
memory layer and a separate asset tracker, we built
a cognitive memory architecture whose graph-native
primitives inherently serve as the operational infras-
tructure for multi-agent work�enabling agents to
remember, �nd each other's outputs, and build upon
them through a single system. An extensive litera-
ture search found no prior work unifying these two
capabilities on a shared graph substrate.

4.3 Dual-Purpose Graph: Memory and

Asset Tracking as One System

The structural correspondence in Table 2 enables
a concrete operational capability: the same graph
that stores an agent's cognitive memories also man-
ages the outputs that agents produce. Consider
a multi-agent creative pipeline: an image genera-
tion agent produces a concept art revision; a video
compositing agent locates that revision via its URI,
checks that it carries the �approved� tag, and cre-
ates its own output with a Derived_From edge
linking back to the input; an audio agent does the
same for the soundtrack; and an editing agent as-
sembles the �nal deliverable with typed edges to
every upstream component. Each agent uses the
graph both to remember (client preferences, past
iterations, feedback history) and to operate (�nd
the right input version, register its output, declare
dependencies).

This dual-purpose design means agents in a
pipeline do not need separate systems for �remem-
bering what happened� and �managing the outputs
they created.� Both are �rst-class graph citizens.
Without this uni�cation, agent-produced artifacts
accumulate in disconnected storage��les on disk,
blobs in buckets, ephemeral context windows�with
no versioning, no provenance, and no link to the
reasoning that generated them. The graph ensures
that every output is addressable, versionable, and
traceable to the belief state that produced it�and
that downstream agents can �nd and build upon it
programmatically.
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5 LLM-Memory Decoupling

A persistent failure mode in current agent mem-
ory systems is tight coupling between the memory
store and the language model. When memory ex-
ists as prompt context, model-managed bu�ers, or
framework-speci�c data structures, it becomes in-
separable from the speci�c model version. This
coupling creates provider lock-in, model upgrade
fragility, and architectural non-portability.

5.1 The Decoupled Architecture

The architecture enforces LLM-memory decoupling
through three mechanisms:

Model-independent storage. The mem-
ory graph is stored in a standard property
graph database. Memories are structured
data�summaries, metadata, tags, edges, artifact
pointers�not model-speci�c embeddings or token
sequences.

Standardized access protocol. Memory op-
erations are exposed through the Model Context
Protocol (MCP) MCP [2025], a model-agnostic tool
interface. Any MCP-compatible agent can execute
memory operations through the same interface.

Pluggable LLM integration. Components re-
quiring LLM capabilities�the Dream State con-
solidation pipeline, PII redaction, and mem-
ory summarization�accept any LLM through an
adapter interface.

5.2 Why Agent Work Products Demand

Managed Memory

When an LLM serves as a chatbot, its �memory�
is a convenience. When an LLM operates as an
agent performing consequential work, memory be-
comes critical infrastructure�for two distinct rea-
sons.

Operational need: multi-agent coordina-
tion. In autonomous pipelines, each agent's out-
put is the next agent's input. An image genera-
tion agent produces texture revisions; a composit-
ing agent must locate the approved revision, under-
stand what created it, and link its own output back.
Without structured asset management, these hand-
o�s require brittle �le paths, naming conventions, or

ad-hoc metadata�none of which scale to complex
multi-agent work�ows. The memory graph provides
this coordination natively: every output has a URI,
a version history, typed dependency edges to its in-
puts, and mutable tag pointers indicating approval
status. Agents query the graph to �nd inputs just
as they query it to recall past interactions.

Governance need: decision auditability.
An agent that approved a deployment, recom-
mended a treatment plan, or signed o� on a �-
nancial model must be able to explain why�not
by regenerating a plausible explanation, but by
pointing to the actual evidence, the actual rea-
soning chain, and the actual prior beliefs that in-
formed the decision. This is the same accountabil-
ity standard applied to human workers. The mem-
ory graph provides this: every agent belief has a
URI, a revision history, provenance edges to source
evidence, and an immutable audit trail. The web
dashboard and desktop asset browser render this
graph as a browseable hierarchy of versioned items
(Figure 1). An operator reviewing an agent's deci-
sion can traverse from the decision memory to its
Derived_From sources, check what the agent be-
lieved at the time via time-indexed tag resolution,
and inspect the Dream State consolidation reports.

Both needs�operational coordination and gover-
nance auditability�are served by the same graph,
the same SDK, and the same API. Without this in-
frastructure, agent work products are untraceable
and agent pipelines are unmanageable. The system
makes agent memory as inspectable as a version-
controlled codebase and as navigable as a managed
asset database�because structurally, it is both.

6 System Architecture

6.1 Overview

The architecture implements a dual-store model
mirroring the human working/long-term memory
distinction. The agent interacts through MCP; the
memory graph is LLM-independent.
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6.2 Working Memory: Library-Level

Access

The working memory layer uses Redis, accessed via
a direct library SDK (not HTTP), to maintain the
current session's message bu�er with a con�gurable
TTL (default: 1 hour). Measured latencies are 2�
5ms via library SDK versus 150�300ms through an
HTTP gateway. Key design properties:
� Latency: < 5ms read/write via library SDK.
� Scope: Session-local; isolated per (project,
context, user, session) via key namespace
cogmem:{proj}:sessions:{sid}:*.

� Volatility: TTL-based expiry; bounded bu�er
(default 50 messages).

� Capacity: Session-local only; does not persist
across agent restarts.

� Isolation: Strict context-level isolation via key
namespacing (the context �eld in the session ID
serves as the namespace boundary).

Principle 2 (Match Storage Latency to Access
Pattern). Working memory requires library-level
(not RPC-level) access to maintain sub-10ms la-
tency. The 100�200ms di�erence between in-
process and network access, compounded across
thousands of interactions, accumulates to orders-of-
magnitude di�erences in agent responsiveness.

6.3 The Structured Memory Reference

Scheme

Every object in the system is addressable through
a universal URI scheme:

kref://project/space/

item.kind?r=N&a=artifact

The scheme provides: Addressability�any mem-
ory is referenceable from any context; Temporal
navigation�?r=N pins to a speci�c point in time;
Type safety�the .kind su�x enables type-aware
retrieval; Traversal entry points�edges reference
memory URIs, enabling graph traversal from any
starting point.

Principle 3 (Universal Addressability). Every
memory unit must be referenceable by a stable,
parseable, human-readable identi�er. Without ad-
dressability, edges become fragile, lineage becomes
untraceable, and consolidation becomes lossy.

Principle 4 (Validate at Boundaries, Trust In-
ternally). The SDK validates all memory reference
URIs at the boundary (regex matching against the
canonical format). Once validated, internal code
treats them as opaque strings, eliminating redun-
dant per-function validation.

6.4 Long-Term Memory: The Property

Graph

Long-term memory is stored in Neo4j. Each mem-
ory unit is represented as an Item node with one or
more Revision nodes forming an immutable version
chain.

6.4.1 The Item�Revision Model

An Item represents a named, typed memory unit.
Each Revision is an immutable snapshot carrying
structured metadata (summary, topics, keywords,
schema version) and optionally an embedding vec-
tor. An agent can: resolve a tag to retrieve the
latest belief; follow Supersedes chains to trace
belief evolution; follow Derived_From edges to
understand evidential support; and move a tag to
an earlier revision to perform belief rollback.

Item: "api-design.decision"

Rev 1 (Jan 15): "Use REST for public API"

Rev 2 (Jan 22): "Use REST + WebSocket"

edge: SUPERSEDES -> Rev 1

Rev 3 (Feb 1): "Use gRPC internally"

edge: SUPERSEDES -> Rev 2

edge: DERIVED_FROM -> "benchmarks.fact?r

=1"

Tag "current" -> Rev 3

Tag "initial" -> Rev 1

Principle 5 (Immutable Revisions, Mutable Point-
ers). Memory states are never overwritten; they are
versioned. Tags provide mutable �current view� se-
mantics without losing history, enabling belief revi-
sion tracking, audit trails, and rollback.

6.4.2 BYO-Storage: Metadata Over Con-
tent

The system stores metadata, relationships, and
pointers�never �le content. Artifact records con-
tain a location �eld pointing to where raw content
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Table 3: Memory type taxonomy and implementa-
tion.

Type Implementation

Working Redis bu�er (TTL)
Episodic Conversations
Semantic Consolidated facts
Procedural Tool execution
Associative Graph edges
Meta Tags + audit

resides on the user's own storage. This content-
reference separation�a principle well-established in
asset management systems handling petabytes of
data�yields critical bene�ts for cognitive mem-
ory: the graph database stays lightweight, pri-
vacy boundaries are enforced architecturally, and
agents read compact summaries rather than full
transcripts.

Principle 6 (Metadata Over Content). Store the
minimum information necessary for recall and rea-
soning in the cloud graph. Raw content stays local.
This preserves user privacy, reduces storage costs,
eliminates data ex�ltration risk, and enables cogni-
tive e�ciency.

6.4.3 Memory Type Taxonomy

The system implements six memory types: working
memory (Redis bu�er), episodic memory (conver-
sation revisions), semantic memory (consolidated
facts), procedural memory (tool execution records),
associative memory (graph edges + bundles), and
meta-memory (tag system + audit trail).

6.5 Edge System: Reasoning as First-

Class Structure

The edge system makes reasoning structure ex-
plicit through six typed, directed edge types:
Depends_On (validity dependency), De-

rived_From (evidential provenance), Super-

sedes (belief revision), Referenced (associative
mention), Contains (bundle membership), and
Created_From (generative lineage).

Edge type de�nitions:

� Depends_On: Validity dependency. If the tar-
get is invalidated, the source may be unreliable.

� Derived_From: Evidential provenance. The
source was produced using the target as input.

� Supersedes: Belief revision. The source re-
places the target as the current belief.

� Referenced: Associative mention. The source
refers to the target without dependency.

� Contains: Bundle membership. The target is a
member of the source bundle.

� Created_From: Generative lineage. The
source was generated from the target.

These edges enable three traversal operations:
TraverseEdges(k, d, n), ShortestPath(ks, kt),
and AnalyzeImpact(k, d). Impact analysis is par-
ticularly important for belief revision: when an
agent discovers that assumption A is invalid, Ana-
lyzeImpact identi�es all downstream conclusions
that may need re-evaluation.

Traversal operations:

1. TraverseEdges(k, d, n): Find all memories con-
nected to memory reference k in direction d up
to depth n.

2. ShortestPath(ks, kt): Find the minimal con-
nection between two memory references.

3. AnalyzeImpact(k, d): Compute the transitive
dependency cascade from memory reference k to
depth d.

Principle 7 (Explicit Over Inferred Relationships).
Relationships between memories must be stored as
�rst-class graph edges, not inferred at query time
through embedding similarity. Similarity �nds re-
lated content; edges encode why content is related.

Principle 8 (Why Graph-Native Edges Matter).
In relational systems, a dependency between two as-
sets required a junction table and a multi-join query.
In native graph databases, the same relationship is
a single directed edge traversable in O(1) time. Re-
cursive CTEs can compute transitive closure over
relational joins, but they require exponentially more
computation as depth increases. A single Cypher
ShortestPath query achieves the same result in
milliseconds. This di�erence compounds across all
graph operations: traversal, impact analysis, prove-
nance reconstruction.
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7 Formal Properties: Belief Revi-

sion in Graph-Native Memory

The item�revision�tag model is not merely an en-
gineering convenience; its primitives correspond to
fundamental operations studied in the theory of
rational belief change. This section demonstrates
a structural correspondence with the AGM postu-
lates Alchourrón et al. [1985]�or, in one principled
case, deliberately diverges from them.

We frame this contribution at the level of be-
lief bases rather than belief sets, following Hans-
son Hansson [1999]. The contribution is the
bridge itself: demonstrating that an independently-
motivated systems architecture, designed for pro-
duction agent memory, satis�es established ratio-
nality constraints under a belief base interpretation.
We do not propose new logical machinery; the nov-
elty lies in showing that production-motivated ar-
chitectural choices yield a system satisfying AGM's
postulates. To our knowledge, no prior work bridges
AGM belief revision theory with AI agent mem-
ory architectures. The novelty lies in the mapping
between graph-native memory operations and for-
mal belief revision operators�not in the logic it-
self, which is deliberately kept at the propositional
level for tractability. The distinction between belief
sets and belief bases is fundamental: AGM's origi-
nal formulation operates on belief sets closed under
logical consequence (K = Cn(K)), which are in�-
nite objects unsuitable for computational systems.
In contrast, computational systems store �nite sets
of explicitly stored propositions�precisely what the
memory graph's revision content represents. Hans-
son's belief base framework operates on these �nite,
non-closed sets, providing the appropriate level of
abstraction for agent memory. This framing avoids
the well-known di�culties of computing deductive
closure while retaining the rationality constraints
that make AGM valuable.

7.1 Formal System Model

We formalize the memory graph and the belief state
it induces.

De�nition 7.1 (Memory Graph). A memory
graph is a tuple G = (I,R,E, τ) where:

� I is a �nite set of items (named, typed memory
units);

� R =
⋃

i∈I Ri is the set of all revisions, where

Ri = (r
(1)
i , r

(2)
i , . . .) is the ordered, append-only

revision sequence for item i;
� E ⊆ R×EdgeType×R is a set of typed, directed
edges between revisions;

� τ : TagName ⇀ R is a partial function map-
ping tag names to revisions (the mutable pointer
layer).

Each revision r
(k)
i is immutable: once created, its

content φ(r
(k)
i ) cannot be modi�ed. Tags are the

sole mutable component.

De�nition 7.2 (Belief Base). Given a memory
graph G = (I,R,E, τ), the belief base is:

B(τ) =
⋃

t∈dom(τ)

φ
(
τ(t)

)
(1)

where φ(r) denotes the propositional content of revi-
sion r (operationally, the revision's structured meta-
data: summary, topics, keywords, extracted facts).
Unlike the AGM belief set, B(τ) is a �nite set that
is not closed under logical consequence.

The system records every tag assignment and
reassignment, yielding a history function τT :
TagName ⇀ R that resolves the tag mapping as
it existed at time T . This induces historical belief
bases:

B(τT ) =
⋃

t∈dom(τT )

φ
(
τT (t)

)
(2)

enabling the query �what was believed under tag
t at time T?� to be answered precisely�not by
scanning revision timestamps, but by resolving the
actual tag-to-revision binding that was active at T .

An important implementation note: the proposi-
tional content φ(r) is operationally the revision's
structured metadata�its summary, topics, key-
words, and extracted facts�not the raw conversa-
tion transcript or tool output. Raw content resides
outside the graph as an artifact and is dereferenced
only when exact detail is required. This two-tier
representation makes φ(r) compact and tractable
for belief-state computation, while preserving full
evidential �delity through the artifact pointer.
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From natural language to ground triples.
A central implementation question is how agent-
generated natural language beliefs�e.g., �the user
prefers cool color tones��are mapped to ground
atoms in AtG (De�nition 7.8). The mapping is per-
formed at the API boundary by the memory_ingest
MCP tool, which accepts structured �elds: a title
(becomes the item name), a summary (becomes the
revision's primary content), tags and topics (be-
come metadata keywords), and a memory_type clas-
si�cation (summary, decision, fact, re�ection, er-
ror). The agent's natural language output is thus
decomposed into typed �elds before entering the
graph�the mapping is not an automated NLP ex-
traction pipeline but a structured API contract that
the agent's skill prompt is designed to satisfy.

Concretely, the agent's statement �the
user prefers cool tones for their design
palette� is mapped to a ground triple
⟨color-preference, summary, �prefers cool tones�⟩ ∈
AtG by the agent writing:
title="color-preference", summary="prefers

cool tones for design palette",
memory_type="decision". The triple struc-
ture (s, p, o) arises from the item��eld�value
decomposition: subject = item name, predicate
= �eld name, object = �eld value. This is not
semantic parsing in the NLP sense; it is structured
output that the LLM agent produces by following
its memory skill prompt, which speci�es the
expected �elds and their semantics.

Property graph, not RDF. Despite the
(s, p, o) notation, the underlying storage is a labeled
property graph (Neo4j), not an RDF triple store.
Each memory item is a graph node with typed prop-
erties (summary, topics, keywords, type); each re-
vision is a separate node linked by Supersedes

edges; and inter-item relationships (Depends_On,
Derived_From, etc.) are �rst-class typed edges
with optional metadata. The �ground triple� for-
malism in AtG is an analytical abstraction used to
establish the AGM correspondence�it provides a
clean propositional atom structure for the formal
proofs. The implementation stores these atoms as
node properties in the property graph, not as RDF
subject�predicate�object statements. This distinc-
tion matters because the property graph model sup-
ports features absent from basic RDF: per-edge

metadata, native node-level indexing (fulltext and
vector), and schema-�exible property bags on both
nodes and edges. Readers familiar with RDF should
understand AtG as a formalization convenience, not
an architectural commitment to triple stores.

Three consequences follow. First, the quality of
the mapping depends on the agent's skill prompt,
not on a separate extraction module�prompt en-
gineering is the primary control surface. Second,
ambiguous or complex beliefs (�the user seems to
prefer cool tones but mentioned warm tones for the
bedroom�) are captured as a single revision with
a nuanced summary, not decomposed into multiple
con�icting triples; the formal model handles the re-
sulting compound belief through the mechanisms
described in the partial merging discussion below.
Third, the mapping is lossy by design: the full con-
versational context is preserved in the artifact (the
raw transcript), while the ground triple captures
only the distilled belief. This lossy compression is
what makes B(τ) tractable�a �nite set of ground
atoms rather than an unbounded natural language
corpus�while the artifact system preserves eviden-
tial �delity for cases requiring the original context.

Scope boundary. The NL-to-triple mapping
is a pre-formal step: the formal properties estab-
lished in Section 7.2 hold over the ground triple
representation AtG, not over the natural language
source. In particular, the mapping is many-to-
one in practice�the same natural language belief
(�the user prefers cool tones�) could be mapped to
di�erent ground triples depending on the agent's
choice of item name, summary wording, or meta-
data structure. Two semantically identical beliefs
may therefore not be syntactically identical in AtG,
which means that Extensionality (K ∗ 6, Proposi-
tion 7.5) holds over the formal representation but
cannot guarantee that the agent will consistently
map equivalent natural language inputs to equiva-
lent ground atoms. This is an inherent limitation
of any system that bridges informal and formal rep-
resentations; the consistency of the mapping is a
prompt engineering concern, not a formal one. We
treat the NL-to-triple mapping as an explicit as-
sumption: the formal analysis begins after beliefs
have been committed to the graph as ground triples,
and the quality of the formal guarantees is bounded
by the quality of this pre-formal mapping step.
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De�nition 7.3 (Two-Tier Epistemic Model). The
memory system operates at two distinct epistemic
levels:

� The full graph G = (I,R,E, τ) contains all re-
visions ever created, including deprecated items
and archived (untagged) revisions. This is the
operator-accessible store.

� The agent retrieval surface Bretr(τ) is the subset
of the belief state reachable through the retrieval
pipeline. A revision r is in the retrieval surface
if and only if: (i) r is referenced by at least one
active tag in τ , and (ii) the item containing r is
not marked as deprecated.

We de�ne the deprecation predicate: deprecated :
I → {⊤,⊥} is a boolean property on each item, set
to ⊤ by the contraction operator (De�nition 7.5)
and queryable as a node property in the graph
database (item.deprecated). An item's depreca-
tion status is mutable (it can be restored via explicit
operator action) but defaults to ⊥ at creation.

Formally, let Iactive = {i ∈ I | ¬deprecated(i)}.
Then:

Bretr(τ) =
⋃

t∈dom(τ)
item(τ(t))∈Iactive

φ
(
τ(t)

)
⊆ B(τ) (3)

This two-tier model is critical for the Consistency
postulate (K ∗ 5). Without retrieval exclusion,

a superseded revision r
(k)
i � still present in the

graph and carrying content φ(r
(k)
i ) that may en-

tail ¬A � could be surfaced by vector similar-
ity search (the embedding of the old revision may
be semantically proximate to the query). This
would violate Consistency: the agent's operational
belief state would contain both A (from the new

revision r
(k+1)
i ) and content entailing ¬A (from

the superseded revision leaked through retrieval).
The retrieval surface Bretr(τ) prevents this by en-
suring that only tag-referenced, non-deprecated re-
visions are candidates for any retrieval branch.
Both retrieval branches�fulltext and vector��lter
on active status before scoring via a mandatory
WHERE NOT item.deprecated clause in the under-
lying Cypher query, making the exclusion architec-
turally enforced rather than application-dependent.

The operator, by contrast, can always ac-
cess the full graph G via explicit opt-in

(include_deprecated=true), enabling audit,
rollback, and provenance queries without compro-
mising the agent's belief consistency.
Postulate scope. The formal postulates in

Section 7.2 are proved for the belief base B(τ) (Def-
inition 7.2), which is a deterministic function of
the tag assignment τ . The retrieval surface Bretr(τ)
is a subset of B(τ) obtained by �ltering on active
(non-deprecated) items. Since deprecation is itself a
contraction operation (De�nition 7.5), the retrieval
surface inherits postulate satisfaction: any property
proved for B(τ) under the speci�ed operations also
holds for Bretr(τ) under the corresponding restricted
operations. What the retrieval surface does not in-
herit is deterministic ranking: the hybrid scoring
pipeline (Section 8) introduces score-based rerank-
ing that may surface di�erent subsets of Bretr(τ)
depending on query formulation. This a�ects which
beliefs an agent encounters in practice, but not the
formal properties of the underlying belief base.

De�nition 7.4 (Graph-Native Revision). Given
belief base B(τ) and input proposition A, the re-
vision operation B ∗A is implemented as:

1. Create a new revision r
(k+1)
i with content

φ(r
(k+1)
i ) = A (or a content set entailing A);

2. Add edge (r
(k+1)
i ,Supersedes, r

(k)
i ) to E;

3. Update the tag: τ ′ = τ [tcurrent 7→ r
(k+1)
i ].

The prior revision r
(k)
i remains in R but is no longer

tag-referenced, hence excluded from B(τ ′).

Granularity of revision and partial merg-
ing. The revision operator (De�nition 7.4) per-
forms whole-revision replacement : the entire prior
revision's content is archived when a new revision
supersedes it. This raises the question of how the
system handles partial updates�for example, when
a revision contains beliefs {A,B,C} and only A
changes. Three strategies exist along a granular-
ity spectrum:
(i) Atomic replacement (current): The agent cre-

ates a new revision r
(k+1)
i with content {A′, B, C},

superseding r
(k)
i entirely. This preserves the for-

mal properties: the postulate proofs are clean be-
cause each revision is a complete, self-contained be-
lief snapshot. The trade-o� is that the agent (or its
memory skill prompt) must re-include unchanged
beliefs B and C in the new revision. In practice,
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the memory_ingest MCP tool handles this by ac-
cepting the full updated content.

(ii) Finer-grained atomicity : Storing one be-

lief per item (i.e., |φ(r(k)i )| = 1 for all revisions)
would make partial updates trivial�revising A af-
fects only the item containing A. This increases
item count but simpli�es the revision operator to
single-belief replacement. The formal properties are
preserved and simpli�ed.

(iii) Semantic merge: An LLM-powered merge
operator could take the old revision content and the
new input, producing a merged result that preserves
unchanged sub-beliefs while updating only the con-
tradictory ones. While appealing, this introduces
LLM-dependent non-determinism into the revision
operator, complicating the formal guarantees: the
output of the merge depends on the LLM's inter-
pretation of �partial con�ict,� which is not formally
characterizable.

The current architecture uses strategy (i) by
default and supports strategy (ii) as a deploy-
ment choice. Strategy (iii) is identi�ed as fu-
ture work requiring a formally characterized merge
operator�potentially building on Konieczny and
Pino Pérez's Konieczny and Pino Pérez [2002] merg-
ing framework for belief bases, which provides pos-
tulates for multi-source belief combination that
could be adapted to partial revision.

De�nition 7.5 (Graph-Native Contraction). Con-
traction B ÷A is implemented through two comple-
mentary mechanisms:

1. Tag removal: Remove from τ any tag t such that
A appears in φ(τ(t)), yielding τ ′ = τ \ {t | A ∈
φ(τ(t))}.

2. Soft deprecation: Mark item i as deprecated.
Critically, deprecated items are excluded from
all search and retrieval operations by default�
the agent cannot encounter them through nor-
mal recall. This exclusion is the operational
mechanism of contraction: from the agent's
perspective, the belief is absent from its ac-
tive state. However, the items remain in the
graph and can be recovered via an explicit opt-
in �ag (include_deprecated=true), preserving
full auditability.

In both cases, the underlying revisions persist in R;
only their reachability from B(τ) changes. The con-

traction is thus behaviorally complete (the belief
vanishes from the agent's retrieval surface) while
remaining structurally reversible (the graph retains
the full record).

The selection function. De�nitions 7.4
and 7.5 presuppose that the system can identify
which item and revision to target when revising
or contracting by a proposition A. The AGM
representation theorem requires a selection func-
tion γ (or equivalently an entrenchment ordering)
that determines which beliefs to give up during
contraction Alchourrón et al. [1985], Grove [1988].
We make the selection function explicit.

De�nition 7.6 (Selection Function). Given A and
base B(τ), the contraction target set is:

Targets(A, τ) = {(t, r) | t ∈ dom(τ),

r = τ(t), A ∈ φ(r)}

That is, the system identi�es all (tag, revision)
pairs where the tagged revision's content explicitly
contains the belief A. Contraction removes all such
tags: τ ′ = τ \ {t | (t, r) ∈ Targets(A, τ)}.

This selection function is content-based and ex-
haustive: it targets every tagged revision whose
content directly contains A, with no partial selec-
tion or prioritization. This is the simplest selection
function consistent with the Relevance postulate
(Proposition 7.6)�only revisions containing A are
a�ected, and all such revisions are a�ected equally.
The function is deterministic and computable in
O(|dom(τ)|) by scanning tag-referenced revisions.

Three important consequences follow. First,
when A is a ground atom (the common case), the se-
lection reduces to a direct content lookup�e�cient
and unambiguous. Second, when multiple beliefs
jointly entail A but none contains A individually
(e.g., B and B → A are in separate revisions),
the content-based selection does not contract either
revision, because neither revision's content explic-
itly contains A. This is a deliberate design choice:
the system operates on belief bases, not deductively
closed belief sets, so only explicitly stored proposi-
tions are contraction targets. Joint entailment that
arises from cross-revision interaction is outside the
scope of the contraction operator and would require
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a deductive closure step that we deliberately avoid
for tractability. Third, for revision (De�nition 7.4),
the target item i is identi�ed by a semantic match-
ing step�typically item name and kind lookup�
that precedes the formal revision operation. In
the deployed system, this matching is performed
by the agent's reasoning layer (which identi�es the
relevant memory to update) or by the MCP tool's
item_kref parameter (which speci�es the target ex-
plicitly). The formal operator assumes the target
item is given; the selection of which item to revise
is an agent-level decision, not a graph-level opera-
tion.

De�nition 7.7 (Graph-Native Expansion). Ex-

pansion B + A creates a new revision r
(k+1)
i with

φ(r
(k+1)
i ) = φ(r

(k)
i ) ∪ {A} and assigns a tag to it,

without removing any existing tag assignments. The
resulting belief state is B(τ ′) = B(τ) ∪ {A}.

7.2 Postulate Satisfaction

We now show that the graph-native operations
satisfy the core AGM rationality constraints, in-
terpreted at the belief base level following Hans-
son Hansson [1999]. Our primary formal claim cov-
ersK∗2�K∗6 (the basic postulates) plus Relevance
and Core-Retainment (Hansson's belief base postu-
lates). We also analyze the supplementary postu-
lates K ∗ 7 and K ∗ 8, but with important caveats
detailed below.

Proposition 7.1 (Success, K ∗ 2). A ∈ B ∗A.

Proof. By De�nition 7.4, the new revision r
(k+1)
i

satis�es A ∈ φ(r(k+1)
i ), and tag tcurrent points to it.

Therefore A ∈
⋃

t φ(τ
′(t)) = B(τ ′).

Proposition 7.2 (Inclusion, K ∗ 3 � belief base
version). B ∗A ⊆ B(τ) ∪ {A}.

Proof. This is the belief base version of Inclusion
(Hansson Hansson [1999]), not the belief set ver-
sion (K ∗A ⊆ Cn(K ∪ {A})). The distinction mat-
ters: the base version requires that no new atomic
beliefs are introduced beyond A and the surviv-
ing prior beliefs. By De�nition 7.4, the revision
operation creates a new revision containing A and
may redirect tags, removing some prior beliefs from

B(τ). No mechanism introduces atoms not already
in B(τ)∪{A}, so the base-level inclusion holds.

Proposition 7.3 (Vacuity,K∗4). If A is consistent
with B(τ), then B(τ) ∪ {A} ⊆ B ∗A.

Proof. If A introduces no contradiction, the revi-
sion operation has no con�icting belief to retract;
no tag needs redirection. The prior content is pre-
served, augmented with A.

Proposition 7.4 (Consistency, K ∗5). If A is con-
sistent, then B ∗A is consistent.

Proof. The revision operation replaces the tag
pointer rather than accumulating contradictory
content. The prior revision (which may have con-
tained content inconsistent with A) is excluded
from B(τ ′) via the two-tier epistemic model (De�-
nition 7.3). Since A is consistent and the new re-
vision is constructed to contain A without import-
ing contradictory content, the result is consistent,
provided no other tagged revision contains content
contradicting A. For the common case of atomic
revision inputs (A ∈ AtG), this is guaranteed by
the logical independence of ground atoms: distinct
ground atoms α, β ∈ AtG cannot contradict each
other under propositional semantics�¬⟨s1, p1, o1⟩
is not entailed by ⟨s2, p2, o2⟩ for any distinct atoms.
For compound revision inputs, Consistency requires
that the agent (or its revision selection logic) iden-
ti�es all items whose content con�icts with A, not
only the primary target. This is a practical require-
ment on the agent's con�ict detection, not a limi-
tation of the formal operator; the operator itself
introduces no new contradictions.

Proposition 7.5 (Extensionality, K ∗ 6). If
CnG({A}) = CnG({B}), then B ∗A = B ∗B.

Proof. Since the belief base B(τ) consists of ground
atoms from AtG (De�nition 7.8), and ground atoms
are logically independent under propositional en-
tailment (no atom entails any other atom), two
atoms α, β ∈ AtG satisfy CnG({α}) = CnG({β})
if and only if α = β (syntactic identity). Thus,
for atomic revision inputs�the normal case in
the memory system�logical equivalence reduces to
syntactic identity, and item-level identity check-
ing is not an approximation but an exact imple-
mentation. For compound revision inputs A,B ∈
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LG \AtG, the revision operator depends on the log-
ical content of the input (which beliefs to retract,
what content to add), so logically equivalent com-
pound inputs produce identical belief states. Full
detection of logical equivalence for arbitrary com-
pound formulae is co-NP-complete, but in practice
the system operates predominantly on atomic in-
puts where the check is trivial.

Proposition 7.6 (Relevance, K ∗ 6′ � Hansson).
If B ∈ B(τ) \ (B ÷ A), then A ∈ Cn(B′ ∪ {B}) for
some B′ ⊆ B(τ) with A /∈ Cn(B′).

Proof. Contraction (De�nition 7.5) removes from
B(τ) exactly those beliefs residing in revisions
whose content contains A (De�nition 7.6). Suppose
B ∈ B(τ) \ (B ÷ A); then B was in some revision
r with A ∈ φ(r), and that revision was detagged.
We construct the required witness explicitly. Case
1: B = A. Let B′ = ∅. Then A /∈ Cn(∅) (since A
is contingent), and A ∈ Cn(∅ ∪ {A}) = Cn({B}).
Case 2: B ̸= A but B co-occurs with A in φ(r). Let
B′ = B(τ)\φ(r)�the beliefs surviving after remov-
ing the entire revision's content. Since A ∈ φ(r)
and φ(r) was the only source of A targeted by the
content-based selection, we have A /∈ Cn(B′) (recall
that B(τ) is a belief base, not deductively closed�A
is present only if explicitly stored). Adding B back
does not by itself restore A, but B was removed
only because it co-occurred with A in a targeted
revision, satisfying the Relevance requirement that
every removed belief's removal is connected to the
contracted belief.

This is Hansson's relevance postulate for belief
base contraction, replacing AGM's Recovery. It en-
sures that beliefs are only removed during contrac-
tion if they are relevant to the contracted belief�
the system does not gratuitously discard beliefs dur-
ing contraction.

Proposition 7.7 (Core-Retainment, Hansson). If
B ∈ B(τ) \ (B ÷ A), then there exists B′ ⊆ B(τ)
such that A /∈ Cn(B′) but A ∈ Cn(B′ ∪ {B}).

Proof. Let B ∈ B(τ) \ (B ÷ A). By De�nition 7.6,
B resided in a revision r with A ∈ φ(r), and that
revision was detagged during contraction. We con-
struct the witness B′ as follows. Case 1: B = A.
Take B′ = ∅. Then A /∈ Cn(∅) and A ∈ Cn({B}).

Case 2: B ̸= A and B,A ∈ φ(r). Take B′ =
(B(τ) \φ(r))∪ (φ(r) \ {A,B})�the full belief base
minus A and B themselves. Since A was explic-
itly stored in φ(r) and no other surviving revi-
sion contains A (the contraction was exhaustive),
A /∈ Cn(B′) at the belief base level. Adding B
does not logically entail A for independent ground
atoms, but B's removal was caused by A's presence
in the same revision�the structural co-occurrence
is what makes B's removal attributable to the con-
traction of A, satisfying Core-Retainment's require-
ment that every removed belief is connected to the
contracted belief's derivation.

Core-retainment, another Hansson postulate for
belief base contraction, ensures every removed be-
lief actually contributed to deriving the contracted
belief. We emphasize that Relevance and Core-
Retainment are postulates for belief bases (�nite,
non-deductively-closed sets), not belief sets. For
deductively closed belief sets, Core-Retainment im-
plies Recovery Hansson [1999]�but this implication
does not hold for belief bases, where our proofs op-
erate. This distinction is essential: the graph's be-
lief state B(τ) is a �nite set of ground atoms (De�ni-
tion 7.2), never deductively closed, so our simulta-
neous satisfaction of Core-Retainment and rejection
of Recovery creates no logical inconsistency.

Proposition 7.8 (Superexpansion, K ∗7). B∗(A∧
B) ⊆ (B ∗A) +B.

Proof. Conjunction is well-formed in LG (De�ni-
tion 7.8), so A ∧ B is a valid revision input. Re-
vising by (A ∧ B) creates a single revision whose
content entails both A and B. The right-hand side
�rst revises by A (possibly retracting beliefs incon-
sistent with A) and then expands by B (adding B
without retraction). Since expansion is monotone,
(B ∗ A) + B ⊇ B ∗ A and contains both A and B.
The conjunction revision cannot contain more than
this, as it may also retract beliefs inconsistent with
A ∧B. Therefore B ∗ (A ∧B) ⊆ (B ∗A) +B.

Proposition 7.9 (Subexpansion, K ∗ 8). If ¬B /∈
CnG(B ∗A), then (B ∗A) +B ⊆ B ∗ (A ∧B).

Proof. The consistency check ¬B /∈ CnG(B ∗ A) is
well-formed because ¬B ∈ LG (De�nition 7.8). If
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B is consistent with the A-revised state, expand-
ing by B adds no information beyond B itself and
its consequences. Revising by A ∧ B directly in-
corporates both conjuncts, performing any neces-
sary retractions in a single step. Since B causes
no con�ict in the A-revised state, both paths yield
the same retractions and the same �nal content:
(B ∗ A) + B = B ∗ (A ∧ B), and in particular
(B ∗A) +B ⊆ B ∗ (A ∧B).

Compound revision inputs and opera-
tional decomposition. Postulates K ∗ 7 and
K ∗ 8 involve revision by compound inputs A ∧ B,
yet the deployed system's primary operations�
memory_ingest and memory_consolidate�accept
single beliefs (typically ground atoms) as inputs.
This raises a legitimate question: how is revision
by A ∧B realized in practice, and does the decom-
position into sequential operations preserve unique-
ness?

In the graph-native architecture, compound re-
vision by A ∧ B admits two operational strate-
gies. The �rst is single-revision encoding : the agent
stores A∧B as a single revision whose content set is
φ(r) = {A,B} (or {A ∧B} treated as a compound
formula). This is the most direct implementation�
the memory_ingest MCP tool accepts arbitrary
content, so a revision containing multiple beliefs is
well-formed. The formal properties hold immedi-
ately because the revision operator acts on the con-
tent as a whole.

The second strategy is sequential decomposition:
�rst revise by A, then expand by B�i.e., com-
pute (B ∗ A) + B. By K ∗ 7 (Superexpansion),
B∗ (A∧B) ⊆ (B∗A)+B, and by K ∗8 (Subexpan-
sion), ifB is consistent with B∗A, then (B∗A)+B ⊆
B∗(A∧B), yielding equality. Thus, when B is con-
sistent with the A-revised state�the common case
for non-contradictory compound inputs�sequential
decomposition produces the same result as atomic
compound revision. The order matters only when
B con�icts with B ∗ A, in which case K ∗ 8's an-
tecedent fails and the two paths may diverge. For
the deployed system, where inputs are predomi-
nantly ground atoms (and distinct ground atoms
are logically independent), this con�ict condition
does not arise: revising by ⟨pref, cool⟩ and then ex-
panding by ⟨style,minimal⟩ is equivalent to a single

revision by their conjunction.
This analysis con�rms that the system's opera-

tional interface (single-belief operations) is not a
limitation but a practical decomposition that pre-
serves formal guarantees in the common case, while
the single-revision encoding strategy remains avail-
able for cases requiring atomic compound revision.
Representation-theoretic status of K ∗

7/K ∗ 8. The AGM representation theorem
(Grove Grove [1988]) establishes that a revision op-
erator satis�es all eight postulates (K ∗ 2�K ∗ 8) if
and only if it can be represented as a transitively re-
lational partial meet contraction�equivalently, via
a total preorder on possible worlds or an epistemic
entrenchment ordering (Gärdenfors and Makin-
son Gärdenfors [1988]). For a graph-based system,
this requires showing that the tag-based contrac-
tion selection function implicitly encodes such an
ordering.
We do not construct this ordering. The argu-

ments above show that the graph-native revision
operator produces results consistent with K ∗ 7 and
K∗8 for the cases we examine, but this falls short of
a formal proof via the representation theorem. For-
mally establishing K ∗7/K ∗8 would require either:
(a) explicit construction of an entrenchment order-
ing over graph triples and proof that contraction
respects it, or (b) proof that the system's tag-based
operations are equivalent to a transitively relational
selection function.
Why the obstacle is non-trivial. The graph

model provides multiple natural partial orderings
over beliefs, any of which could serve as the ba-
sis for an entrenchment function: (i) temporal re-
cency�more recently created revisions are more
entrenched, on the intuition that newer beliefs re-
�ect updated understanding; (ii) structural cen-
trality�beliefs with higher in-degree in the De-

pends_On subgraph are more entrenched, as they
support more downstream conclusions; (iii) con-
�dence scores�the Dream State pipeline's rele-
vance assessments provide explicit numeric scores.
None of these is obviously canonical. Temporal re-
cency overvalues new beliefs regardless of eviden-
tial quality; structural centrality overvalues highly-
connected beliefs even if their connections are weak;
con�dence scores depend on LLM assessment qual-
ity, introducing a non-formal dependency.
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A deeper issue is that di�erent belief types may
require di�erent entrenchment criteria. A prefer-
ence belief (�prefers cool tones�) should arguably
be entrenched by recency�the latest stated pref-
erence takes priority. A factual belief (�the API
runs on port 8080�) should be entrenched by eviden-
tial support�more Derived_From sources im-
ply stronger grounding. An inferred belief (�the
deployment likely failed due to DNS�) should be
entrenched by the Dream State's con�dence score.
This suggests a type-dependent entrenchment func-
tion ≤E : AtG × AtG → {0, 1} where the compar-
ison criterion varies by the kind attribute of the
item containing the belief. Such type-dependent
orderings are not standard in AGM theory, though
they are compatible with the Gärdenfors�Makinson
entrenchment conditions provided the restriction
to each type yields a total preorder. Formally,
constructing a total preorder from these multi-
dimensional partial orders is an order-embedding
problem; the choice of aggregation function (lex-
icographic priority, weighted combination, Pareto
dominance) determines which variant of the repre-
sentation theorem is satis�ed.
The primary formal claim of this paper is there-

fore satisfaction of K ∗ 2�K ∗ 6 plus Relevance and
Core-Retainment�already a meaningful result for
belief base dynamics. The status of K ∗ 7/K ∗ 8
for graph-native architectures is an open question
that we intend to address in future work, poten-
tially building on Chandler and Booth's Chandler
and Booth [2025] recent extension of AGM to par-
allel belief revision and Meng et al.'s Meng et al.
[2025] belief algebras for iterated revision.

7.3 Intentional Divergence: The Recov-

ery Postulate

The AGM contraction postulate known as Recovery
states:

K ⊆ (K ÷A) +A (4)

That is, if a belief A is contracted from belief set K
and then immediately re-expanded, the original be-
lief set is recovered in full. The graph-native archi-
tecture deliberately violates this postulate; we argue
that this violation is a principled design decision.
Why Recovery fails. Consider an item with

revision r
(k)
i carrying content φ(r

(k)
i ) = {A,B,C},

where B and C are beliefs that were derived along-
side A and stored in the same revision. Contracting
A via tag removal produces:

B(τ ′) = B(τ) \ φ(r(k)i )

The revision r
(k)
i still exists in the graph but no

longer contributes to B. Re-expanding by A cre-

ates a new revision r
(k+1)
i with φ(r

(k+1)
i ) = {A}.

The beliefs B and C�which were co-located with
A in the original revision�are not automatically
recovered, because the new revision is constructed
from the input A alone:

(B ÷A) +A = B(τ) \ φ(r(k)i ) ∪ {A} ̸⊇ {B,C}

Why this is correct. The failure of Recov-
ery is a direct consequence of immutable revisions
(Principle 3). In a system where contraction erases
content, Recovery demands that the erased content
be somehow reconstructable from what remains
plus the re-added belief. But in a provenance-
preserving system, contraction does not erase�it

archives. The original revision r
(k)
i , with its full

content, metadata, and edge relationships, remains
in the graph as a historical record. Moreover, the
time-indexed tag history (Equation 2) means an
agent can reconstruct the exact belief state that
held before contraction by querying B(τT ) for any
prior time T�the system answers �what was tagged
decided last Tuesday?� by resolving the tag bind-
ing that was active at that timestamp, not by at-
tempting to reconstruct beliefs from surviving con-
tent. What the system does not do is automatically
resurrect archived content by re-adding a single be-
lief, because it treats re-expansion as a fresh incor-
poration of A, not a rollback to a prior state.
This divergence aligns with well-established crit-

icisms of Recovery in the belief revision literature.
Makinson Makinson [1987] identi�ed Recovery as
�the only one among the six basic postulates that
is open to query.� Hansson Hansson [1991] and
Fuhrmann Fuhrmann [1991] independently argued
that Recovery imposes unreasonable constraints on
contraction, particularly in systems where beliefs
have non-trivial internal structure or provenance.
Our system provides a concrete operational demon-
stration of their theoretical concerns: when be-
liefs carry revision history, dependency edges, and

20



temporal metadata, contracting-then-expanding is
not�and should not be�a no-op.

In Hansson's belief base framework, Recovery is
not a postulate; it is replaced by Relevance and
Core-Retainment (Propositions 7.6�7.7), which our
system satis�es. This provides additional theoreti-
cal justi�cation for our rejection of Recovery.

For cases where full state restoration is desired,
the system provides an explicit rollback mechanism:
reassigning a tag to a prior revision (τ ′ = τ [t 7→
r
(k)
i ]). This is a deliberate, auditable operation that
appears in the tag history, distinct from the im-
plicit, invisible recovery that the AGM postulate
demands.

The soft deprecation mechanism (De�nition 7.5)
further illustrates why Recovery is unnecessary.
When a belief is contracted via deprecation, it is
excluded from all retrieval operations by default�
operationally invisible to the agent. However, any
operator or downstream process can recover the
deprecated belief by querying with an explicit opt-
in (include_deprecated=true). This means con-
traction is behaviorally e�ective (the agent acts as
if the belief does not exist) without being infor-
mationally destructive (the belief can always be
inspected or restored). Recovery demands that
re-expansion automatically reconstruct prior be-
liefs; the graph-native alternative provides some-
thing stronger�full reversibility through explicit,
auditable mechanisms that never require the sys-
tem to guess what was lost.

7.4 Identities and Iterated Revision

Two fundamental identities connect the AGM op-
erations:

Levi Identity. K ∗A = (K÷¬A)+A: revision
can be decomposed into contraction of the negation
followed by expansion. In the graph-native model,
this holds when contraction deterministically se-
lects which tag-referenced revisions to de-reference:
contracting ¬A removes revisions whose content en-
tails ¬A, and the subsequent expansion by A adds a
fresh revision. The two-step process yields the same
belief state as direct revision, provided the contrac-
tion selection function is deterministic�which it is,
since tag removal targets speci�c revisions identi�-
able by their content.

Harper Identity. K ÷ A = K ∩ (K ∗ ¬A):
contraction can be expressed as the intersection of
the original belief set with the belief set obtained
by revising with the negation. This holds natu-
rally: any belief B ∈ K that survives contraction of
A must be consistent with ¬A (otherwise it would
logically entail A), and any such B is preserved in
K ∗ ¬A. The graph intersection corresponds to the
set of revisions that remain tag-referenced in both
τ (original) and τ ′ (after revision by ¬A).
Connection to iterated revision. The Su-

persedes edge chain r
(1)
i ← r

(2)
i ← · · · ← r

(k)
i pro-

vides a natural epistemic ordering over belief states,
corresponding to the framework of Darwiche and
Pearl Darwiche and Pearl [1997] for iterated belief
revision. Each revision creates a new entry in this
chain, preserving the full history of belief evolution
for a given item.

The time-indexed tag function τT (Equation 2)
elevates this from structural record-keeping to a
fully queryable epistemic history. The operation
τT (t)��resolve tag t as of time T ��enables an
agent to reconstruct the belief state at any his-
torical moment without scanning revision times-
tamps or replaying events. For instance, querying
τT (decided) returns the speci�c revision that car-
ried the decided tag at time T , even if that tag
has since been moved or removed. Combined with
the Supersedes chain, this supports both forward
analysis (how did beliefs evolve?) and point-in-
time reconstruction (what was believed on a spe-
ci�c date?), providing the complete temporal audit
trail that the Darwiche-Pearl framework assumes
but rarely sees implemented.

Table 4 summarizes the postulate satisfaction
status.

7.5 Worked Example: Belief Revision

Through Preference Update

We illustrate the formal machinery with a con-
crete scenario�a user preference update�stepping
through each de�nition to show how the system cre-
ates revisions, redirects tags, and propagates down-
stream impact.

Initial state. The memory graph contains two
items:

� Item i1 = color-pref.decision
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Table 4: Postulate satisfaction in the graph-native
architecture (Hansson belief base).

Postulate System Mechanism Status

Primary formal claims (proved):
K ∗ 2 Success New revision contains

A; tag updated
✓

K ∗ 3 Inclusion Base-level: B∗A ⊆ B∪
{A}

✓

K ∗ 4 Vacuity No con�ict ⇒ no re-
traction needed

✓

K ∗ 5 Consis-
tency

Supersedes replaces,
not accumulates

✓

K ∗ 6 Exten-
sionality

Syntactic = logical
equiv. for ground
atoms

✓

Relevance
(Hansson)

Tag removal targets
relevant revisions

✓

Core-
Retainment
(Hansson)

Removed beliefs con-
tributed to contracted
belief

✓

Supplementary (argued, not formally established):

K ∗ 7 Superex-
pansion

Conjunction revision
⊆ sequential

✓†

K ∗ 8 Subex-
pansion

Consistent expansion
= conjunction revision

✓†

Intentional divergence:
Recovery
(AGM)

Immutable revisions;
archive ̸= erase

✗

†Argued for the speci�c construction but not formally
established: requires construction of an entrenchment
ordering (Gärdenfors & Makinson 1988) or proof that

graph operations encode a transitively relational
contraction (Grove 1988), which we do not provide. See

representation-theoretic discussion in text.

with revision r
(1)
1 , where φ(r

(1)
1 ) =

{⟨color-pref, summary, �warm tones�⟩}. Tag

tcurrent 7→ r
(1)
1 .

� Item i2 = palette.decision with

revision r
(1)
2 , where φ(r

(1)
2 ) =

{⟨palette, summary, �earth-tone palette�⟩}.
Tag tcurrent 7→ r

(1)
2 .

� Edge: (r
(1)
2 ,Depends_On, r

(1)
1 ) ∈ E�the

palette decision depends on the color preference.

The belief base is B(τ) = φ(r
(1)
1 ) ∪ φ(r(1)2 ).

Step 1: Revision (De�nition 7.4). The
user states: �Actually, I prefer cool tones now.�
The agent invokes revision with input A =
⟨color-pref, summary, �cool tones�⟩:
1. Create r

(2)
1 with φ(r

(2)
1 ) = {A}.

2. Add edge (r
(2)
1 ,Supersedes, r

(1)
1 ) to E.

3. Update tag: τ ′ = τ [tcurrent 7→ r
(2)
1 ] for item i1.

Step 2: Belief base transition. The new be-
lief base is:

B(τ ′) = φ(r
(2)
1 ) ∪ φ(r(1)2 ) = {A} ∪ φ(r(1)2 )

The old belief �warm tones� is no longer in B(τ ′)�
the revision r

(1)
1 remains in the graph but is not

tag-referenced, hence excluded from the retrieval
surface Bretr(τ ′) per De�nition 7.3. Postulate ver-
i�cation: Success (A ∈ B(τ ′) ✓), Consistency (no
contradictory content since the old revision is ex-
cluded ✓), Inclusion (no new atoms beyond A and
surviving beliefs ✓).
Step 3: Downstream impact. The

agent (or consolidation pipeline) invokes

AnalyzeImpact(r
(2)
1 , d=2), which traverses

incoming Depends_On edges to discover that

r
(1)
2 (the palette decision) depends on the now-
superseded revision. The impact analysis returns

{r(1)2 } as a downstream dependent requiring po-
tential re-evaluation. The agent can then decide
whether to revise the palette decision (creating

r
(2)
2 with an updated palette re�ecting cool tones)
or to leave it unchanged if the dependency is not
materially a�ected.
Step 4: Provenance and audit. After the

revision, the graph supports the following queries:

� Current belief : Resolve τ ′(tcurrent) for i1 → r
(2)
1

→ �cool tones.�
� Historical belief : Resolve τT (tcurrent) for any T

before the update → r
(1)
1 → �warm tones.�

� Belief evolution: Follow the Supersedes chain:

r
(2)
1

Supersedes−−−−−−−→ r
(1)
1 .

� Rollback : If the preference change was erroneous,

reassign τ ′′ = τ ′[tcurrent 7→ r
(1)
1 ]�an auditable

operation recorded in the tag history.
This example demonstrates how the item�

revision�tag model handles a common agent mem-
ory scenario entirely through the formal operations
of Section 7.2, without any ad hoc logic. The
same mechanism applies to any belief update�
from simple preference changes to complex multi-
dependency decision revisions. A deployed in-
stance of this mechanism, including graph state be-
fore and after revision with Supersedes edges, is
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documented in Section 15.6. The formal postu-
lates claimed here are empirically veri�ed by a 49-
scenario compliance suite (Section 15.7) that tests
each postulate across simple, multi-item, chain,
temporal, and adversarial con�gurations�all pass-
ing at 100%.

7.6 Formal Avoidance of the Flouris Im-

possibility

Flouris et al. Flouris et al. [2005] proved that De-
scription Logics (including those underlying OWL)
cannot satisfy the AGM revision postulates, and Qi
et al. Qi et al. [2006] re�ned this for speci�c descrip-
tion logic fragments. These impossibility results are
critical context for any system claiming AGM cor-
respondence. We prove that they do not apply to
our property graph formalism by showing that the
formalism satis�es the prerequisites for AGM that
description logics violate.

The AGM framework requires a logic L = (L,Cn)
where L is a set of well-formed formulas and Cn
is a consequence operator satisfying three proper-
ties Gärdenfors [1988]: (i) inclusion: A ⊆ Cn(A);
(ii) monotonicity : if A ⊆ B then Cn(A) ⊆ Cn(B);
(iii) idempotence: Cn(Cn(A)) = Cn(A). Addition-
ally, AGM requires the deduction theorem: α ∈
Cn(A ∪ {β}) i� (β → α) ∈ Cn(A), and compact-
ness: if α ∈ Cn(A) then α ∈ Cn(A0) for some �nite
A0 ⊆ A.
Analytical status. The logic LG de�ned be-

low is an analytical framework used to establish
that the system's operations satisfy the AGM pos-
tulates. It is not an implemented query engine
or reasoning system: the production system does
not evaluate propositional formulae over LG, per-
form consequence closure, or check entailment at
runtime. The ground atoms in AtG correspond to
node properties in the Neo4j property graph; the
propositional connectives and consequence opera-
tor CnG exist solely to provide the logical machin-
ery needed for the formal proofs. This distinction
is important: the formal guarantees hold because
the architectural operations (revision creation, tag
reassignment, deprecation) structurally enforce the
postulates, not because the system performs logical
reasoning.

De�nition 7.8 (Memory Graph Logic). De�ne the
logic LG = (LG,CnG) as follows.
Atoms. An atomic sentence in LG is a

ground triple ⟨item, predicate, value⟩ where
item is a memory reference URI, predicate is
one of a �xed set of property names (sum-
mary, topic, keyword, type, tag, edge-type),
and value is a string literal. For example,
⟨api-design.decision, summary, �use gRPC�⟩
asserts that the item api-design.decision carries
the summary �use gRPC.� Let AtG denote this
set of ground atoms; each revision's structured
metadata φ(r) (De�nition 7.2) maps to a �nite
subset of AtG.
Full language. LG is the closure of AtG under

the standard propositional connectives {¬,∧,∨,→}.
Crucially, LG is richer than the set of ground triples
alone. Compound formulae such as ⟨i1, p1, v1⟩ ∧
⟨i2, p2, v2⟩ and ¬⟨i, p, v⟩ are well-formed sentences
in LG. This is essential: the supplementary AGM
postulates (Superexpansion K ∗7, Subexpansion K ∗
8) require revision by conjunctions A ∧ B, and the
Levi identity requires ¬A to be a sentence in LG.
Both are satis�ed by construction.
Belief base vs. full language. While LG con-

tains compound formulae, the belief base B(τ) (Def-
inition 7.2) is always a �nite set of ground atoms
drawn from AtG�it is not deductively closed (fol-
lowing Hansson's Hansson [1999] belief base frame-
work). The full language LG provides the logical
apparatus needed to state and verify the postulates;
the belief base provides the �nite, computationally
tractable representation that agents actually oper-
ate on. This two-level distinction�a rich language
for reasoning about the base, a �at atom set for the
base itself�is precisely the belief base approach.
Consequence. The operator CnG is classical

propositional closure over LG. No consequence
beyond propositional entailment operates on the
graph: there is no transitive closure of edge paths,
no schema-level entailment, and no rule-based in-
ference.
Graph traversal isolation. Edge traversal

operations (TraverseEdges, AnalyzeImpact,
ShortestPath) are query-time retrieval opera-
tions, not logical inference operations. They com-
pute structural reachability over the edge set E
and return results to the calling agent, but their
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outputs never enter the belief base B(τ). For-
mally: let Traverse(E, r, d) denote the set of revi-
sions reachable from r within depth d via edges in E.
The belief base is de�ned exclusively by tag assign-
ments (De�nition 7.2): B(τ) =

⋃
t∈dom(τ) φ(τ(t)).

Traversal results are a function of E and the start-
ing revision; they do not modify τ and there-
fore cannot alter B(τ). The belief base changes
only through three explicit write operations: expan-
sion (new revision + tag assignment), contraction
(tag removal or deprecation), and revision (con-
traction followed by expansion). This strict separa-
tion ensures that the transitive closure computations
performed by AnalyzeImpact�which are expres-
sively equivalent to Datalog-level inference�remain
isolated from the belief revision mechanism.

Negation. Explicit negation is available in LG:
for any ground atom α ∈ AtG, the formula ¬α
is a sentence in LG. This provides the formal
apparatus needed for the Levi identity (K ∗ A =
(K ÷ ¬A) +A) and the Consistency postulate. We
distinguish this formal negation from the system's
operational closed-world assumption (CWA): at the
retrieval level, a ground atom not present in Bretr(τ)
is treated as absent. The CWA governs agent be-
havior (what the agent treats as believed); formal
negation in LG governs the logical properties of the
revision operators. This separation is analogous to
database systems that use CWA operationally while
supporting explicit negation in their query language.
We acknowledge that the CWA introduces a non-
monotonic operational semantics (adding a fact to
B can invalidate previously held CWA-derived ab-
sences), but the formal revision operators are de-
�ned over LG with classical propositional semantics,
following Reiter's Reiter [1978] distinction between
closed-world reasoning as a meta-level default and
object-level logical entailment.

Satisfaction system. Following Aiguier
et al. Aiguier et al. [2018], we instantiate the
satisfaction triple (LG,MG, |=G) as: LG is the
propositional language de�ned above; MG is the
set of all truth assignments over AtG (equivalently,
subsets of the Herbrand base); and |=G is classical
propositional satisfaction. This triple inherits the
properties of classical propositional logic, establish-
ing LG as a well-de�ned satisfaction system in the
sense of Aiguier et al.

Proposition 7.10 (LG satis�es AGM prerequi-
sites). The memory graph logic LG satis�es inclu-
sion, monotonicity, idempotence, the deduction the-
orem, and compactness.

Proof. LG is a fragment of classical propositional
logic (ground atoms with standard connectives).
Classical propositional logic is the canonical exam-
ple of a Tarskian logic satisfying all �ve proper-
ties Gärdenfors [1988]. Since CnG is the restriction
of classical Cn to formulas in LG, and LG is closed
under propositional connectives, all �ve properties
are inherited. The deduction theorem holds because
LG includes →; compactness holds because propo-
sitional logic is compact.

The key structural di�erences from description
logics that cause the Flouris impossibility to fail for
LG are:

1. No TBox/ABox separation: DL maintains
an intensional layer (TBox, concept hierarchies)
and an extensional layer (ABox, instance asser-
tions) whose interactions create non-monotonic
revision pathologies. LG has a single �at layer:
all facts�revision content, edge relationships,
tag assignments�exist at the same logical level.

2. Closed-world operational semantics: DL's
open-world assumption means absence of a fact
does not imply its negation, complicating the In-
clusion postulate. LG provides explicit formal
negation (¬α ∈ LG for any atom α) while using
closed-world semantics at the operational level:
facts not referenced by any tag are excluded
from Bretr(τ) (De�nition 7.3), and the system
treats their absence as operationally equivalent
to negation. The formal negation in LG ensures
the Levi and Harper identities are well-formed;
the operational CWA governs retrieval behavior.

3. No complex constructors: DL constructors
(disjunction, existential quanti�cation, role in-
verses, number restrictions) create closure obli-
gations that con�ict with AGM's minimality
requirements Flouris et al. [2005]. The edge
types in LG are simple labeled directed rela-
tionships; closure is propositional, not concept-
constructive.

We note that Aiguier et al. Aiguier et al. [2018]
proposed belief revision via satisfaction systems as
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a general framework accommodating non-classical
logics. Our approach is compatible: LG can be
viewed as a satisfaction system where models are
sets of ground atoms and satisfaction is classical.
Delgrande et al. Delgrande et al. [2018] showed
that AGM-style revision can be obtained with �ex-
tremely little� beyond a language with sentences
satis�ed at models, con�rming that our minimal
construction is su�cient and that formal AGM re-
sults over weak logics are not vacuous. The restric-
tion to a simple propositional fragment is a deliber-
ate trade-o�: expressiveness for formal tractability,
appropriate for agent memory, where the primary
operations are storing, retrieving, and versioning
factual assertions.
AGM-compliance veri�cation. Flouris

et al. Flouris et al. [2005] identi�ed necessary
conditions for a logic to be AGM-compliant�
admitting operators satisfying all AGM postulates.
These conditions include closure of the language
under certain connectives. Since LG is closed under
{¬,∧,∨,→} (De�nition 7.8), it satis�es these
closure requirements. Combined with the Tarskian
properties proved in Proposition 7.10, LG meets
the Flouris et al. necessary conditions for AGM-
compliance, con�rming that the impossibility
results for description logics do not apply.
The expressiveness trade-o�. The formal

results above hold precisely because LG is a weak
logic. A logic where every ground triple is an in-
dependent propositional atom has essentially no in-
ferential structure�logical equivalence reduces to
syntactic identity (Proposition 7.5), Closure is triv-
ially satis�ed for a �nite set of independent atoms,
and the Flouris impossibility is avoided because
the logic lacks the complex constructors (concept
disjunction, existential quanti�cation, role inverses,
number restrictions) that cause description logics
to fail AGM-compliance.
This weakness is deliberate and constitutes a de-

sign choice, not a limitation to be apologized for.
The contribution is not �AGM holds over a strong
logic��it is the bridge: showing that the speci�c
architectural choices made independently for pro-
duction reasons (immutable revisions, mutable tag
pointers, typed edges) happen to satisfy formal ra-
tionality postulates that the belief revision com-
munity has studied for four decades. No prior

agent memory system has established this corre-
spondence, regardless of the underlying logic's ex-
pressiveness. The logic is simple because agent
memory is simple at the atomic level�storing, re-
trieving, and versioning factual assertions, not per-
forming open-world concept reasoning. Starting
with a tractable fragment is the responsible sci-
enti�c approach; extending to richer logics (Sec-
tion 16) is the natural next step, not a prerequi-
site for the bridge result to be meaningful. How-
ever, we are explicit about what LG cannot express:
subsumption hierarchies (�all REST preferences are
API preferences�), role composition (�if X depends
on Y and Y depends on Z, then X transitively de-
pends on Z�), disjointness axioms (�preferred and
deprecated are mutually exclusive�), and cardinal-
ity constraints (�at most one active preference per
topic�). Any strengthening of LG toward these ex-
pressive features would re-encounter Flouris-type
problems. The path toward richer logics�which
we identify as a direction for future work (Sec-
tion 16)�would likely require Aiguier et al.'s Aigu-
ier et al. [2018] extended treatment of belief revi-
sion via satisfaction systems in non-classical logics,
potentially targeting fragments of description log-
ics that Qi et al. Qi et al. [2006] showed are still
AGM-compatible.

We acknowledge a concern raised in
peer review regarding negation in struc-
tured metadata. What is the negation of
⟨prefs, summary, �Prefers REST APIs�⟩? For-
mally, ¬⟨prefs, summary, �Prefers REST APIs�⟩
is a well-formed sentence in LG asserting that
this speci�c atom is false. Operationally, the
system realizes this through the closed-world
assumption: the atom's absence from Bretr(τ) is
treated as if ¬α holds at the retrieval surface. This
dual treatment�formal negation for the logic,
CWA for the agent's operational semantics�is
well-precedented. Our treatment follows the
Answer Set Programming tradition: Gelfond and
Lifschitz Gelfond and Lifschitz [1988] introduced
stable model semantics with default negation
(not p: absence of evidence), and Gelfond and
Lifschitz Gelfond and Lifschitz [1991] later in-
troduced classical (strong) negation (¬p: explicit
falsi�cation) alongside default negation, establish-
ing the three-valued epistemic state�p is true,
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¬p is true, or p is unknown�directly relevant to
cognitive memory distinguishing �we don't know if
X� from �we know X is false.� Our system uses
classical negation in LG for the formal apparatus
and default negation operationally at the retrieval
surface, consistent with the satisfaction system
de�ned above.

7.7 Computational Complexity

Revision creation (De�nition 7.4) requires a
bounded number of graph operations: one node cre-
ation, one edge creation (Supersedes), and one
tag reassignment. The tag reassignment involves
a scan of revisions carrying the target tag�O(k)
where k is the number of revisions holding that
tag. In practice k = 1 due to tag uniqueness in-
variants (each tag points to exactly one revision
at a time), making the operation e�ectively con-
stant. Contraction (De�nition 7.5) requires iden-
tifying tag-referenced revisions whose content con-
tains the contracted belief and removing or depre-
cating those tags�O(|dom(τ)|) in the number of
active tags, which is small in practice (< 100 for
typical deployments). Expansion (De�nition 7.7) is
O(1).

Computing the belief state B(τ) (De�nition 7.2)
requires collecting content from all tag-referenced
revisions�O(|dom(τ)|)�followed by closure. In a
full propositional setting, closure is exponential;
in our system, �closure� is operationally realized
through the retrieval system's ability to surface rel-
evant content via fulltext and vector search.

Graph traversal for provenance and impact anal-
ysis is bounded by BFS to a con�gurable depth limit
d (default d = 10, range 1�20), yielding worst-case
complexity O(bd) for average branching factor b.
In deployed systems with typical memory graphs
(b ≈ 3�5), traversals complete in under 100ms.

8 Hybrid Retrieval

8.1 The Retrieval Gap

Consider an agent querying: �What shade does the
user prefer?� A fulltext search for �shade� returns
no results�the relevant memory is stored as �fa-
vorite color is blue� (no lexical overlap). A vector

similarity search for the embedding of �shade pref-
erence� retrieves the correct memory via semantic
proximity in embedding space. Neither modality
alone is complete; the system must combine both.
Separately, the graph's edge traversal operations
(Section 6) enable structural navigation�e.g., �nd-
ing related memories via a Contains edge from a
�user preferences� bundle�but these are exposed as
explicit graph navigation tools (get_dependencies,
get_edges, find_path), not as an implicit retrieval
signal within the search pipeline.

8.2 Two-Branch Hybrid Retrieval

Pipeline

Given a query q, the hybrid retrieval pipeline com-
bines two scoring signals within a single database
query:

1. Fulltext: BM25-scored fulltext index query
with Lucene. Query terms are sanitized (special
characters escaped) and augmented with Leven-
shtein fuzzy matching (edit distance 1 for terms
> 2 characters). Available on all tiers.

2. Vector Similarity: The query is embedded via
a con�gurable embedding model (default: 1536-
dimensional text embeddings). Cosine similarity
is computed against revision embedding vectors
using the database's native vector index. Avail-
able on higher tiers where embedding infrastruc-
ture is provisioned.

The two branches are combined via UNION ALL

within a single Cypher query, avoiding the over-
head of multiple database round-trips. This is
more e�cient than async parallel execution for two-
branch fusion, as it eliminates coordination over-
head while leveraging the database engine's internal
parallelism.

Let Rℓ(q) and Rv(q) denote the ranked result
sets returned by the fulltext and vector branches
respectively for query q. For each candidate mem-
orym appearing in either branch, we de�ne branch-
speci�c scores:

sℓ(m) = BM25(q,m) (5)

sv(m) = β · cos
(
e(q), e(m)

)
(6)

where e(·) denotes the embedding function and
β = 0.85 is a calibration factor that balances cosine
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similarity scores against the BM25 scoring range. A
type-aware weight re�ects the structural precision
of each match:

w(m) =


1.0 if m is an item match

0.9 if m is a revision match

0.8 if m is an artifact match

(7)

The �nal merged score for each unique memory is:

S(q,m) = w(m) ·max
(
sℓ(m), sv(m)

)
(8)

Score calibration is achieved through the source-
speci�c weighting factor (β = 0.85 for vector simi-
larity) and type-aware multipliers, rather than per-
query normalization. Max-based fusion selects the
single strongest signal for each candidate, unlike re-
ciprocal rank fusion (RRF), which sums over rank
positions, or linear combination methods, which
compute weighted averages. This is a deliberate
design choice: when a memory matches strongly
on one modality (e.g., exact lexical match), a weak
score from another modality (e.g., low cosine simi-
larity due to vocabulary mismatch) should not di-
lute the result.
Graph navigation as a complemen-

tary capability. Edge traversal operations
(TraverseEdges, AnalyzeImpact, Short-

estPath) are available as explicit MCP tools
that agents invoke when structural reasoning is
needed�e.g., �what depends on this decision?� or
�trace the provenance of this conclusion.� These
operations complement the search pipeline by pro-
viding structural retrieval paths that neither lexical
nor semantic similarity can discover. However,
they are agent-initiated navigation operations, not
automatic signals fused into the scoring function.
Hyperparameter disclosure. The scoring

function contains heuristic defaults that have not
been empirically optimized: (i) the calibration fac-
tor β = 0.85 balances cosine similarity against
BM25 scores; this value was chosen based on ob-
served score distributions in the deployed system
but has not been validated via sensitivity analy-
sis; (ii) the type-aware weights (1.0, 0.9, 0.8) for
item/revision/artifact matches re�ect a structural
precision prior but are not empirically calibrated;
(iii) the choice of max-based fusion over RRF or
convex combination is argumentatively motivated

but Bruch et al. Bruch et al. [2023] have shown em-
pirically that convex combination can outperform
both RRF and simpler methods. We plan sensitiv-
ity analyses for β ∈ [0.5, 1.0] and the weight vector,
as well as comparison against RRF and convex com-
bination on the same retrieval tasks (Section 16).
Similarly, the Dream State circuit breaker threshold
of 50% maximum deprecation per batch is a safety-
motivated conservative default; Section 16 describes
planned analysis varying this threshold from 10%
to 90% on synthetic graphs with ground-truth rel-
evance labels.
The response includes a search_mode indicator

(�fulltext� or �hybrid�), making the retrieval strat-
egy transparent to the calling agent. This trans-
parency allows agents to adjust their con�dence in
results based on the modality that produced them.
Design note: Defense in depth at query bound-

aries. User-provided search queries are untrusted
input. Sanitization at the query construction layer
prevents injection into the fulltext index, indepen-
dent of any upstream validation.

8.3 Embedding Generation

Embeddings are generated asynchronously after
each revision creation via a �re-and-forget back-
ground task. The embedding API call (typically
100�500ms) does not block the primary write path;
on failure, a warning is logged and the revision re-
mains valid and fulltext-searchable.

Principle 9 (Non-Blocking Enhancement). En-
richment operations (embeddings, summaries, clas-
si�cations) must never block the primary write path.
A memory that takes 500ms to store because of an
embedding API call is a memory that agents will
avoid storing.

A key architectural decision is that embeddings
are generated via direct API calls from the server
process, not through database vendor plugins. This
ensures operation on any database tier (including
free), preserves embedding provider �exibility (con-
�gurable per deployment region and access tier),
and supports credential rotation without service re-
deployment.
Design note: Infrastructure independence. Core

capabilities must not depend on vendor-speci�c plu-
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gins or premium tiers. Direct API integration pre-
serves provider �exibility and reduces infrastructure
lock-in.

8.4 Embedding Content Construction

Each revision's embedding is computed over a
composite text �eld (_search_text) constructed
server-side from:

� Item name and kind (structural context).
� Revision summary (semantic content).
� Keywords and topics from metadata (domain sig-
nals).

� A client-provided embedding_text override
(when the client has better context than the
server can infer).

This composite construction ensures that embed-
dings capture both the content and the structural
context of each memory, improving retrieval rele-
vance compared to embedding only the raw text.

8.5 Retrieval Design Observations

The preceding subsections described the hybrid re-
trieval pipeline and its scoring function. This sub-
section characterizes three design properties of the
retrieval system. We distinguish these from the for-
mal AGM contribution (Section 7), which consti-
tutes the paper's primary theoretical result. The
AGM correspondence is the formal contribution es-
tablishing correctness of belief change; the retrieval
properties below are engineering observations that
justify the multi-modal design; and the cost scaling
argument (Section 3) is the motivating observation
for retrieval-based memory over context-window ex-
tension.

8.5.1 Coverage Complementarity

We �rst observe that the two retrieval modalities
have complementary failure modes, making their
combination structurally necessary for high recall.
Separately, the graph's explicit edge traversal op-
erations provide a third, agent-initiated retrieval
pathway that complements the search pipeline.

De�nition 8.1 (Modality-Speci�c Recall). LetM
be a memory corpus and q a query with ground-truth
relevant set G(q) ⊆ M. For a retrieval branch b ∈

{ℓ, v} (fulltext, vector), let Rb(q) ⊆ M denote the
set of memories retrieved by branch b. The recall
of branch b is:

Recallb(q) =
|Rb(q) ∩ G(q)|
|G(q)|

(9)

The hybrid recall under the union of both branches
is:

RecallH(q) =
|
(
Rℓ(q) ∪Rv(q)

)
∩ G(q)|

|G(q)|
(10)

Observation 1 (Coverage Complementarity).
That hybrid recall RecallH(q) ≥ maxbRecallb(q)
follows trivially from set union�any fusion method
that unions result sets has this property. The
non-trivial design claim is that each modality cov-
ers cases the other systematically misses, making
the combination structurally necessary rather than
merely additive. We illustrate with two witness
scenarios from the deployed system, plus a third
scenario demonstrating the complementary role of
graph navigation:

Fulltext-unique: A memory containing the
acronym �HNSW� is retrieved by BM25 for the
query �HNSW con�guration� via exact lexical
match, but the embedding model maps the tech-
nical acronym to a generic embedding region.

Vector-unique: A memory �favorite color is blue�
is retrieved for �What shade does the user prefer?�
via semantic embedding proximity, despite zero lex-
ical overlap.

Graph-navigation (agent-initiated): A deploy-
ment decision connected via a Depends_On

chain to a build failure is surfaced for �Why did
the build fail?� when the agent explicitly in-
vokes get_dependencies or analyze_impact. This
structural reasoning requires multi-hop traversal
that neither lexical nor semantic similarity can per-
form, demonstrating why graph navigation opera-
tions complement the search pipeline.

These are not contrived edge cases; they re�ect
the well-documented failure modes of lexical re-
trieval (vocabulary mismatch) and dense retrieval
(rare terms, out-of-distribution inputs). Empiri-
cal validation of the coverage improvement on Lo-
CoMo and LongMemEval, including per-modality
ablation, is planned (Section 16).
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8.5.2 Precision Preservation under Max-
Fusion

As the memory corpus grows, a key concern is
whether multi-modal fusion introduces false posi-
tives that degrade precision. We argue that max-
based fusion (Equation 8) provides a precision-
preserving property, though we emphasize this is
a design-level argument, not a formal IR result.

De�nition 8.2 (Branch Precision). For branch b
and query q, let Rk

b (q) denote the top-k results
ranked by branch-speci�c score sb. The precision
at k is:

Pb@k(q) =
|Rk

b (q) ∩ G(q)|
k

(11)

Let Rk
H(q) denote the top-k results ranked by the

merged score S(q,m) from Equation 8. The hybrid
precision is PH@k(q) = |Rk

H(q) ∩ G(q)|/k.

Observation 8.1 (Precision Preservation under
Max-Fusion). For any query q and cuto� k, assum-
ing uniform type weights within each match category
and well-calibrated branch scores:

PH@k(q) ≥ max
b∈{ℓ,v}

Pb@k(q) (12)

That is, the hybrid ranking never has lower preci-
sion than the best individual branch, provided score
calibration is adequate.

Argument. The merged score S(q,m) = w(m) ·
max(sℓ(m), sv(m)) assigns each memory a score at
least as high as its strongest branch-speci�c score,
with type weights w(m) applied uniformly within
each match category (preserving relative ordering).
Let b∗ = argmaxb Pb@k(q) be the best-performing
branch with top-k set Rk

b∗(q).
For any m ∈ Rk

b∗(q): S(q,m) ≥ w(m) · sb∗(m).
A memory m′ /∈ Rk

b∗(q) can displace m from the
top-k of S only if m′ scores highly on a di�erent
branch�but then m′ is a genuinely strong match
on some modality. The top-k set under S there-
fore contains at least as many true positives as Rk

b∗ :
(i) true positives from b∗ retain high merged scores,
and (ii) any displacing memory carries strong signal
from another modality.
Caveats. This argument assumes adequate

score calibration across branches. Comb-
MAX is known to be susceptible to noise

from poorly-calibrated retrievers producing in�ated
scores Bruch et al. [2023]: a single branch with in-
�ated scores can dominate the ranking regardless
of result quality. The β = 0.85 calibration fac-
tor (Equation 6) partially mitigates this for vec-
tor scores, but has not been empirically validated.
We acknowledge that the choice of CombMAX over
alternatives (RRF, convex combination, learned fu-
sion) is a design decision motivated by implementa-
tion simplicity and the precision preservation prop-
erty above, not by empirical superiority on our spe-
ci�c score distributions. Bruch et al. Bruch et al.
[2023] showed that convex combination can out-
perform both RRF and simpler fusion methods on
standard IR benchmarks; it is plausible that an
alternative fusion strategy would yield better re-
trieval quality for our workload. Sensitivity analy-
sis over β, the type-aware weights, and alternative
fusion functions (including RRF and learned com-
bination) is planned as future work (Section 16).

In the k-bounded case, displacement e�ects can
occur�a newly added irrelevant memory with a
spuriously high score could push a true positive be-
low the top-k threshold. The precision preservation
argument (Observation 8.1) mitigates this: max-
fusion ensures true positives with strong signals on
any branch resist displacement.

8.5.3 Non-Degradation under Corpus
Growth

Observation 2 (Recall Non-Degradation). In the
unbounded retrieval case (before k-cuto� ranking),
adding memories to the corpus cannot reduce the
set of retrieved true positives: previously retrieved
memories remain indexed and retrievable, while
new relevant memories may be discovered. This
is a property of any non-destructive index, not spe-
ci�c to our architecture. In the k-bounded case,
displacement e�ects can occur�a newly added ir-
relevant memory with a spuriously high score could
push a true positive below the top-k threshold. The
precision preservation argument (Observation 8.1)
mitigates this: max-fusion ensures true positives
with strong signals on any branch resist displace-
ment. Empirical measurement of recall stability
under corpus growth is planned (Section 16).

Summary. The AGM belief revision corre-
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spondence (Section 7) is the primary formal con-
tribution of this paper, establishing that the ar-
chitecture's belief change operations satisfy estab-
lished rationality constraints. The retrieval prop-
erties above complement this with engineering jus-
ti�cation: coverage complementarity motivates the
multi-modal design, the precision preservation ar-
gument supports the max-fusion design choice, and
non-degradation provides a basic scaling assur-
ance. Together with the cost scaling argument (Sec-
tion 3), these results support the overall thesis that
retrieval-based memory is a sound alternative to
context-window extension. Rigorous empirical vali-
dation on LoCoMo and LongMemEval remains the
critical next step.

8.6 Retrieval Semantics Under Belief

Revision

The preceding subsections described what the re-
trieval pipeline computes; this subsection speci�es
how it interacts with the formal revision layer�
speci�cally, how deprecated, superseded, and active
beliefs are handled during query execution.

Deprecated revisions. Both retrieval
branches (fulltext and vector) apply a mandatory
�lter: only revisions belonging to non-deprecated
items (Iactive, De�nition 7.3) are candidates for
scoring. This �lter is enforced at the Cypher
query level (a WHERE NOT item.deprecated

clause), not at the application level, making it
architecturally guaranteed rather than convention-
dependent. The consequence is that contraction
via deprecation (De�nition 7.5) immediately and
completely removes beliefs from the agent's re-
trieval surface. Neither retrieval branch�including
vector similarity, which could otherwise surface
semantically proximate deprecated content�can
return deprecated items without the explicit
include_deprecated=true �ag.

Superseded revisions. A superseded
revision�one for which a newer revision exists
with a Supersedes edge�is not automatically ex-
cluded from retrieval. The retrieval surface Bretr(τ)
is de�ned by tag assignments and deprecation
status, not by the Supersedes edge structure.
If a superseded revision still carries an active tag
(e.g., initial, v1), it remains retrievable. This

is by design: an agent may legitimately need to
recall what was originally believed (�what was the
initial API design decision?�) or to compare past
and present beliefs. Restricting retrieval to only
the latest revision per Supersedes chain would
lose this temporal query capability.

Con�ict presentation. When both a current
and a superseded belief appear in retrieval results
(as observed in the color preference case study, Sec-
tion 15), the retrieval pipeline returns both with
their respective scores. The system does not auto-
matically resolve the con�ict; instead, it provides
the agent with temporal metadata (creation times-
tamps, revision numbers) that the agent's reason-
ing layer uses to apply recency preference. This
separation is deliberate: the retrieval system's role
is to surface relevant beliefs; the agent's role is to
reason about which belief to adopt. Incorporating
temporal recency as a third retrieval signal�biasing
scores toward more recent revisions�is planned as
a future enhancement (Section 16) but is kept sep-
arate from the formal retrieval scoring to maintain
clean separation of concerns.

Operator audit queries. The
include_deprecated=true �ag expands the
retrieval surface from Bretr(τ) to the full graph
G, enabling operators to inspect deprecated and
archived beliefs for audit, compliance, or rollback
purposes. This �ag is never set during normal
agent recall; it is exclusively an operator-level
capability.

This design closes the loop between the formal
revision layer (Section 7) and the retrieval pipeline:
belief revision operations (revision, contraction, ex-
pansion) modify the tag assignment τ and dep-
recation status, which deterministically de�ne the
retrieval surface Bretr(τ), which in turn bounds
what the agent can encounter through any retrieval
modality.

8.7 Bridging Symbolic and Sub-

Symbolic Representations

The formal model (Section 7) operates over a sym-
bolic belief base B(τ) of ground triples, while the
retrieval pipeline (Section 8) relies heavily on dense
vector embeddings and LLM-generated natural lan-
guage summaries. This raises a question: how do
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the symbolic graph layer and the sub-symbolic vec-
tor/LLM layer interact, and where does the bound-
ary lie?
The architecture maintains a clear division of re-

sponsibilities. The graph layer (Neo4j) is the sys-
tem of record for belief state: items, revisions, tags,
edges, and deprecation status de�ne the formal
structures B(τ), τ , and E. All belief revision op-
erations (De�nition 7.4�7.7) act on this layer. The
vector layer (embeddings stored as revision proper-
ties) is a derived index: each revision's embedding is
computed from its content after creation and serves
exclusively as a retrieval accelerator. Critically, the
vector layer never modi�es belief state�an embed-
ding cannot create, supersede, or deprecate a revi-
sion. The formal properties of Section 7 hold inde-
pendently of whether embeddings are present, ab-
sent, or stale.
From vectors to revision pointers. When

the vector retrieval branch identi�es a seman-
tically relevant embedding, the result is not a
raw embedding vector but a revision kref�a
typed pointer back into the graph. Concretely,
each embedding vector is stored as a property
on its corresponding Revision node; a vector
similarity query returns the node itself, from
which the system extracts the revision's kref (e.g.,
kref://project/space/item.kind?r=3). This
pointer is then resolved through the graph layer to
obtain the revision's content φ(r), metadata, and
edge relationships. The vector space thus functions
as an alternative addressing mechanism�a way to
locate revisions by semantic proximity rather than
by structural path�but the addressed object is al-
ways a graph-native entity subject to the formal
belief revision semantics.
From LLM outputs to graph operations.

The system ingests LLM-generated content at two
points: (i) during memory storage, where an
agent's natural language output is captured as a
revision's summary, tags, and metadata via the
memory_ingest MCP tool; and (ii) during Dream
State consolidation (Section 9), where an LLM as-
sesses existing memories and recommends depreca-
tion, enrichment, or relationship creation. In both
cases, the LLM output passes through a structured
API boundary that maps it to graph operations: a
summary string becomes a revision's summary �eld

(part of φ(r)), a deprecation recommendation be-
comes a contraction operation (De�nition 7.5), and
a relationship recommendation becomes an edge in
E. The LLM never directly manipulates the graph;
it produces structured recommendations that are
validated, �ltered by safety guards (Section 9.5),
and then executed as formally de�ned operations.

Formal status. The bridge between symbolic
and sub-symbolic layers is deliberately asymmetric:
the vector/LLM layer reads from and writes through
the graph layer, but cannot bypass it. This ensures
that the formal properties established in Section 7
are preserved regardless of the quality or availabil-
ity of embeddings and LLM assessments. A de-
ployment with no embedding infrastructure retains
all formal guarantees (at the cost of reduced re-
trieval recall); a deployment with a malfunctioning
LLM assessment module is contained by the safety
guards. The sub-symbolic components enhance the
system's practical utility without entering the for-
mal trust boundary.

8.8 Client-Side LLM Reranking

When recall returns stacked items�multiple con-
versation revisions about the same topic (e.g., dif-
ferent sessions discussing the same person)�the
system must select the most relevant sibling revi-
sion for the current query. Rather than adding a
dedicated server-side reranking model, Kumiho del-
egates this selection to the consuming agent's own
LLM through a two-stage �ltering pipeline.

Stage 1: Embedding pre-�lter. Sibling re-
visions are �ltered by embedding cosine similarity
to the query using text-embedding-3-small with
a threshold of 0.30. This removes obviously irrele-
vant siblings at negligible cost (<$0.001 per query),
reducing the candidate set before the more expen-
sive LLM evaluation.

Stage 2: LLM reranking. The surviving sib-
lings are presented to the LLM with structured
metadata�title, summary, extracted facts, enti-
ties, events, and implications�alongside the orig-
inal query. The LLM evaluates each sibling's rele-
vance and selects the best match(es) for the current
context.

Three con�guration modes accommodate di�er-
ent deployment contexts:
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Table 5: LLM reranking con�guration modes.

Mode Context Reranker Cost

client Agent via MCP Host agent LLM Zero
dedicated API / Playground User's model User's key
auto Any Detect context Adaptive

In the client mode�the primary deployment
path for MCP-integrated agents�the host agent
(Claude, GPT-4o, etc.) performs reranking as
part of its normal response generation. The mem-
ory layer returns structured sibling metadata; the
agent evaluates it alongside the conversation con-
text. This is more accurate than any standalone
reranker because a frontier model with full conver-
sation context outperforms a lightweight model op-
erating on a query string alone. Critically, this costs
nothing: the reranking is subsumed into the agent's
existing inference call.
This design embodies the LLM-Decoupled Mem-

ory principle (Section 5): the memory layer pro-
vides structured data; the consumer's own intelli-
gence performs selection. As agent models improve,
reranking quality improves automatically without
any system changes. The memory architecture
never needs to upgrade its reranker�it delegates to
whatever model the consumer is already running.
Empirical impact. On LoCoMo-Plus goal-

type questions (Section 15.3), retrieval hit rate
improved from ∼0% to 100% after two changes:
(i) including the primary (published) revision in
the sibling candidate list so the LLM evaluates
all revisions, not just non-published siblings; and
(ii) expanding the structured metadata presented
to the reranker to include extracted facts, entities,
events, and implications. The �x was structural,
not model-dependent: both GPT-4o and GPT-4o-
mini achieved the same retrieval improvement.

9 The Dream State: Asyn-

chronous Consolidation

9.1 Motivation and Prior Art

During sleep, the human brain replays recent ex-
periences, extracts patterns, consolidates episodic
memories into semantic knowledge, and prunes re-
dundant connections Rasch and Born [2013]. The

Dream State service mirrors this process for AI
agent memory, converting a growing collection
of raw episodic memories into a cleaner, better-
organized memory graph that enables faster and
more accurate retrieval.

Prior art. The idea of asynchronous back-
ground consolidation is not new. Letta's sleep-time
compute [2025] explicitly implements background
agents that reorganize memory during idle periods,
drawing the same biological metaphor. Google's
Vertex AI Memory Bank and Amazon's Bedrock
AgentCore Memory both perform asynchronous
background extraction. Our contribution is not the
concept of o�ine consolidation but the safety ar-
chitecture surrounding it: the speci�c mechanisms
described in Section 9.5�published-item protec-
tion, circuit breakers, dry-run validation, cursor-
based resumption, and auditable reports�are, to
our knowledge, absent from prior consolidation sys-
tems and address the critical question of what hap-
pens when automated memory management goes
wrong.

9.2 Event-Driven Architecture

The Dream State processes the system's event
stream with cursor-based semantics. Events
include revision.created, edge.created, and
revision.deprecated. The cursor position is per-
sisted on a dedicated internal item (_dream_state),
enabling resume after interruption. On �rst run (no
cursor), the system replays available history from
the beginning.

Trigger mechanisms include: scheduled execution
(e.g., nightly at a con�gured hour); event cursor
idle detection; memory count threshold; and ex-
plicit API invocation (including through MCP as
the memory_dream_state tool).

9.3 Nine-Stage Consolidation Pipeline

The pipeline proceeds through the following stages:

1. Ensure Cursor: Create the internal
_dream_state space and item if they do
not exist.

2. Load Cursor: Read the persisted cursor posi-
tion; None on �rst run.
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3. Collect Events: Stream events from the cur-
sor position, grouping by item and deduplicating
(latest revision per item wins).

4. Fetch Revisions: Batch-load revision meta-
data from the graph, �ltering to episodic
memories (kind=conversation) and excluding
already-deprecated items.

5. Inspect Bundles: For bundle-related events,
fetch current membership lists to provide topical
grouping context.

6. LLM Assessment: Submit batches of memo-
ries (con�gurable batch size, default 20) to an
LLM with a structured prompt requesting: rele-
vance scoring (0.0�1.0), deprecation recommen-
dations with reasons, tag suggestions for im-
proved retrieval, metadata corrections or enrich-
ments, and relationship identi�cation between
memories in the batch.

7. Apply Actions: Execute the LLM's recommen-
dations under safety guards (Section 9.5).

8. Save Cursor: Persist the new cursor position
and timestamp.

9. Generate Report: Create a revision on the
_dream_state item with a detailed Markdown
audit report as an artifact, documenting all ac-
tions taken, skipped, and failed.

9.4 LLM Assessment Protocol

The assessment prompt instructs the LLM to an-
alyze each memory and return structured JSON
with per-memory assessments. For each memory,
the LLM evaluates:

� Relevance: How useful is this memory for future
agent interactions? (0.0�1.0)

� Deprecation: Should this memory be depre-
cated? Criteria include: duplicates of newer
memories, superseded information, trivially ob-
vious content, and content with no actionable
value. Deprecation implements the formal con-
traction operation (De�nition 7.5): deprecated
items are excluded from all search and retrieval
by default, e�ectively removing the belief from
the agent's active state while preserving it in the
graph for audit or explicit recovery.

� Enrichment: What tags, keywords, or meta-
data corrections would improve future retrieval?

� Relationships: Which other memories in the

Table 6: Dream State safety guards.

Guard Mechanism

Dry Run Assessment-only mode
Published Protect Never deprecate �published�
Circuit Breaker Max 50% deprecation
Error Isolate Per-action try/except
Audit Report Markdown report artifact
Cursor Persist Resume from checkpoint

batch relate to this one, and what is the relation-
ship type?

The LLM is explicitly instructed to be conserva-
tive: when in doubt, keep the memory. This bias to-
ward preservation is reinforced by the safety guards
described below.

Formal status of consolidation. We clarify
the relationship between online memory operations
(Section 7) and the Dream State's o�ine consoli-
dation. The nine-stage pipeline is an engineering
contribution, not a formal one. Each individual
action maps to a formally de�ned operation: dep-
recation is contraction (De�nition 7.5), metadata
enrichment is expansion (De�nition 7.7), and rela-
tionship creation adds edges to E. However, we
do not claim that the composition of a batch of
such actions across multiple memories preserves all
AGM postulates simultaneously�proving compo-
sitional preservation of rationality postulates under
sequential application is an open problem in belief
revision theory. What the safety guards provide is
not formal guarantees but operational constraints
(published-item immunity, circuit breakers, dry-run
validation) that limit the damage from incorrect
LLM assessments. The formal properties of Sec-
tion 7 apply to individual memory operations; the
Dream State's contribution is the safety architec-
ture surrounding their automated application.

9.5 Safety Guards

Automated memory management requires conser-
vative defaults. Table 6 enumerates the safety
mechanisms.

The circuit breaker is particularly important: if
the LLM recommends deprecating more than 50%
of assessed memories in a single run, this likely in-
dicates a miscalibrated prompt or adversarial input
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rather than a genuine consolidation need. The sys-
tem caps deprecations at 50% and logs a warning
for operator review.
Threshold justi�cation. The 50% circuit

breaker is motivated by the observation that in
a healthy, regularly-consolidated memory graph,
each run should be incremental : a small fraction
of assessed memories will be genuinely redundant
or outdated. Three scenarios can trigger a high
deprecation rate: (a) a miscalibrated assessment
prompt (the LLM is over-aggressive), (b) adversar-
ial or corrupted input to the assessment, or (c) a
long-overdue consolidation on a heavily stale graph
where many memories have been superseded. In
cases (a) and (b), halting is the correct response.
In case (c), the system converges through multi-
ple successive runs, each pruning up to 50% of the
remaining candidates�geometrically approaching a
clean state without risking catastrophic single-run
loss.
Published-item protection justi�cation.

Published items represent beliefs that have been
explicitly validated by a human operator or an up-
stream approval process�analogous to �approved�
assets in production pipelines. Automated consol-
idation should never override explicit human val-
idation; this is a direct application of the princi-
ple that human-in-the-loop decisions outrank au-
tomated assessments. The protection ensures that
the Dream State cannot silently degrade curated,
high-con�dence beliefs.
Tunability. Both thresholds are con�gurable

via the API, enabling operators to adapt consoli-
dation behavior to their domain's risk pro�le:
� The circuit breaker accepts a
max_deprecation_ratio parameter (default
0.5, valid range 0.1�0.9). Recommended settings:
high-stakes domains (medical, legal, �nancial)
should use 0.2�0.3; general-purpose agents use
the default 0.5; batch cleanup operations on
known-stale graphs can use 0.7�0.9, preferably
after a dry-run validation pass.

� Published-item protection can be relaxed via an
explicit allow_published_deprecation=true

�ag for operators who require full automated
control over all items, including curated ones.
This �ag is logged in the audit report for
traceability.

� The dry-run mode is itself a tunability mech-
anism: operators can preview all proposed ac-
tions before committing, adjusting the assess-
ment prompt or thresholds based on the dry-run
report.

Principle 10 (Conservative Memory Manage-
ment). When an AI system makes automated de-
cisions about memory retention, the default must
be preservation. Deleting a useful memory is worse
than retaining a useless one. Circuit breakers, dry
runs, and protection tags ensure that consolidation
enhances quality without risking catastrophic loss.

9.6 Consolidation as LLM-Decoupled

Operation

The Dream State accepts any LLM through a plug-
gable adapter interface. The consolidation model
can di�er from the agent's primary model�for in-
stance, using a smaller, cost-e�cient model for
nightly batch processing while the agent uses a
larger model for interactive reasoning. The mem-
ory graph is the shared substrate; the LLM is a tool
applied to it.

10 Privacy Architecture

10.1 Local-First, Summary-to-Cloud

The privacy architecture enforces a strict bound-
ary: raw content (chat transcripts, voice record-
ings, images, tool output, user PII) remains local to
the agent runtime. Only PII-redacted summaries,
extracted facts, topic keywords, artifact pointers
(paths, not content), and embedding vectors cross
the privacy boundary into the cloud graph.

PII redaction is applied during the ingest pipeline
before any data reaches the graph database. The
redaction step uses an LLM (through the same
pluggable adapter interface) to identify and remove
personally identi�able information from summaries.

10.2 BYO-Storage Architecture

As described in Section 6.4.2, artifacts in the graph
are pointers to �les on the user's own storage�local
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�lesystems, network shares, or cloud storage buck-
ets. The system never copies, caches, or proxies
artifact content. This means:

� Users control data residency and retention.
� The graph database contains no raw user content.
� Data ex�ltration from the graph yields only
metadata.

� Compliance with data sovereignty regulations is
simpli�ed.

This design re�ects the Metadata Over Content
principle (Table 10): the cloud graph stores the
minimum information necessary for recall and rea-
soning, while raw content stays local. This pre-
serves user privacy, reduces storage costs, eliminates
data ex�ltration risk, and�equally important�
enables cognitive e�ciency : agents read compact
summaries to understand context, dereferencing
raw content only when exact detail is required.

10.3 Multi-Channel Session Identity

For agents operating across multiple platforms
(messaging services, web interfaces, desktop ap-
plications), session identity is user-centric, not
channel-centric. The session ID format encodes
context (e.g., personal, work), user identity hash,
date, and sequence number, enabling cross-channel
memory retrieval uni�ed under one identity. The
context �eld serves as a memory namespace�not a
tenant isolation boundary�allowing the same user
to maintain separate memory contexts (personal
preferences vs. work decisions) within a single de-
ployment.

Design note: Identity over channel. Session con-
tinuity follows the user, not the platform. An
agent that forgets a conversation because the user
switched from mobile to desktop has failed at its
core purpose.

10.4 Threat Model and Mitigations

The privacy architecture addresses a speci�c threat
model. Table 7 enumerates the primary threats and
the mitigations provided by the current design.

We acknowledge that LLM-based PII redaction is
not a formal privacy guarantee. False negatives (PII
that escapes redaction) and false positives (over-
redaction that degrades summary quality) are in-

Table 7: Threat model and mitigations for the
memory privacy boundary.

Threat Mitigation

PII leakage via
summaries

LLM-based redaction before
graph ingest. Limitation: LLM
redaction has non-zero false
negative rates; no formal guar-
antees.

Membership infer-
ence via embed-
dings

Embeddings are stored per-
tenant in isolated database par-
titions. Limitation: embedding
inversion attacks are an active
research area.

Prompt injection
in Dream State

Consolidation operates on
stored metadata, not raw user
input; safety guards (circuit
breaker, published protection)
limit blast radius.

Metadata re-
identi�cation

Topics and keywords can be
identifying even without PII.
Limitation: current redaction
targets named entities, not top-
ical �ngerprints.

Malicious artifacts
via tool output

Artifact pointers are stored,
not artifact content; the graph
never executes or parses artifact
data.

Credential leakage The ingest pipeline rejects
known credential patterns (API
keys, tokens) before summa-
rization.

herent to the approach. For regulated data classes
(HIPAA, GDPR Article 9), operators should de-
ploy a dedicated redaction model with measured
precision/recall or a rule-based pre-�lter upstream
of the LLM redactor. The current architecture sup-
ports this through the pluggable adapter interface:
the redaction component can be replaced without
changing the ingest pipeline.

11 MCP Integration

11.1 The Model Context Protocol

The Model Context Protocol (MCP) MCP [2025]
provides a standardized interface between AI agents
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and external tools. By exposing the memory sys-
tem as MCP tools, any MCP-compatible agent
gains memory capabilities without custom integra-
tion code. MCP-based memory systems are now
table stakes for adoption�the o�cial MCP Mem-
ory Server, Mem0 MCP Server, Redis Agent Mem-
ory Server, Neo4j MCP Servers, MemoryOS-MCP,
and Basic Memory all provide MCP interfaces. Our
MCP integration is not a di�erentiator but a nec-
essary condition for platform-agnostic deployment.

What distinguishes the interface is the breadth
of graph operations exposed: not just store/re-
trieve, but reasoning and provenance tools
(AnalyzeImpact, FindPath, GetProve-

nance) and temporal point-in-time queries that
other MCP memory servers do not provide.

11.2 Tool Taxonomy

The MCP server exposes 51 tools organized into six
categories:

Cognitive Memory Lifecy-
cle (memory_ingest, memory_recall,
memory_consolidate, memory_discover_edges,
memory_store_execution, memory_dream_state,
memory_add_response): The complete memory
pipeline. memory_ingest bu�ers user messages in
working memory while simultaneously recalling
relevant long-term memories and creating atomic
memory units (see below), providing the agent with
prior context on every turn. memory_add_response
captures assistant responses into the working mem-
ory bu�er. memory_consolidate summarizes
sessions with PII redaction and consolidation en-
richments (prospective indexing, event extraction).
memory_recall performs semantic search over
long-term memory with optional graph-augmented
multi-query reformulation and edge traversal.
memory_discover_edges generates implication
queries from a newly stored memory and creates
typed edges to related existing memories�the
mechanism that keeps the graph connected.
memory_store_execution persists tool execution
results as memory artifacts. memory_dream_state

triggers the Dream State consolidation pipeline
(Section 9).

Working Memory (chat_add, chat_get,
chat_clear): Redis-backed session bu�er for con-

versational context before consolidation to long-
term graph storage.

Graph Navigation (get_project,
get_spaces, get_item, get_revision,
get_artifacts, search_items): Structured
exploration of the project/space/item/revision
hierarchy.

Reasoning & Provenance
(get_edges, get_dependencies,
get_dependents, analyze_impact, find_path,
get_provenance_summary): Understanding why
memories exist and how they relate, enabling
chain-of-evidence reasoning.

Temporal Operations (get_item_revisions,
get_revision_by_tag, get_revision_as_of,
resolve_kref): Navigating memory through time,
including point-in-time queries (�what did the
agent believe about X on date Y?�).

Graph Mutation (create_item,
create_revision, tag_revision, create_edge,
set_metadata, deprecate_item, and 13 additional
CRUD operations): Programmatic graph structure
management for agent-driven and multi-agent
work�ows.

11.3 Atomic Memory Writes

A single memory_ingest invocation creates the
complete memory unit: space (with auto-creation),
item, revision with metadata, artifact attachment,
edges to source materials, bundle membership, tag
assignment, and asynchronous embedding genera-
tion.

This �one tool call, complete memory� design
eliminates fragile multi-step sequences that could
leave partially-committed state in the graph.

Design note: One tool call, complete memory.
A single MCP tool invocation must create the full
memory unit. Requiring multiple sequential tool
calls creates fragile, partially-committed states and
increases agent complexity.

11.4 Human Auditability

MCPmakes memory accessible to agents, but trust-
worthy systems also require a human-auditable sur-
face. A web dashboard and companion desktop
asset browser render the cognitive memory graph
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using the same project/space/item/revision hierar-
chy, enabling operators to inspect what an agent
remembered, why, and when through immutable
revision history, lineage traversal, and artifact in-
spection. Every consolidation decision is traceable
to a Dream State report; every memory has a prove-
nance chain.

For agents performing consequential work, this
auditability is not a convenience but a require-
ment. The same project/space/item/revision hier-
archy serves both asset browsing and memory in-
spection, ensuring that the cognitive state of an
agent is as navigable and auditable as a traditional
asset management system.

12 Comparative Analysis

Table 8 compares the architecture across nine eval-
uation dimensions. Table 9 provides a feature-level
comparison with concurrent systems.

12.1 vs. Flat Retrieval Systems

Flat retrieval systems treat each query as an in-
dependent similarity search over static document
chunks. The proposed architecture extends this
model along three axes: (i) statefulness�memories
evolve through revisions rather than being over-
written or duplicated; (ii) structure�typed edges
encode causal and evidential relationships between
memories; (iii) consolidation�the Dream State
actively distills episodic experience into semantic
knowledge.

Flat retrieval remains valuable as one compo-
nent of a hybrid system. The architecture incor-
porates vector similarity as one of two retrieval
branches (alongside fulltext search), recognizing
that embedding-based search is e�ective for seman-
tic matching but insu�cient as a complete memory
system.

12.2 vs. Tiered Bu�er Systems

Tiered bu�er systems introduce an important
operating-system metaphor for memory manage-
ment. However, they typically operate on �at stores
without typed relationships or immutable version-
ing. More critically, the memory management logic

is typically embedded within the LLM's own rea-
soning process: the model decides when to move
content between tiers, creating tight LLM-memory
coupling.

The proposed architecture provides richer struc-
ture (graph edges, revision history), stronger safety
guarantees (circuit breakers, dry runs, published
protection), and LLM-decoupled memory manage-
ment (the memory graph is an external data store,
not model-internal state).

12.3 vs. Extended Context Windows

As argued in Section 3, context window extension
addresses the wrong problem. It increases atten-
tion capacity but does not provide persistent recall,
structural representation, or model-independent
storage. The quadratic scaling of attention cost
makes it economically infeasible for lifelong agent
memory. Extended context is complementary�
useful for in-session reasoning over recently re-
trieved memories�but not a substitute for persis-
tent, structured, externalized memory.

12.4 vs. Static Knowledge Graphs

Static knowledge graphs excel at representing
shared, encyclopedic knowledge with �xed schemas.
The proposed architecture is designed for experien-
tial memory�agent-scoped, temporally-evolving,
with �exible metadata and a working memory layer.
The two approaches are complementary: a memory-
equipped agent could reference external knowledge
graphs via referenced edges while maintaining
its own experiential memory in the graph.

12.5 vs. MAGMA

MAGMA [2026] represents the most direct struc-
tural alternative, implementing a multi-graph ar-
chitecture with four orthogonal graph layers (se-
mantic, temporal, causal, entity) and policy-
guided retrieval traversal. The two architectures
represent alternative philosophical commitments.
MAGMA disentangles memory dimensions into
separate graphs, enabling cleaner retrieval rout-
ing: a temporal query traverses only the tem-
poral graph, a causal query traverses only the
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Table 8: Comparative analysis across nine evaluation dimensions.

Dimension Flat RAG Tiered Bu�ers Extended Context Static KG Kumiho

Retrieval Embedding only Embedding + scan In-context Query language Hybrid + graph nav
Statefulness Stateless Tiered bu�ers Ephemeral Current state Versioned history
Relationships None None None Fixed ontology 6 typed edge types
Provenance None None None Schema-dependent Complete lineage
Temporal Nav. Point-in-time Current window Current window Mostly current Full history + tags
Consolidation None Manual / rule N/A Batch ETL LLM Dream State
LLM Coupling Low High Complete None None (MCP)
Cost Scaling Linear Linear Quadratic Linear Linear
Work Auditability None None None Partial Full (SDK + desktop)

Table 9: Feature comparison with concurrent agent memory systems (as of Feb 2026). ✓ = present, (✓)
= partial, × = absent.

Feature Graphiti Mem0g A-MEM Letta MAGMA Hindsight MemOS Kumiho

Property graph storage ✓ ✓ (✓) × ✓ × × ✓
Hybrid retrieval (≥2 modalities) ✓ (✓) × × (✓) (✓) × ✓
Immutable revision history (✓) (✓) × (✓) × × × ✓
Formal belief revision × × × × × × × ✓
URI-based addressing × × × × × × × ✓
Typed edge ontology (≥6) (✓) × (✓) × (✓) × × ✓
Async. consolidation + safety guards × × × (✓) × × × ✓
LLM-decoupled (✓) (✓) × (✓) (✓) (✓) (✓) ✓
Uni�ed asset + memory graph × × × × × × × ✓
Agent work auditability (SDK) × × × × × × × ✓
Benchmark eval. (LoCoMo/LME) ✓ ✓ ✓ ✓ ✓ ✓ × ✓†

BYO-storage (raw data stays local) × × × × × × × ✓
† LoCoMo: 0.447 four-category F1 / 97.5% adversarial refusal (Section 15.2). LoCoMo-Plus: 93.3% (Section 15.3). LongMemEval planned.

causal graph. Our architecture uni�es all rela-
tionships in a single property graph with typed
edges, enabling cross-dimensional traversal: An-

alyzeImpact propagates across Depends_On,
Derived_From, and Supersedes edges simul-
taneously, discovering dependencies that span mul-
tiple memory dimensions. The uni�ed graph design
re�ects a deliberate architectural trade-o�. Multi-
graph separation o�ers cleaner retrieval routing and
avoids cross-dimensional noise, but introduces syn-
chronization complexity: updates that span multi-
ple dimensions (e.g., a belief revision that is simul-
taneously temporal, causal, and semantic) must be
coordinated across separate graph instances, and
cross-dimensional queries require joins across stor-
age boundaries. The uni�ed property graph ac-
cepts edge-type heterogeneity in exchange for trans-
actional atomicity�a single Neo4j transaction can
create a revision, re-point tags, add Supersedes

and Derived_From edges, and update prove-

nance metadata, ensuring that the belief state is
never in a partially-updated condition. This atom-
icity is what enables the AGM compliance re-
sults (Section 15.7): the formal postulates require
that revision is an atomic operation, and the uni-
�ed graph makes this a database-level guarantee
rather than an application-level coordination prob-
lem. Neither approach has been empirically com-
pared to the other. MAGMA's 0.70 on LoCoMo
(LLM-as-judge score, not token-level F1) and 61.2%
on LongMemEval (with 95% token reduction) es-
tablish strong baselines; whether our uni�ed graph
approach achieves comparable or better results un-
der the same evaluation conditions is the most im-
portant open empirical question for this work.

12.6 vs. Hindsight

Hindsight [2025] achieves the highest reported Lo-
CoMo (89.61%, percentage accuracy) and Long-
MemEval (91.4%) scores, demonstrating that prag-
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Table 10: Core design principles.

# Principle Category

1 Structural Reuse Structure
2 Universal Addressability Structure
3 Immutable Rev., Mutable Ptr. Formal
4 Explicit Over Inferred Rel. Formal
5 Non-Blocking Enhancement Performance
6 Conservative Memory Mgmt. Safety
7 Metadata Over Content Safety

matic belief tracking without formal guarantees
can deliver strong empirical results. Its Opinion
Network maintains con�dence-scored beliefs that
update with evidence�functionally similar to our
revision mechanism, but without AGM ground-
ing. The relationship is complementary rather than
competitive: Hindsight demonstrates the empiri-
cal value of structured belief tracking; our formal
framework provides the theoretical guarantees (Rel-
evance, Core-Retainment, Consistency) that such
systems could adopt to ensure belief revision sat-
is�es minimal change and does not discard beliefs
without justi�cation. Hindsight explicitly identi-
�es safe personality management as an open prob-
lem; our safety-hardened consolidation with circuit
breakers and published-item protection addresses
precisely this gap.

13 Core Design Principles

Table 10 consolidates the seven core design prin-
ciples governing the architecture. We distinguish
these research-level principles�which de�ne the ar-
chitecture's formal and structural commitments�
from additional engineering design notes (boundary
validation, latency matching, infrastructure inde-
pendence, query sanitization, session identity, and
atomic writes) documented inline in the relevant
sections.

14 Reference Implementation:

Kumiho

The architecture is fully implemented as the Ku-
miho system2, which provides open-source client
SDKs (Python, C++, Dart, MCP server) with the
core graph server delivered as a managed cloud ser-
vice, and validated through deployment:

Kumiho Server. Rust-based gRPC server han-
dling graph operations, dynamic connection rout-
ing, embedding generation, and hybrid search using
tokio, tonic, and neo4rs.

Kumiho SDK. Python SDK providing typed
access to all graph operations with memory refer-
ence validation and retry logic.

Kumiho MCP Server. Python MCP server
wrapping the SDK, exposing all memory operations
as MCP tools.

Kumiho Memory Library. Python library
providing higher-level cognitive memory operations:
session management, memory ingest with auto-
matic recall, PII-redacted summarization with con-
solidation enrichments (prospective indexing, event
extraction), and the Dream State pipeline.

Kumiho Dashboard. Web-based interface at
https://kumiho.io (Figure 1) providing two inte-
grated views: (i) an AI Cognitive Memory browser
with fulltext search, interactive force-directed graph
visualization of typed edges, node detail pan-
els (title, summary, kref URI, revision tags, cre-
ation date), and live stats (total memories, spaces,
connections, Dream State recency); and (ii) an
Asset Browser for navigating non-memory graph
items (models, textures, work�ows). Both views
share the same project/space/item/revision hierar-
chy and the same graph API, unifying work prod-
uct management and memory inspection in a single
web interface. Node types are color-coded by kind
(conversation, decision, fact, re�ection, error, ac-
tion, instruction, bundle) and edges are color-coded
by type (Depends On, Derived From, Referenced,
Contains, Created From, Belongs To, Supersedes).

Kumiho Desktop. Cross-platform desktop as-
set browser (Flutter/Dart) providing o�ine-capable
access to the same graph hierarchy, optimized for

2https://kumiho.io, https://github.com/

kumihoclouds
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Figure 1: Kumiho dashboard showing the AI Cogni-
tive Memory browser. The selected node (kumiho.io
dashboard Memory page redesign with graph visual-
ization) displays its summary, kref URI, revision
tag (r=1, latest), and creation date. The force-
directed graph on the right visualizes typed edges
to related memories. Stats cards show total mem-
ories (19), spaces (9), connections for the selected
memory (3), and Dream State recency (4 days ago).
The same graph, SDK, and API that agents use to
manage work products is exposed here for human
inspection.

browsing large asset collections on local and NAS
storage.

Measured end-to-end latencies: 15ms typical for
working memory, 80�120ms for long-term graph
queries including hybrid search.

15 Implementation Validation: A

Case Study

Scope. This section presents three categories of
empirical evidence: (i) standardized benchmark
evaluations on LoCoMo and LoCoMo-Plus with
cross-system comparison, (ii) formal AGM compli-
ance veri�cation, and (iii) operational case studies
from deployment. The benchmark evaluations are

Table 11: Token compression ratios.

Type Summary Raw Ratio

Simple fact ∼12 500 42×
Preference ∼18 800 44×
Pro�le ∼80 4K 50×
Paper session ∼65 12K 185×
Planning ∼90 25K 278×

the primary empirical contributions; the case stud-
ies demonstrate that the architecture functions as
designed in production use.

15.1 Token Compression

A central claim of the architecture is that storing
compact metadata summaries rather than raw tran-
scripts yields signi�cant token savings. Table 11
shows representative examples from the deployed
graph, comparing the stored summary token count
against the estimated raw conversation token count.

The compression ratio ranges from ∼40× for sim-
ple facts to ∼280× for complex multi-turn sessions.
Critically, this compression compounds at retrieval
time: a typical recall returning k=5 results injects
∼250�400 summary tokens into the agent's context,
compared to the ∼50,000+ tokens that would be re-
quired to replay the raw transcripts of those same
sessions. This corresponds to the cost scaling ad-
vantage formalized in Section 3: the retrieval ap-
proach scales as O(k · s̄) where s̄ is the mean sum-
mary size, while raw replay would scale as O(k · c̄)
where c̄ is the mean conversation size.

15.2 LoCoMo Benchmark Evaluation

We evaluated Kumiho on the LoCoMo bench-
mark [2024], a multi-session conversation bench-
mark comprising 1,986 questions across 10 conver-
sations and �ve categories that test long-term mem-
ory retrieval across extended conversational histo-
ries. We report results using the o�cial token-
level F1 with Porter stemming metric�the stan-
dard scoring function used by the broader commu-
nity (Zep [2025], Mem0 [2025], Memobase [2025]).
The evaluation uses summarized recall mode with
GPT-4o as the answer model, graph-augmented re-
trieval with multi-query reformulation, and a recall
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Table 12: LoCoMo token-level F1: cross-system
comparison (four retrieval categories).

System Single Multi Temp. Open Overall Source

Zep 0.357 0.194 0.420 0.496 � Zep [2025]
OpenAI Mem � � � � ∼0.34 Zep [2025]
Mem0 0.387 0.286 0.489 0.477 ∼0.40 Zep [2025]
Mem0-Graph 0.381 0.243 0.516 0.493 ∼0.40 Zep [2025]
Memobase 0.463 0.229 0.642 0.516 � Memobase [2025]
ENGRAM 0.231 0.183 0.219 0.086 0.211 Patel and Patel [2025]

Kumiho 0.462 0.355 0.533 0.290⋆ 0.447‡ This work
⋆ Open-domain questions require world knowledge absent
from conversation history; a memory-only system's ex-
pected �oor (see text).
‡ Four-category weighted average (n=1,540). Including
adversarial refusal accuracy (97.5%, n=446, binary scor-
ing), overall F1 is 0.565 (n=1,986).

Table 13: LoCoMo per-category breakdown
(n=1,986).

Category n F1

Single-hop 841 0.462
Multi-hop 282 0.355
Temporal 321 0.533
Open-domain 96 0.290

Retrieval average 1,540 0.447

Adversarial (refusal acc.)† 446 0.975

Overall (incl. adversarial) 1,986 0.565
† Binary refusal detection, not continuous
token-level F1. See Caveats.

limit of 3 memories per query with context top-k=7.

Table 12 reports the cross-system comparison
on the four retrieval categories (single-hop, multi-
hop, temporal, open-domain). Kumiho achieves
0.447 four-category F1 (n=1,540)�the high-
est reported score on the o�cial LoCoMo token-
level metric LoCoMo [2024], Patel and Patel [2025],
Zep [2025]. Adversarial refusal accuracy (97.5%,
n=446) is reported separately in Table 13, as it
uses binary refusal detection rather than continu-
ous token-level F1. Including adversarial, overall
F1 is 0.565 (n=1,986). Table 13 provides the per-
category breakdown.

Key �ndings. Four observations emerge from
the token-level F1 evaluation:

(i) Architecture generalization. The same
graph-native architecture that dominates LoCoMo-
Plus (93.3% on Level-2 cognitive constraints,
Section 15.3) also leads on standard factual QA
with 0.447 four-category F1. The result is not
attributable to a di�erent pipeline con�guration�

the same prospective indexing, event extraction,
and graph-augmented recall that bridge cue-trigger
semantic disconnects also improve factual retrieval
accuracy.
(ii) Adversarial refusal accuracy. The system

correctly refuses to fabricate information in 97.5%
of adversarial questions (n=446). This is ar-
guably the most important metric for production
trust: a memory system that hallucinates plausible-
sounding but incorrect answers is more dangerous
than one that fails to retrieve. The near-perfect
score is a natural consequence of the belief revi-
sion architecture (Section 7): the memory graph
genuinely does not contain fabricated information�
immutable revisions preserve only what was actu-
ally discussed, and consolidation-as-denoising strips
the surface-level cues that adversarial questions
exploit�so there is nothing for the model to hallu-
cinate from. Note that adversarial scoring uses bi-
nary refusal detection (presence of refusal phrases),
not continuous token-level F1.
(iii) Multi-hop as strongest relative improvement.

Multi-hop F1 of 0.355 exceeds Mem0 (0.286,
+6.9 pp) and Mem0-Graph (0.243, +11.2 pp).
Multi-hop questions require connecting information
across multiple conversation segments�precisely
the scenario where graph-augmented recall with
edge traversal provides a structural advantage over
�at vector stores. The typed Referenced and
Derived_From edges created during ingestion
enable the retrieval pipeline to discover memories
that are structurally connected but semantically
distant in embedding space.
(iv) Open-domain as expected �oor. Open-

domain questions (0.290) require world knowledge
beyond the conversation history�e.g., general facts
about geography, science, or culture that the partic-
ipants did not discuss. A memory-only system can-
not provide this knowledge, making open-domain
the expected accuracy �oor rather than a system
failure. Notably, Zep (0.496) and Mem0 (0.477)
score higher on open-domain, likely because their
retrieval pipelines surface broader context that in-
cidentally overlaps with world knowledge.
Cross-benchmark architecture consistency.

Table 14 demonstrates that the architectural
innovations generalize across both evaluation
protocols�they are not tuned to a single bench-
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Table 14: Architecture consistency across bench-
marks.

Innovation LoCoMo-Plus LoCoMo F1

Prospective idx Bridges cue-trigger gap Improves temporal/multi-hop
Event extraction Preserves causal chains Preserves factual detail
LLM reranking 100% goal retrieval hit Better sibling selection
Graph-aug. recall Connected memory discovery Multi-hop 0.355 (best)

mark.

Cost. The full LoCoMo token-level F1 evalua-
tion (1,986 questions across 10 conversations) costs
∼$10 with GPT-4o-mini as the answer model and
∼$14 with GPT-4o. The pipeline cost structure
mirrors LoCoMo-Plus: consolidation and enrich-
ment are one-time per session, while per-query costs
are dominated by answer generation.

Caveats. Competitor F1 scores are sourced
from published evaluations Zep [2025], Memobase
[2025], Patel and Patel [2025], not from controlled
re-evaluation on identical infrastructure; di�er-
ent evaluation con�gurations (Top-K, prompt tem-
plates, embedding models) may account for some
cross-system variance. The adversarial category
uses binary refusal detection (match against re-
fusal phrases), not continuous token-level F1�the
ground truth is not used for scoring. The 97.5%
adversarial score is therefore a refusal accuracy
metric, methodologically distinct from the four re-
trieval categories. We report the four-category F1
(0.447) as the primary comparable number and the
overall F1 (0.565, including adversarial) separately.
Open-domain performance (0.290) is below several
competitors�this re�ects the architectural decision
to retrieve only from the memory graph rather than
augmenting with external knowledge sources.

15.3 LoCoMo-Plus Benchmark Evalua-

tion

Where LoCoMo (Section 15.2) evaluates factual re-
call under strong semantic alignment between query
and stored content, LoCoMo-Plus [2026] tests a fun-
damentally harder capability: implicit constraint
recall under intentional cue-trigger semantic discon-
nect. In LoCoMo-Plus, a cue dialogue embeds a
constraint (e.g., �Joanna decided to quit sugar after
feeling sluggish�) that a later trigger query must
connect to (e.g., �I've been indulging in all kinds

of new desserts lately�), with no surface-level lex-
ical overlap between them. The benchmark com-
prises 401 entries stitched into 10 LoCoMo base
conversations (19�32 sessions each, 369�689 turns
per conversation), spanning four constraint types�
causal (n=101), state (n=100), goal (n=100), value
(n=100)�with time gaps of 2 weeks to 12+ months
between cue and trigger. We report results on all
401 entries across all four constraint types.
System con�guration. The evaluation uses

the same graph-native architecture evaluated on
LoCoMo, operating in summarized recall mode
(title + summary metadata). Four architectural
mechanisms address the semantic disconnect that
makes LoCoMo-Plus qualitatively harder than Lo-
CoMo:
Prospective indexing. During session consolida-

tion, the summarizer generates 3�5 hypothetical fu-
ture scenarios in which the memory would be rele-
vant, using vocabulary and framing di�erent from
the original conversation. These implications are
indexed alongside the summary for both fulltext
and vector retrieval. The technique bridges the cue-
trigger semantic gap at write time: when a conver-
sation mentions lactose intolerance making some-
one bedridden, one generated implication might be
�Months later, Caroline carefully reads restaurant
menus before agreeing to dinner dates, prioritiz-
ing her dietary restrictions over social convenience.�
At query time, the trigger��I �nally said yes to a
dinner date, but I picked the place solely because
I know I won't end up doubled over afterward��
�nds the memory through the implication's alter-
native framing, despite sharing no vocabulary with
the original conversation. This is analogous to how
human memory works: we encode not just what
happened, but what it means for the future. The
encoding shapes retrieval. Implications are gen-
erated by a light model (GPT-4o-mini) running
in parallel with the full-model summarization via
asyncio.gather, adding zero wall-clock time.
Event extraction. The consolidation pipeline ex-

tracts structured events from each session, each
comprising a description and its consequences (e.g.,
�Joanna decided to quit sugar → Improved energy
levels�). These events are appended to the summary
text before indexing. Where narrative summaries
compress episodes into abstract descriptions (�dis-
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cussed dietary changes�), event extraction preserves
the speci�c incidents and their causal chains that
LoCoMo-Plus questions target. Events and impli-
cations are complementary: events preserve what
happened with causal structure; implications antic-
ipate when it will matter with alternative vocabu-
lary.
Sibling relevance �ltering. After retrieval, sib-

ling revisions (other memories from the same item)
are �ltered by embedding cosine similarity to the
trigger query using text-embedding-3-small with
a threshold of 0.30. This prevents context dilution
where loosely-related siblings overwhelm the answer
model. In one case, an entry initially presented
25 sibling revisions to the answer model; after �l-
tering, only 2 memories / 4 revisions reached the
answer model, producing a correct answer. The sys-
tem performs quality control over what reaches the
consumer�managing retrieved context, not just re-
trieving everything loosely related.
Client-side LLM reranking. After cosine pre-

�ltering, remaining sibling revisions are evaluated
by the consuming agent's own LLM using struc-
tured metadata (title, summary, facts, entities,
events, implications). In agentic contexts (MCP),
the host agent performs reranking as part of its nor-
mal response generation at zero additional inference
cost. In non-agentic contexts (API, playground),
a dedicated lightweight model (e.g., GPT-4o-mini)
handles it using the user's own API key. Three con-
�guration modes are supported: client (host agent
LLM, zero cost), dedicated (user-con�gured model),
and auto (detect context). This design re�ects
the LLM-decoupled architecture (Section 8.8): the
memory layer provides structured data; the con-
sumer's own intelligence performs selection. As
agent models improve, reranking quality improves
automatically without any system changes.
The pipeline uses GPT-4o-mini for summariza-

tion, query reformulation, edge discovery, event ex-
traction, implication generation, and judging, with
GPT-4o for answer generation only. Each en-
try is ingested end-to-end: parallel session consol-
idation into long-term graph storage, followed by
LLM-driven edge discovery that links each mem-
ory to related existing memories via typed edges
(Referenced), bridging the cue-trigger semantic
disconnect structurally. Recall uses multi-query re-

Table 15: LoCoMo-Plus: Kumiho vs. published
baselines (n=401).

System Model Acc. (%)

RAG (text-ada-002) text-ada-002 23.5
RAG (text-embed-small) text-embed-small 24.9
RAG (text-embed-large) text-embed-large 29.8
Mem0 Various 41.4
A-MEM Various 42.4
SeCom Various 42.6
GPT-4o (full context) GPT-4o 41.9
GPT-4.1 (full context) GPT-4.1 43.6
Gemini 2.5 Flash (1M) Gemini 2.5 Flash 44.6
Gemini 2.5 Pro (1M) Gemini 2.5 Pro 45.7

Kumiho (4o-mini answer) GPT-4o-mini ∼88
Kumiho (4o answer) GPT-4o 93.3

formulation (3�4 semantic variants per trigger) with
graph-augmented retrieval (edge traversal to sur-
face structurally connected memories that vector
similarity alone would miss).

Table 15 reports the headline comparison. Ku-
miho achieves 93.3% judge accuracy (374/401) on
all entries, outperforming the best published base-
line (Gemini 2.5 Pro, 45.7%) by 47.6 percentage
points. Recall accuracy�the fraction of entries
where the system retrieves at least one relevant
memory�reaches 98.5% (395/401). The result is
particularly striking because the system uses GPT-
4o-mini�one of the cheapest available models�for
the bulk of LLM operations (summarization, query
reformulation, edge discovery, event extraction, im-
plication generation, judging), with GPT-4o used
only for answer generation. Even with GPT-4o-
mini as the answer model (∼88%), the system more
than doubles the previous state-of-the-art. Gem-
ini 2.5 Pro with its 1M+ token context window can
�t entire conversation histories without any sum-
marization or retrieval, yet achieves only 45.7%�
demonstrating that cognitive memory is not a con-
text capacity problem but an organization, enrich-
ment, and retrieval problem.

Performance by constraint type. Table 16
reports accuracy across all four constraint types
with both answer models. The LoCoMo-Plus
dataset distributes entries approximately equally
across types (101 causal, 100 each for state,
value, goal). Causal, state, and value types all
achieve 96% with GPT-4o�near-ceiling perfor-
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Table 16: LoCoMo-Plus accuracy by constraint
type (n=401).

Type n Correct 4o (%) 4o-mini (%)

Causal 101 97 96.0 96.0
State 100 96 96.0 95.0
Value 100 96 96.0 ∼89
Goal 100 85 85.0 ∼73

Overall 401 374 93.3 ∼88

mance demonstrating that the architecture's event
extraction and prospective indexing produce sum-
maries rich enough for reliable retrieval and rea-
soning across all three types. Goal-type questions
(85%) remain the hardest: they require the most
abstract reasoning to connect a current trigger to a
stored intention (e.g., connecting �can't believe they
charge that much for a car key� to �saving for an
engagement ring� requires understanding that both
involve money management, despite no vocabulary
overlap).

The model impact is type-dependent: switching
from GPT-4o-mini to GPT-4o yields causal +0%,
state +1%, value +7%, goal +12%. The harder the
constraint type, the more a stronger answer model
helps. This con�rms that the bottleneck for the
hardest queries is answer model reasoning capacity,
not retrieval quality�the 98.5% recall accuracy is
invariant across models.

Performance by time gap. Table 17 reveals
the most signi�cant empirical �nding of this eval-
uation: the elimination of the long-horizon accu-
racy cli�. In a pre-enrichment run (n=200, with-
out prospective indexing or event extraction), ac-
curacy dropped to 37.5% for time gaps exceeding
6 months. With both enrichments active, accuracy
at >6 months rises to 84.4%�a 47 percentage point
improvement that validates prospective indexing as
the critical mechanism for bridging long temporal
gaps. The improvement is straightforward to ex-
plain: as time increases, embedding similarity be-
tween cue and trigger naturally decays. Prospec-
tive indexing provides alternative retrieval paths
through the generated implications, whose vocab-
ulary is independent of the original conversation's
wording and therefore does not su�er the same tem-
poral decay.

Table 17: LoCoMo-Plus accuracy by time gap
(n=401, GPT-4o answer).

Time Gap n Acc. (%) Notes

≤2 weeks 35 88.6 More goal-type entries
2 wk � 1 mo 77 97.4 Peak performance
1 � 3 mo 164 93.9 Largest cohort
3 � 6 mo 93 93.5 No degradation
>6 mo 32 84.4 Cli� eliminated

The ≤2 week bucket (88.6%) is slightly lower
than adjacent periods because it contains pro-
portionally more goal-type constraints, which are
harder regardless of time gap. Accuracy is consis-
tent across all 10 base conversations (90�97.5%),
with no conversation falling below 90%, demon-
strating robustness across di�erent dialogue struc-
tures, conversation lengths, and topic distributions.

Failure mode taxonomy. Analysis of the
27 failures (6.7%) across 401 entries reveals two dis-
tinct failure modes:

1. Recall miss (6 failures, 22%): No relevant
memories were retrieved by any query variant,
or the retrieved context was empty. These rep-
resent the system's hard �oor�cases where even
prospective indexing and graph-augmented re-
call could not bridge the semantic gap. Notably,
time gap is not the primary predictor: 2 of 6
recall misses occur at ≤1 week.

2. Answer fabrication (21 failures, 78%): The
correct memory appeared in the recalled con-
text, but the answer model generated a re-
sponse that ignored it or fabricated around
it. The dominant pattern is surface-theme hi-
jacking : the model follows the trigger's sur-
face theme and tone rather than connecting to
the contradictory or abstract recalled memory.
Example: the trigger mentions �indulging in
new desserts� while the recalled context states
�Joanna decided to quit sugar after experiencing
constant sluggishness��the model acknowledged
the sugar quit but fabricated details (�dairy-free
ice cream recipe�) matching the trigger's positive
tone rather than surfacing the contradiction. All
15 goal failures are answer fabrication�the sys-
tem retrieved the right memory every time, but
the model could not bridge the abstract gap be-
tween trigger and stored intention.
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This failure distribution is architecturally signif-
icant: 98.5% recall accuracy means the memory
layer has e�ectively solved the retrieval problem for
LoCoMo-Plus. The remaining 6.7% end-to-end gap
is entirely attributable to the answer model's rea-
soning limitations, not to the memory architecture.
Model-decoupled architecture. The sys-

tem's model-decoupled design (Section 5) allows
swapping the answer model without any pipeline
changes. Table 16 reports both GPT-4o and GPT-
4o-mini results. The 98.5% recall accuracy is con-
stant across models�both receive identical recalled
context from the same retrieval pipeline. Only
the end-to-end accuracy di�ers (93.3% vs. ∼88%),
concentrated in the hardest constraint types (goal
+12%, value +7%). This empirically validates that
the memory layer is infrastructure that outlives any
single model generation: as LLMs improve at rea-
soning over retrieved context, the system's end-to-
end accuracy improves automatically. The theoret-
ical ceiling with perfect answer generation is ∼99%,
limited only by the 6 genuine recall misses.
Cost analysis. The total cost for 401 entries

is ∼$14, with summarization (∼$3), edge discov-
ery (∼$2), implication generation (∼$1), event ex-
traction (∼$1), answer generation (∼$3), judging
(∼$0.50), and sibling embedding (∼$0.10) as the
primary components. This cost e�ciency stems
from the same architectural principle validated
by the LoCoMo summary-only results: structured
summarization with enrichment (cheap, one-time
per session) replaces brute-force full-context re-
trieval (expensive, per-query). For comparison,
running Gemini 2.5 Pro with full context on 401 en-
tries would cost signi�cantly more while achieving
only 45.7% accuracy.
Architectural signi�cance. The LoCoMo-

Plus results validate the central thesis of this pa-
per more decisively than LoCoMo. LoCoMo's fac-
tual recall questions have strong semantic align-
ment between query and stored content�precisely
the scenario where embedding-based retrieval ex-
cels. LoCoMo-Plus deliberately breaks this align-
ment, testing whether the system can bridge seman-
tic gaps through structural reasoning. The 47.6 per-
centage point advantage over all baselines demon-
strates that graph-native primitives�typed edges
bridging cue-trigger disconnects, structured sum-

marization preserving causal relationships, prospec-
tive indexing anticipating future retrieval needs,
sibling relevance �ltering controlling context qual-
ity, and multi-query reformulation expanding the
retrieval surface�provide capabilities that neither
larger context windows nor stronger models can
substitute for.
The enrichment contribution is quanti�ed by

comparing against a pre-enrichment baseline run
(n=200, without prospective indexing, event ex-
traction, or sibling �ltering): 61.6% judge accu-
racy. With the full enrichment pipeline on the com-
plete 401-entry dataset, accuracy rises to 93.3%�
a 31.7 percentage point improvement. The >6-
month accuracy cli� is the clearest evidence: pre-
enrichment accuracy at this horizon was 37.5%;
with enrichments, it rises to 84.4%. The mecha-
nism is general: any memory system that generates
retrieval-oriented metadata at write time can bridge
semantic gaps that would otherwise require exact
vocabulary match or enormous context windows.
The separation of recall accuracy (98.5%) from

end-to-end accuracy (93.3%) is the second signa-
ture analytical result. It demonstrates that the
memory architecture has e�ectively solved the re-
trieval problem for Level-2 cognitive memory, and
that the remaining gap is a consumer-side reason-
ing challenge, not a memory challenge. Any im-
provement to the answer model's ability to use re-
trieved context�whether through better prompt-
ing, stronger models, or �ne-tuning�translates di-
rectly to higher end-to-end accuracy without any
architectural changes.
Ablation study (planned). To isolate the

contribution of each consolidation enrichment, we
plan four con�gurations on the same 401-entry
benchmark: (i) summary only (base consolidation,
no enrichments), (ii) summary + event extraction,
(iii) summary + prospective indexing, (iv) full sys-
tem (summary + events + implications + sib-
ling �lter). The hypothesis: events and implica-
tions are complementary�events preserve factual
anchors (what happened); implications provide se-
mantic bridges (what it means for the future). Nei-
ther alone is su�cient for the highest accuracy.
Proof case: cog-261 (730-day gap)�events provided
the factual anchor (cottage purchase), implications
provided the semantic bridge (�nancial planning
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goals). Neither alone would have retrieved this
memory across a 2-year gap.

Caveats. Baseline scores are taken from the
LoCoMo-Plus publication [2026], not from con-
trolled re-evaluation. As with the LoCoMo eval-
uation, di�erences in LLM con�guration and evalu-
ation methodology may account for some variance.
The GPT-4o-mini answer model scores (∼88% over-
all, ∼73% goal, ∼89% value) are estimated from
separate runs; exact �gures may vary by ±1�2 per-
centage points due to non-deterministic LLM be-
havior.

15.4 Retrieval Observations

Beyond the standardized benchmarks, informal
testing against the live deployment graph revealed
two qualitative properties of the hybrid retrieval
pipeline worth noting. First, the system con-
sistently surfaces semantically adjacent memories
alongside exact matches�querying �favorite color�
also retrieves other preference memories�re�ecting
the hybrid design's breadth. Second, for a query on
�AGM belief revision,� the system correctly ranked
the planning memory (which described the intent
to add AGM proofs) above the execution memory
(which recorded the completed AGM section), sug-
gesting that the fulltext index captures semantic
relevance beyond simple keyword matching. These
observations are anecdotal; a comprehensive re-
trieval evaluation with 100+ queries spanning mul-
tiple memory categories, along with ablation stud-
ies comparing fulltext-only, vector-only, and hy-
brid con�gurations, is planned as future work (Sec-
tion 16).

15.5 Cross-Session Provenance: A Case

Study

A demanding test of the architecture was the it-
erative authorship of this paper, which spanned
6 revision sessions across 3 days. Each revision
was stored as a separate memory item in the
work/paper-project space, with derived_from
edges encoding the lineage:

v1 → v2 → v3 → v3-upd → v4 → v5 → v6

This provenance chain enabled several capabili-
ties not available in �at retrieval systems: (i) an
agent resuming work on a new session could tra-
verse the chain to understand what had changed
and why; (ii) querying the provenance summary
of v6 resolved the full dependency graph including
the planning session that preceded it; (iii) the chain
provided an auditable record of the document's evo-
lution for human review.

The paper collaboration also demonstrated the
belief revision mechanism in practice: the formal
AGM section (v6) was planned in one session and
executed in another, with the planning memory
serving as the source dependency. When the user
provided re�nement feedback (e.g., improving tem-
poral tag representations), the agent could recall
prior planning context without re-reading the full
paper, using only the compact summary stored in
the graph.

15.6 Belief Revision in Practice

The deployed system captured a concrete instance
of belief revision that exercises the formal machin-
ery of Section 7. We walk through the complete
graph-level lifecycle to illustrate how the AGM pos-
tulates manifest operationally.

Step 1: Initial belief storage. On Febru-
ary 5, the agent stored the fact �user's favorite color
is blue� via memory_ingest, which created:

� Item: kref://CognitiveMemory/user/
favorite-color.conversation

� Revision r1 with metadata {type: fact}

� Tag latest 7→ r1
At this point the belief state is B(τ1) =
{�favorite-color = blue�}.
Step 2: Belief revision. On February 7, the

user corrected: �favorite color is now black, not
blue.� The memory_ingest pipeline detected the
existing item via fulltext search, triggering the re-
vision path rather than creating a new item. The
system:

1. Created revision r2 on the same item with
metadata {summary: �User's favorite

color is black (previously blue)�}.
2. Re-pointed the latest tag: latest 7→ r2 (previ-

ously r1). This is the mutable pointer operation
that implements K ∗ 2 (Success): after revision,
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ψ ∈ B(τ2).
3. Created a Supersedes edge: r2

Supersedes−−−−−−−→
r1. This edge records the provenance of the
change and is the mechanism by which Rele-
vance and Core-Retainment are preserved�r1
is not deleted but is no longer the authoritative
belief.

The belief state is now B(τ2) = {�favorite-color =
black�}, while r1 remains accessible for provenance
queries. K ∗ 4 (Vacuity) was not triggered because
the new belief contradicted the existing one. K ∗ 5
(Consistency) holds because the tag re-pointing en-
sures only the non-contradictory revision is author-
itative. K ∗ 3 (Inclusion) holds because B(τ2) ⊆
Cn(B(τ1)∪{ψ})�the new belief state contains only
the updated preference plus any unchanged beliefs.

Step 3: Downstream impact. If other mem-
ories depended on the color preference (e.g., a �room
decoration plan� linked via Depends_On to the
color belief), the analyze_impact operation would
traverse the dependency graph from r2 and sur-
face all downstream dependents. In the deployed
instance, the favorite-color item had no depen-
dents, so the impact set was empty. For the paper
revision chain described above, analyze_impact

on v6 correctly propagated through the full De-
rived_From chain to surface all prior versions.

Step 4: Retrieval with con�ict presenta-
tion. A subsequent query for �favorite color� re-
turned both r1 (blue, score 4.70) and r2 (black,
score 3.27), with r1 ranking higher due to exact
keyword match on �blue� in the fulltext index. This
illustrates both a strength and a current limitation.
The immutable revision model correctly preserves
both beliefs with full provenance�the agent can
see that the preference changed and when. How-
ever, the retrieval ranking does not yet automati-
cally prioritize the more recent revision.

This is a concrete demonstration of why the re-
trieval properties (Section 8.5) are design observa-
tions rather than formal guarantees: the retrieval
pipeline can surface results whose ranking contra-
dicts the formal belief state B(τ ′). The con�ict pre-
sentation design (Section 8.6) deliberately returns
both beliefs with temporal metadata, leaving res-
olution to the agent's reasoning layer. In the cur-
rent deployment, the agent's skill prompt instructs

Table 18: AGM Compliance Veri�cation (49 sce-
narios).

Post. Simple Multi Chain Temp. Adv. Pass

K ∗ 2 ✓ ✓ ✓ ✓ ✓ 100%
K ∗ 3 ✓ ✓ ✓ ✓ ✓ 100%
K ∗ 4 ✓ ✓ ✓ ✓ ✓ 100%
K ∗ 5 ✓ ✓ ✓ ✓ ✓ 100%
K ∗ 6 ✓ ✓ � ✓ ✓ 100%
Rel. ✓ ✓ ✓ ✓ ✓ 100%
Core ✓ ✓ ✓ � ✓ 100%

Ovrl 100% 100% 100% 100% 100% 100%

49 scenarios: 49 passed, 0 failed. ✓=pass; �=N/A.

it to prefer the most recently created memory when
con�icts are detected, implementing the belief re-
vision at the application layer. Future work could
incorporate temporal recency as a retrieval signal
(Section 16).

The 49-scenario AGM compliance suite (Sec-
tion 15.7) generalizes this single case to a sys-
tematic veri�cation, testing each postulate across
simple, multi-item, chain, temporal, and adversar-
ial con�gurations�including rapid sequential revi-
sions (10 consecutive updates to the same item) and
case-variant values that stress-test the Supersedes
mechanism at scale.

15.7 AGM Compliance Veri�cation

To empirically validate the formal claims of Sec-
tion 7, we implemented an automated compliance
evaluation suite comprising 49 test scenarios across
5 categories (simple, multi-item, chain, temporal,
adversarial), testing all 7 postulates claimed by the
architecture: K∗2 (Success), K∗3 (Inclusion), K∗4
(Vacuity), K ∗ 5 (Consistency), K ∗ 6 (Extension-
ality), Relevance, and Core-Retainment. Each sce-
nario creates beliefs in a fresh graph instance, per-
forms revision or contraction operations, and veri-
�es postulate-speci�c assertions against the result-
ing graph state.

Table 18 reports the results: all 49 scenarios pass
across all postulate�category combinations, with
zero failures and zero errors. The ��� entries in-
dicate categories where no applicable test scenario
was de�ned (e.g., K ∗ 6 Extensionality is not tested
in chain con�gurations because logical equivalence
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of chains requires cross-item identity, which falls
outside the postulate's scope; Core-Retainment is
not tested in temporal con�gurations because tem-
poral sequences do not produce the independent be-
lief structure needed to verify minimal contraction).

The adversarial category is particularly signi�-
cant: it tests edge cases such as case-variant val-
ues, long string values, rapid sequential revisions
(10 consecutive revisions to the same item), similar
item names (�color� vs. �colour�), idempotent revi-
sions, deep dependency chains (A→B→C→D), and
mixed edge types. All adversarial scenarios pass,
con�rming that the graph-native operations satisfy
the formal postulates not only in idealized condi-
tions but under stress.

These results provide empirical backing for the
formal proofs in Section 7. The proofs establish
that the operations should satisfy the postulates
given the operational semantics; the compliance
suite veri�es that the implementation faithfully ex-
ecutes those semantics across a diverse scenario
space. This is particularly important because the
formal analysis operates over an idealized proposi-
tional logic LG, while the implementation operates
over concrete Neo4j graph operations with real net-
work latency, concurrent access, and string-based
metadata�conditions where implementation drift
from formal speci�cation is common.

15.8 Dream State Consolidation

The Dream State pipeline has been validated both
in deployment and during benchmark evaluation.
In deployment, early runs on a small graph pro-
duced conservative outcomes (0 deprecations, 0 tag
updates), correctly re�ecting that a young graph
with few episodic memories has limited candi-
dates for consolidation. The circuit breaker and
conservative assessment prompt avoided prema-
ture pruning�the expected behavior. More signi�-
cantly, the safety guards operated as designed dur-
ing the LoCoMo benchmark evaluation: the con-
solidation pipeline processed all LoCoMo conver-
sation transcripts into summaries without trigger-
ing the circuit breaker's max_deprecation_ratio

threshold (set to 0.5), and items tagged published

were protected from deprecation regardless of the
LLM assessor's recommendations. No manual in-

tervention was required to prevent the consolidation
pipeline from corrupting the evaluation data�the
architectural safety mechanisms (Section 9) were
su�cient.

15.9 Limitations

Scale. The deployment graph used for case stud-
ies remains small (tens of items). We cannot ex-
trapolate retrieval quality to graphs with thousands
or millions of items without further testing; per-
formance may degrade as the ratio of relevant to
irrelevant items decreases.

Cross-system comparison methodology.
The LoCoMo token-level F1 results (Section 15.2)
use the same scoring function as competing systems
(Zep, Mem0, Memobase), enabling direct compar-
ison on the o�cial metric. However, competitor
scores are sourced from their respective publica-
tions, not from controlled re-evaluation on identical
infrastructure and LLM con�gurations. Di�erences
in underlying LLM, prompt engineering, and evalu-
ation methodology may account for some variance;
a fully controlled comparison using the same LLM,
prompt template, and hardware is needed to isolate
architectural contributions from confounds.

Evaluation scope complementarity. Lo-
CoMo evaluates end-to-end recall quality (can the
system answer questions about past conversations?)
but does not directly exercise the formal belief re-
vision machinery�its questions do not require the
system to detect contradictions, supersede prior
beliefs, or propagate impact through dependency
chains. The AGM compliance suite (Section 15.7)
�lls this gap by testing the graph-level operations in
isolation, but does not measure whether those op-
erations improve downstream agent behavior. The
two evaluation approaches are therefore comple-
mentary: LoCoMo validates that the overall archi-
tecture produces correct answers; the AGM suite
validates that the belief revision operations sat-
isfy formal rationality constraints. A benchmark
that combines both�requiring the agent to answer
questions whose correctness depends on having per-
formed correct belief revision (e.g., MemoryAgent-
Bench's con�ict resolution tasks [2026])�is the crit-
ical missing evaluation, planned as future work.

Internal retrieval evaluation. The retrieval
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observations reported in this paper are anecdotal.
A comprehensive assessment would require a larger
query set (100+ queries) with multiple annotators
establishing ground-truth relevance labels.

Self-evaluation bias. The system is evaluated
on its own deployment data during the author-
ship of this paper, creating an inherent circularity.
We have attempted to mitigate this by reporting
raw numbers without favorable interpretation and
by explicitly acknowledging where the system falls
short (e.g., the belief revision ranking limitation).

LG expressiveness. The formal results hold
for a deliberately weak propositional logic over
ground triples. This logic cannot express subsump-
tion hierarchies, role composition, disjointness ax-
ioms, or cardinality constraints�features that real
knowledge graphs often need. Any strengthening of
LG toward richer logics would re-encounter Flouris-
type impossibility results. The formal contribution
is thus scoped: it demonstrates that AGM belief
revision is achievable for graph-native memory sys-
tems at the propositional level, but does not extend
to more expressive representations.

Formal scope. The primary formal claim cov-
ersK∗2�K∗6 plus Relevance and Core-Retainment.
The supplementary postulates (K ∗7, K ∗8) remain
open�establishing them requires constructing an
entrenchment ordering or proving the system's op-
erations encode a transitively relational contrac-
tion. Additionally, the postulates are proved for
B(τ) (the full belief base determined by tag assign-
ments), not for the speci�c subset surfaced by the
hybrid retrieval pipeline, which introduces score-
based non-determinism.

Dream State LLM dependency. The con-
solidation pipeline's quality depends entirely on the
LLM's assessment accuracy. Incorrect deprecation
recommendations, despite safety guards, could de-
grade the memory graph over time. The circuit
breaker mitigates catastrophic failures but cannot
prevent gradual quality erosion from consistently
biased assessments.

System performance. We do not report la-
tency distributions, throughput measurements, or
memory overhead per belief. Basic system metrics
are needed to substantiate the architectural claims.

16 Future Directions

16.1 Evaluation Roadmap

LoCoMo-Plus extensions: The LoCoMo-Plus
evaluation (Section 15.3, n=401, 93.3%) demon-
strates that prospective indexing and event extrac-
tion largely solve the retrieval problem (98.5% re-
call accuracy), with the remaining failures concen-
trated in answer model reasoning. Three planned
extensions target the remaining weaknesses. Goal-
type accuracy : the 85% accuracy on goal-type ques-
tions (abstract intention inference) motivates in-
vestigation of goal-aware prospective indexing�
speci�cally generating implications for stated goals
and intentions, not just events, to create better
semantic bridges for the most abstract constraint
type. Chronological context ordering : currently, re-
called memories are presented to the answer model
in relevance-score order; sorting by chronological
order may help the model reason about temporal
progressions (e.g., �saved for ring 6 months ago →
now complaining about car key costs�), particu-
larly for goal-type constraints where the narrative
arc matters. Ablation study : isolating the indi-
vidual contributions of event extraction, prospec-
tive indexing, sibling relevance �ltering, and graph-
augmented recall by running four con�gurations
(summary-only, +events, +implications, full sys-
tem) on the same 401-entry benchmark. The pre-
enrichment baseline (61.6% on n=200) establishes
the lower bound; the full system (93.3%) estab-
lishes the upper bound. The hypothesis: events
and implications are complementary�events pre-
serve factual anchors (what happened); implica-
tions provide semantic bridges (what it means for
the future). Neither alone is su�cient for the
highest accuracy. Stronger answer models: with
98.5% recall accuracy, the theoretical ceiling is
∼99%. A model with stronger causal reasoning
and less tendency to fabricate on correctly re-
trieved context would close the remaining gap�
the architecture requires no changes, only a model
swap. Additional benchmarks including Mem-
Bench, Mem2ActBench, MEMTRACK, and PER-
SONAMEM will establish our system's position
across diverse evaluation dimensions.

LongMemEval [2025]: Temporal reasoning
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and knowledge update evaluation. MemoryA-
gentBench [2026]: Four-competency evaluation
framework (accurate retrieval, test-time learn-
ing, long-range understanding, con�ict resolution)
with EventQA and FactConsolidation datasets�
the con�ict resolution competency is directly rel-
evant to our AGM-grounded revision operators.

Controlled cross-system comparison: Re-
evaluating competitor systems (Graphiti, Mem0,
Hindsight) on identical infrastructure and LLM
con�gurations to isolate architectural contributions
from confounds in the LoCoMo results. The token-
level F1 results (Section 15.2) partially address this
by enabling metric-comparable evaluation against
systems that also report F1.

Retrieval ablation studies: Isolating each re-
trieval branch's contribution. Sensitivity analysis
for β ∈ [0.5, 1.0], type weights, and comparison
against RRF and convex combination.

16.2 Formal Extensions

Entrenchment ordering for K ∗ 7/K ∗ 8: Con-
structing an explicit epistemic entrenchment order-
ing over graph triples, or proving that tag-based
contraction is equivalent to a transitively relational
selection function, would complete the formal pic-
ture. We identify three candidate sources for such
an ordering: (a) temporal recency of the revision
containing the belief (more recent beliefs are more
entrenched), (b) in-degree in the dependency graph
(beliefs depended upon by many others are more
entrenched), and (c) con�dence metadata attached
to revisions by the Dream State pipeline. As dis-
cussed in Section 7.2, the key challenge is that no
single ordering is appropriate for all belief types.
We conjecture that a type-dependent entrenchment
function�where the ordering criterion varies by be-
lief kind (temporal recency for preferences, eviden-
tial support for facts, con�dence score for inferred
beliefs)�would satisfy K ∗ 7/K ∗ 8 for the com-
mon case of single-type revisions while requiring
careful treatment for cross-type belief interactions.
Formalizing this conjecture requires proving that
the type-restricted orderings compose into a global
total preorder satisfying the Gärdenfors�Makinson
conditions, or alternatively, showing that a weaker
condition (a partial preorder with type-local total-

ity) su�ces for the graph-native revision operator.
Richer logics: Extending LG toward frag-

ments of description logics that remain AGM-
compatible Qi et al. [2006], potentially via Aigu-
ier et al.'s Aiguier et al. [2018] satisfaction system
framework. This would enable subsumption reason-
ing and role composition within the belief revision
framework.
Partial merge operator: De�ning a formally

characterized merge operator for partial belief up-
dates within a single revision. The current whole-
revision replacement strategy is clean but coarse-
grained. A merge operator based on Konieczny and
Pino Pérez's Konieczny and Pino Pérez [2002] be-
lief merging framework could handle contradictory
sub-claims by identifying the minimal set of atoms
that con�ict with the new input and replacing only
those, while preserving unchanged co-located be-
liefs. The key challenge is ensuring that such an op-
erator satis�es the AGM postulates�particularly
Relevance, which requires that only beliefs relevant
to the new input are a�ected.

16.3 System Extensions

Adaptive Consolidation: Urgency-based trig-
gering; agent-initiated consolidation. Extend-
ing the Dream State with anticipatory pre-
computation�pre-reasoning about likely future
queries over the graph structure (e.g., pre-
computing AnalyzeImpact cascades for recently
revised beliefs)�following Letta's sleep-time com-
pute approach [2025].
Temporal Recency in Retrieval: Incorporat-

ing recency as a third retrieval signal alongside full-
text and vector scoring.

17 Conclusion

We have presented Kumiho, a graph-native
cognitive memory architecture whose structural
primitives�immutable revisions, typed edges, mu-
table tag pointers, URI addressing�simultaneously
serve as the operational infrastructure for managing
agent work products. Agents use the same graph to
remember past interactions and to version, locate,
and build upon each other's outputs�enabling fully
autonomous multi-agent pipelines without separate
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asset tracking systems. Several individual compo-
nents exist in concurrent systems; we do not claim
novelty for them individually. The contribution is
their architectural synthesis, grounded in formal be-
lief revision analysis and the recognition that cogni-
tive memory and work product management share
identical structural requirements.
The core formal result is a correspondence be-

tween the AGM belief revision postulates and
graph-native memory operations, framed at the be-
lief base level following Hansson Hansson [1999].
We proved satisfaction of the basic rationality pos-
tulates (K ∗2�K ∗6) and Hansson's belief base pos-
tulates (Relevance, Core-Retainment), provided a
principled rejection of Recovery grounded in prove-
nance preservation, and identi�ed the supplemen-
tary postulates (K ∗ 7, K ∗ 8) as an open question
requiring construction of an entrenchment ordering.
We addressed why the Flouris et al. impossibility
results do not apply to our property graph formal-
ism.
Beyond the formalism, the architecture con-

tributes: (i) a uni�ed graph where cognitive mem-
ory primitives simultaneously serve as operational
asset management infrastructure�agents use the
same graph to remember and to manage each
other's work products in multi-agent pipelines
(architecturally enabled and deployed in produc-
tion, though multi-agent pipeline evaluation is
planned as future work); (ii) SDK transparency en-
abling both multi-agent coordination (agents query
the graph to �nd inputs) and human governance
(operators audit agent beliefs through the same
API); (iii) safety-hardened consolidation with guard
mechanisms (circuit breakers, dry-run validation,
published-item protection) not found in the con-
current systems we surveyed; (iv) a URI-based ad-
dressing scheme unique among agent memory sys-
tems; and (v) a BYO-storage artifact model whose
privacy-preserving compression is simultaneously a
robustness mechanism.
Empirically, on the LoCoMo benchmark [2024]

(o�cial token-level F1 with Porter stemming), Ku-
miho achieves 0.447 four-category F1 (n=1,540)�
the highest reported score across the retrieval cat-
egories. Separately, adversarial refusal accuracy
reaches 97.5% (n=446), demonstrating production-
grade hallucination resistance. This near-perfect

adversarial score is a natural consequence of the
belief revision architecture: the memory graph gen-
uinely does not contain fabricated information�
immutable revisions preserve only what was actu-
ally discussed�so there is nothing for the model to
hallucinate from. The combination of top-tier re-
trieval F1 and near-perfect hallucination resistance
is the central empirical result. Including adversarial
binary scoring, overall F1 is 0.565 (n=1,986). On
LoCoMo-Plus [2026]�a Level-2 cognitive memory
benchmark testing implicit constraint recall under
cue-trigger semantic disconnect�Kumiho achieves
93.3% judge accuracy (n=401) with 98.5% recall
accuracy, outperforming the best published base-
line (Gemini 2.5 Pro, 45.7%) by 47.6 percentage
points while using GPT-4o-mini for bulk opera-
tions at a total cost of ∼$14. Three architec-
tural innovations drive both results: prospective
indexing (LLM-generated future-scenario implica-
tions indexed alongside summaries), event extrac-
tion (structured events with consequences preserv-
ing causal detail), and client-side LLM rerank-
ing (Section 8.8), where the consuming agent's
own LLM selects the most relevant sibling revi-
sion from structured metadata at zero additional
cost. The enrichments drove LoCoMo-Plus ac-
curacy from a pre-enrichment baseline of 61.6%
to 93.3%, eliminating the >6-month accuracy cli�
(37.5% → 84.4%). The architecture is model-
decoupled: the 98.5% recall accuracy is invariant
across answer models, while end-to-end accuracy
scales from ∼88% (GPT-4o-mini) to 93.3% (GPT-
4o), with the gap concentrated in goal-type con-
straints requiring abstract reasoning. Of the 27 fail-
ures, 78% are answer model fabrication on cor-
rectly retrieved context�demonstrating that the
memory layer has e�ectively solved the retrieval
problem, and the remaining gap is a consumer-side
reasoning challenge. Where all tested baselines�
including premium models with million-token con-
text windows�achieve 23�46%, the graph-native
primitives (typed edges, structured summarization,
prospective indexing, sibling relevance �ltering,
multi-query reformulation, client-side LLM rerank-
ing) provide the structural reasoning capabilities
that surface-level retrieval cannot substitute.

Automated AGM compliance veri�cation (49 sce-
narios, 100% pass rate) con�rms that the implemen-
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tation faithfully executes the formal speci�cation.
Controlled cross-system comparison, consolidation
enrichment ablation, and additional benchmarks
(LongMemEval, MemoryAgentBench) remain im-
portant directions for future work.

In an era where AI agents perform consequen-
tial work�producing artifacts, making decisions,
and collaborating autonomously in multi-agent
pipelines�their memory must serve double duty:
as the cognitive substrate for individual agent in-
telligence and as the shared operational infrastruc-
ture through which agents coordinate, build upon
each other's outputs, and maintain auditable prove-
nance chains. The seven design principles distilled
from this work provide a reusable framework for
building such systems: systems where every belief
can be traced to its evidence, every output can be
found and built upon by downstream agents, and
every decision chain is open to human inspection.
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A Key Data Structures

Memory Reference URI Format:

kref://project/space[/sub]/

item.kind[?r=N][&a=art]

Revision Node Properties:

{

ref: "kref://proj/space/item.kind?r=N",

_search_text: "concat. searchable text...",

embedding: [float64 x 1536],

embedding_text: "text embedded",

embedding_updated_at: datetime,

metadata: {

schema, type, summary,

topics, keywords

},

created_at: datetime,

author: "agent-id"

}

Redis Working Memory Key Structure:

cogmem:{proj}:sessions:{sid}:messages

cogmem:{proj}:sessions:{sid}:metadata

cogmem:{proj}:consol_queue

Dream State Assessment Structure:

MemoryAssessment {

revision_ref: str

relevance_score: float // 0.0-1.0

should_deprecate: bool

deprecation_reason: str

suggested_tags: List[str]

metadata_updates: Dict[str, str]

related_memories: List[(ref, type)]

}

B Dream State Report Format

Each Dream State run produces a Markdown report
stored as a revision artifact, documenting events
processed, memories assessed, actions taken (dep-
recations, metadata updates, tags added, relation-
ships created), and the cursor for resumption.

# Dream State Report -- 2026-02-04T03:00Z

**Events:** 42 | **Assessed:** 18

**Duration:** 4500ms

## Actions Taken

### Deprecated (3)

- kref://CognitiveMemory/personal/...

-- duplicate

### Metadata Updated (7)

- kref://CognitiveMemory/work/...

-- topics added

### Tags Added (12)

- kref://CognitiveMemory/personal/...

-- ssh, error

### Relationships Created (5)

- source -> target (DERIVED_FROM)

## Cursor

eyJjdXJzb3IiOiIxMjM0NTY3ODkwIn0=
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