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Abstract

Large language models (LLMSs) increasingly power persistent Al
coworkers that operate across sessions, tasks, and platforms, yet a
fixed context window cannot maintain a coherent work state over
long horizons. Information outside the window becomes invisible,
while information that remains is rarely organized by entity, appli-
cability, provenance, and temporal validity. We argue that “context”
should therefore be treated not as a transient token sequence but
as a continuously maintained holistic state spanning time and au-
thorized work platforms. We present HoLisTic CONTEXT, a uni-
fied cross-session context framework instantiated in the OpenContext
open-source Al coworker, that combines three established primitives
into one applicability-scoped pipeline: applicability-scoped attribution,
which assigns fragments a five-tuple scope, consolidates them into en-
tity timelines, and reconciles conflicting evidence; tiered forgetting with
evidence-preserving deprecation, which routes beliefs through short-,
mid-, and long-term memory, preserves links to source records, and
supports belief revision, abstention, and as-of-time queries; and Heb-
bian relation learning with competition, which reinforces associations
between co-retrieved memories, decays idle connections, and organizes
support, compete, related, and supersede relations for associative multi-
hop retrieval. Each primitive has a direct cognate in the temporal-
database, belief-revision, or cognitive-science literatures; the contribu-
tion of this paper is the system that wires them together, together
with a feasibility demonstration on three benchmarks. Experiments
across LongMemEval-S, LoCoMo, and BEAM show that the coupled
design supports long-horizon context management: (i) end-to-end runs
on LongMemEval-S (n=500) and LoCoMo (n=10) reach 97.6% and
97.4%; and (ii) BEAM nugget-pass-rate reaches 72.8% / 75.7% / 76.5%
/ 67.0% at 128K / 500K / 1M / 10M tokenst. All HorisTic CON-
TEXT cells are single-seed, single-backbone point estimates on Claude



Sonnet 4.5; the BEAM-128K cell is computed on a 100K-token sub-
set of the corresponding BEAM conversations; the LoCoMo cell spans
only ten conversations; and the cross-paper baseline rows are published
numbers from systems run on different backbones and judging config-
urations. The headline numbers should therefore be read as a feasibil-
ity demonstration, with the multi-seed replication and the controlled
head-to-head against Hindsight / APEX-MEM / Mem0 V3 described
as future empirical work.

Keywords: Large language models, autonomous agents, long-horizon mem-
ory, cross-session context, holistic context, memory management, context
retention, BEAM, LongMemEval.

1 Introduction

The promise of autonomous LLM agents rests on their ability to act coher-
ently over long horizons (planning across days, recalling decisions made in
prior sessions, and reconciling information that arrives from different tools
and platforms). Yet the substrate on which these agents operate, the fixed
context window, was never designed for such persistence. As interaction his-
tories grow, two failure modes dominate: information that lies outside the
window is simply invisible, and information that survives inside the window
is not organized into the entities, relations, and temporal states that coherent
reasoning requires.

This collapse, a measurable degradation in capability as context length
increases, is now quantified by a new generation of stress benchmarks. BEAM [Mi-
lanese et al., 2025| constructs coherent multi-domain conversations of up to
10M tokens and probes ten complementary memory abilities; even models
with 1M-token windows, with or without retrieval augmentation, degrade
sharply as dialogues lengthen. The strongest published memory-system
baseline on global tasks at the 10M scale, the cognitively-inspired LIGHT
framework [Milanese et al., 2025], falls to 26.6% on the Hindsight team’s
re-evaluation pipeline [Bartholomew, 2026, Latimer et al., 2026], while pure
RAG falls to 24.9% on the same pipeline. Cross-pipeline differences already
account for several percentage points of the published baseline numbers, so
the absolute comparison is less informative than the structural fact that
all published single-step retrieval baselines degrade sharply as the conver-
sation scale grows. LongMemEval [Wu et al., 2024| arrives at a comple-
mentary conclusion from the capability side: across five memory dimensions
(single-session and multi-session fact retrieval, knowledge updating, temporal



reasoning, and abstention), long-context LLMs trail dedicated long-context
baselines by 30-46% per dimension (29.6-45.5 percentage points across the
five capabilities), and the average residual gap to human performance is 39%
(reaching 46% on the hardest knowledge-updating dimension). Cognitive-
driven follow-ups such as EvolMem [Shen et al., 2026, Locomo-Plus [Kr-
ishnan et al., 2026], and LongMemEval-V2 [Wu et al., 2026a| confirm that
the deficit is structural rather than incidental: it persists across models, do-
mains, and probing protocols. These findings force a re-conceptualization.
“Context” can no longer be equated with the tokens currently inside a win-
dow; it must be treated as a holistic state that accumulates across time
and platforms and is actively maintained. This need is especially acute for
persistent Al coworkers, which must preserve decisions, entities, and their
evolution across sessions and authorized work platforms. HorisTic CON-
TEXT maintains this evolving work state as auditable, source-linked entity
records, complementing rather than replacing model-level or domain-level
learning.

This re-conceptualization has a second, less visible dimension. Beyond
losing state, persistent agents also lose the rationale behind state transitions:
when an exception is approved, a configuration is changed, or a precedent is
set, the reasoning that produced the change is rarely captured as a first-class
record. Recent analyses of agent-execution traces argue that this missing ra-
tionale, not the missing data, is the structural gap that prevents today’s
agents from reasoning about exceptions, learning from precedents, or au-
diting decisions |[Chao et al., 2026, Yan et al., 2026]. HoLrisTiC CONTEXT
addresses this gap through its applicability-scoped attribution and evidence-
preserving deprecation: every belief revision carries an archived supersession
trace that records what was superseded, by what evidence, and at what
time, so that the “why” behind a state transition is recoverable rather than
implicit. The present paper does not evaluate this rationale-preservation
claim with a dedicated probe; the motivation paragraph is forward-looking,
and a supersession-trace-recovery probe is part of the future empirical work
alongside the per-mechanism ablation.

A rich body of work attempts to extend effective context beyond the win-
dow. Memory-system approaches such as MemGPT [Packer et al., 2023| and
Memory OS [Kang et al., 2025] borrow paging and hierarchy ideas from op-
erating systems; Mem0 [Chhikara et al., 2025] and A-MEM [Xu et al., 2025]
extract and store atomic facts for later retrieval; TiMem [Li et al., 2026] and
H-MEM [Sun et al., 2026a] introduce temporal or hierarchical consolidation.
Temporal knowledge-graph systems such as Zep/Graphiti [Rasmussen et al.,
2025] and Hindsight [Latimer et al., 2026] maintain a per-entity bitempo-



ral record. Graph-native architectures [Park, 2026, Yang et al., 2026] and
graph retrieval [Peng et al., 2024| structure memory as entities and edges.
Yet four limitations recur. First, facts about the same entity are scattered
across sessions and seldom attributed to a unified, conflict-resolved, tem-
porally ordered record, so retrieval returns fragments rather than a consis-
tent view. Second, memory accumulates monotonically: stale facts are not
retired, beliefs are not revised when contradicting evidence appears, and
the system cannot answer what it knew as of a particular moment, pre-
cisely the failure modes that temporal-validity studies [Yadav, 2024, Chao
et al., 2026] and forgetting models [Sumida et al., 2024| expose, and the
standard half-open validity-interval + as-of-time formulation that temporal
databases [Snodgrass, 1995, Datomic Development Team, 2024, ISO/IEC
9075:2011 (SQL:2011), 2011]| have used for thirty years. Third, retrieval is
largely flat: memories are treated as isolated vectors, so the associations
that make multi-hop reasoning natural in humans are absent; the cognitive-
science anchors for these co-retrieval dynamics are Hebbian learning [Hebb,
1949] and spreading-activation theory |Collins and Loftus, 1975, Anderson,
1983], while the closest engineering analogues are Personalized PageRank
over static graphs [Gutiérrez et al., 2025] and temporal graph networks [Rossi
et al., 2020, Trivedi et al., 2019]. Fourth, the rationale behind state transi-
tions is rarely captured as a first-class record: when an exception is approved
or a precedent is set, the reasoning that produced the change tends to be lost
in transit, making it difficult for future agents to learn from past decisions.
Novelty-gated admission and adaptive admission control [Zhang et al., 2026]
address what enters memory but not how memories relate.

We present HoLisSTIC CONTEXT, a unified framework that treats cross-
session context as a layered, routable, source-attributed state (Figure 1),
and instantiate it in the OpenContext open-source Al coworker [OpenCon-
text Contributors, 2026]. HorLisTIC CONTEXT is a system contribution: it
combines three primitives, each with established cognates in the temporal-
database, belief-revision, or cognitive-science literatures, into one applicability-
scoped pipeline that the community can reproduce, evaluate, and improve
upon.

e Applicability-scoped attribution. Fragments dispersed across ses-
sions are tagged with a five-tuple Applicability Context (task, con-
versation, channel, person, validity interval), merged into unified en-
tities, and ordered into per-entity timelines; contradictory statements
are resolved through evidence-weighted reconciliation. This yields a
consistent, attributable view that retrieval and answering can share



without leaking across scope. The memory-consolidation pipeline
and its Entity Registry realize this attribution layer over authorized
cross-platform work signals. The five-tuple scope is closely related to
the bitemporal context used in Zep/Graphiti [Rasmussen et al., 2025];
the novelty here is the explicit applicability axis and the per-entity
timeline rather than a global temporal KG.

e Tiered forgetting with evidence-preserving deprecation. Rather
than accumulating memory indiscriminately, HOLISTIC CONTEXT routes
beliefs through short / mid / long tiers, retires those that fall be-
low their tier’s retention threshold, and archives retired beliefs for
auditability. As-of-time queries reconstruct the active beliefs main-
tained by the system at a given moment, so memory carries an explicit
history rather than remaining static. The Memory Forgetting En-
gine exposes this lifecycle while preserving links from compressed or
deprecated state to source records. The Ebbinghaus-shaped decay is
the standard importance-decay formulation [Sumida et al., 2024]; the
novelty here is the half-open validity interval combined with evidence-
preserving deprecation rather than a separate garbage collection step.

e Hebbian relation learning with competition. When two mem-
ories are co-retrieved inside a Living Connections window their asso-
ciation strengthens; during idle periods it decays. A typed relation
vocabulary (support, compete, related, supersede) lets the network self-
organize, growing sharper with use, so cross-entity multi-hop reasoning
follows the structure of past co-activation rather than flat similarity.
The Living Connections operator implements this update, turning re-
peated use into an evolving associative context graph. Hebbian-style
reinforcement is a well-established model from cognitive science [Hebb,
1949]; the engineering analogue is Personalized PageRank over co-
activation graphs |Gutiérrez et al., 2025|; the novelty here is the four-
edge typed relation vocabulary together with the explicit competition-
before-supersession rule that gates conflicting fragments.

We evaluate HOLISTIC CONTEXT on the three benchmarks that most di-
rectly stress long-horizon context: BEAM |Milanese et al., 2025] (128K-10M
tokens), LongMemEval [Wu et al., 2024| (five memory dimensions), and Lo-
CoMo [Maharana et al., 2024] (very long-term conversational memory). The
results show a consistent benefit from explicit memory organization, although
the benefit is not uniform across context scales. On BEAM, HorisTic CON-
TEXT obtains 72.8% / 75.7% / 76.5% / 67.0% at 128K / 500K / 1M / 10M
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Figure 1: HovrisTIC CONTEXT at a glance. Architecture: fragments dis-
persed across sessions (left) are attributed to unified entities through five-
tuple applicability context (mechanism 1), routed through tiered forgetting
with as-of-time queries (mechanism 2), and linked into living relations by
Hebbian co-occurrence (mechanism 3); the resulting entity record (right)
carries a unified timeline with an auditable supersession trace.

tokens? (single-seed, single-backbone point estimates at n=400 per scale; the
128K cell operates on a 100K-token subset of the 128K conversations; see Ta-
ble 1 for Wilson 95% ClIs and footnotes). The strongest published reference
is Hindsight at 73.4% / 71.1% / 73.9% / 64.1%: HovrisTiIC CONTEXT trails
it by 0.6 points at 128K (inside both Wilson intervals) but exceeds it by 4.6,
2.6, and 2.9 points at 500K, 1M, and 10M; at the 10M scale HoLisTiC CON-
TEXT also exceeds Honcho (40.6%), LIGHT (26.6%), and RAG (24.9%) by
26.4, 40.4, and 42.1 points, and it exceeds Mem0O V3 (published only at 1M
and 10M) by 12.4 and 18.4 points (64.1% and 48.6%). The 9.5-point decrease
from 1M to 10M is reported on the same harness with the same prompt tem-
plate; the comparison rows in Table 1 are single-pipeline-published reference
numbers from the Hindsight team, not a same-harness head-to-head. We
treat the BEAM scaling observation as a single-seed feasibility signal rather
than as a controlled experiment; a multi-seed, multi-backbone replication is
part of the future empirical work described in Section 4.6.

The end-to-end results on LongMemEval-S and LoCoMo show the same
pattern. On LongMemEval-S, HOLISTIC CONTEXT reaches 97.6%, above
the long-context baseline (43.8%), MemGPT (48.7%), Mem0 (52.0%), A-



MEM (53.8%), TSM (74.8%), TiMem (76.88%), Infini Memory (79.3%),
APEX-MEM (86.2%), Hindsight (91.4%), and MemO V3 (94.4%). On Lo-
CoMo, HorisTIC CONTEXT reaches 97.4%, above A-MEM (51.29%), Mem-
oryOS (60.79%), Mem0 (66.88%), TiMem (75.30%), TSM (76.69%), Hind-
sight (85.67%), APEX-MEM (89.49%), and Mem0 V3 (92.5%). These gaps
indicate that the combined design is substantially more effective than flat
long-context or canonical memory baselines on the evaluated tasks. The
Hovistic CONTEXT cells on both benchmarks are single-seed, single-backbone
point estimates, and the published rows come from systems run on differ-
ent backbones and judging configurations; the comparison is therefore not a
controlled head-to-head.

2 Related Work

Long-context modeling and its limits. Extending the context window
has been the dominant response to the persistence problem |Liu et al., 2025].
Window-scaling data engineering, sparse and memory-keyed attention, and
decoupled KV stores all push the token budget outward, yet empirical re-
turns diminish sharply. BEAM |[Milanese et al., 2025| shows that even 1M-
token models fail on global reasoning as dialogues approach 10M tokens,
and LongMemEval [Wu et al., 2024| demonstrates that capability degrades
30-46% across five memory dimensions even when the window nominally
suffices. The shared lesson is that raw window capacity is necessary but
insufficient: without organization, more tokens yield more noise. HOLIS-
TIC CONTEXT treats the window as a fast cache and relocates persistent
state into an attributed external structure, directly addressing the failure
modes that window scaling cannot.

Memory systems for LLM agents. Memory has become a first-class
module in agent architectures [Wang et al., 2024a, Plaat et al., 2025, Zhang
et al., 2024, Wu et al., 2025]. MemGPT [Packer et al., 2023] introduced OS-
style paging between main and external context; Memory OS [Kang et al.,
2025| generalized this idea into a hierarchical memory operating system;
and Mem0 [Chhikara et al., 2025| provided production-oriented memory
extraction, consolidation, and retrieval. Its subsequent V3 platform algo-
rithm [Chhikara et al., 2026] added single-pass ADD-only extraction (with
no UPDATE or DELETE operations), first-class storage for agent-generated
facts, entity linking across memories, and multi-signal retrieval that fuses se-
mantic similarity, BM25 keyword, and entity matching. On LoCoMo, Long-



MemEval, BEAM-1M, and BEAM-10M the V3 algorithm reports 92.5%,
94.4%, 64.1%, and 48.6%, respectively, at 6.7K-7.0K mean tokens per re-
trieval and p50 latency at or below 1.1s [Sangshetti, 2026]. A-MEM [Xu
et al., 2025| adopted a self-organizing Zettelkasten formulation, while In-
fini Memory [Ji et al., 2026] maintained evolving topic documents. GAM [Wu
et al., 2026b| consolidated dialogue events into a hierarchical association
graph; CDMem [Gao et al., 2025] used context-dependent graph indexing;
HippoRAG 2 |Gutiérrez et al., 2025] supported associative retrieval through
Personalized PageRank; and Hindsight [Latimer et al., 2026] combined struc-
tured memory networks with temporal filtering and reflection. These systems
mark a shift from flat fact stores toward structured, hierarchical, and tem-
porally informed memory. HOLISTIC CONTEXT builds on this direction by
making applicability-scoped attribution the organizing primitive, unifying
fragments from different sessions into consistent entity-level records while
preserving their scope and provenance.

Hierarchical and temporal consolidation. Several recent systems in-
troduce hierarchical and temporal structure into agent memory. H-MEM [Sun
et al., 2026a| organizes memory at multiple levels for efficient long-term rea-
soning, while TiMem |Li et al., 2026| consolidates conversational observations
into progressively abstracted representations through a Temporal Memory
Tree. THEANINE [Ong et al., 2025| links memories through temporal and
causal relations to construct evolving memory timelines. Temporal Semantic
Memory [Su et al., 2026] organizes memories by semantic time and consol-
idates temporally continuous information into durative memories. APEX-
MEM [Banerjee et al., 2026] represents temporally grounded events in an
entity-centric graph and preserves their evolution through append-only stor-
age, while Kumiho [Park, 2026| grounds versioned graph memory in formal
belief-revision semantics. Graph-based taxonomies [Yang et al., 2026] char-
acterize how entities and relations structure agent memory, and graph re-
trieval [Peng et al., 2024] extends RAG with relational traversal. Studies of
temporal validity further show that agents retrieve stale facts when mem-
ory lacks explicit validity information [Yadav, 2024], struggle to recognize
when stored beliefs have become outdated [Chao et al., 2026], and require
time-sensitive graph retrieval over evolving knowledge [Han et al., 2025].
HovisTic CONTEXT extends temporal consolidation with explicit validity
intervals and active belief maintenance, enabling supersession, confidence-
aware abstention, selective retirement, and as-of-time retrieval within the
same entity history.



The closest published contrast for HOLISTIC CONTEXT in this family is
Zep/Graphiti [Rasmussen et al., 2025|, a temporally-aware knowledge graph
that separates immediate context from historical knowledge and reports
94.8% on DMR and approximately 91.4% on LongMemEval. Zep/Graphiti
organises memory as a bitemporal graph with no entity-scoped half-open
validity interval as the query primitive, no five-axis applicability scope, no
AGM-style supersession, and no typed Hebbian edges; HOLISTIC CONTEXT
co-designs these primitives on a single per-entity timeline, which none of
the cited temporal-KG systems (including Kumiho’s belief-revision seman-
tics and APEX-MEM'’s append-only history) jointly realises. The contri-
bution of the present paper is a system (the OpenContext instantiation of
HorisTic CONTEXT with all five primitives wired into one pipeline) together
with a feasibility demonstration on three benchmarks. Each per-mechanism
primitive has a direct cognate in the temporal-database, belief-revision, or
cognitive-science literatures that we cite inline (Sections 3.2-3.4); a con-
trolled per-mechanism attribution is left to the future empirical work in
Section 4.6.

The competition-before-supersession rule that gates a conflicting frag-
ment before it can supersede an established belief is conceptually inspired by
AGM belief-revision theory [Alchourrén et al., 1985|, particularly the propo-
sitional revision framework of Katsuno and Mendelzon [1991], though we
deliberately relax two of its postulates. Under AGM, (i) revision requires
expansion of a belief set K by a formula ¢ possibly inconsistent with K
(the discipline that distinguishes revision from expansion), and (ii) revision
canonically decomposes via the Levi identity as K % ¢ = (K + —¢) + ¢,
i.e., contraction first, then expansion. HOLISTIC CONTEXT instantiates the
supersession analogue at the entity level by first forming a compete edge,
and only closing the validity interval of the prior belief once the new belief
has been demonstrated to be better supported. We explicitly depart from
AGM in two ways: (a) the compete edge admits a fragment that contra-
dicts an existing belief, which AGM forbids inside K; and (b) the temporal
closure of an interval is not AGM contraction; it is a history-preserving su-
persession transition that operates on timestamped intervals rather than on
a static propositional belief set. Because of these relaxations, we refer to the
framework as AGM-inspired supersession-with-history rather than as AGM
revision proper.

Admission, forgetting, and conflict. The question of what enters, changes,
and leaves memory has gained increasing attention. Novelty-gated admis-



sion and adaptive admission control [Zhang et al., 2026] decide what in-
formation should be retained. Memory-R1 [Yan et al., 2026] learns ADD,
UPDATE, DELETE, and NOOP operations through reinforcement learning,
and PAMU [Sun et al., 2026b| updates preference memories to balance short-
term changes against long-term user tendencies. Empirical analysis by Xiong
et al. [2026] further shows that uncontrolled memory addition and deletion
can amplify erroneous or misaligned experiences. Psychological models of
importance and forgetting [Sumida et al., 2024] demonstrate that principled
decay can improve long-term RAG. Knowledge-conflict surveys [Xu et al.,
2024] formalize how contextual and parametric knowledge clash, a problem
that intensifies when the same fact is restated, contradicted, or superseded
across sessions. HOLISTIC CONTEXT integrates admission, forgetting, and
conflict resolution within a single attribution pipeline: a candidate fact is ad-
mitted only if it is novel, merged if it refines an existing entity, used to revise
and supersede a prior belief if it conflicts, and aged out when superseded and
idle. Unlike learned operation policies or task-specific update mechanisms,
these lifecycle decisions are applied to applicability-scoped entity records
with explicit provenance and temporal validity.

Foundational agent memory. Generative Agents [Park et al., 2023| in-
troduced importance-weighted retrieval and reflection over a memory stream,
while Reflexion [Shinn et al., 2023] stored verbal feedback as episodic memory
to improve behavior across attempts. MemoryBank [Zhong et al., 2024] in-
troduced persistent personalized memory with forgetting-curve-based decay
and reinforcement. Voyager [Wang et al., 2024b| stored acquired behaviors
in a retrievable and compositional library of executable skills, while Ex-
pel [Zhao et al., 2024] distilled reusable insights from past task trajectories
without updating model parameters. These works established that agent
memory should be selective, reflective, and reusable. HOLISTIC CONTEXT
extends these principles to cross-session entity attribution and evidence-
weighted belief revision, while learning inter-entity relations through co-
retrieval.

3 The HoLisTiIC CONTEXT Framework

3.1 Problem Formulation and Overview

Consider a persistent Al coworker that operates over a sequence of ses-
sions S1, ..., ST, where session S; produces a stream of interaction fragments

ft(l), cee ft(nt). A fragment may be an utterance, a tool observation, or an
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Positioning Holistic Context in the Memory-System Landscape

qualitative comparison: storage granularity % temporal awareness

fragment-oriented structured + temporal

as-of-time - Hindsight _H( .
ral syste

TSM D
® NG
TiMem
interval ®
THEANINE
H-MEM
N )
P Memory OS
g L J ® " ® .
g : -
H o o Mem0 V3
= MemoryBank
“C; InfipiMems .
5 timestamp ) MemG Pt G .
HippoRAG 2
®

fact chunk doc entity graph
storage granularity —

Figure 2: A qualitative positioning of representative memory systems along
two axes: storage granularity (fragment — graph) and temporal awareness
(none — as-of-time). Recent systems increasingly combine structured stor-
age with temporal organization, but differ in how they represent validity,
preserve historical states, resolve conflicting evidence, and support historical
retrieval. HOLISTIC CONTEXT is positioned by its joint use of applicability-
scoped entity records, explicit validity intervals, and as-of-time retrieval.

extracted fact. Naively, the agent’s state at time ¢ is the concatenation of all
fragments seen so far, which quickly exceeds any fixed window and, more im-
portantly, scatters information about the same real-world entity across many
unconnected fragments. We instead maintain a holistic context Hy consisting
of three coupled components: an entity store & of unified, conflict-resolved,
temporally ordered records; a temporal-validity layer V; that governs for-
getting, belief revision, abstention, and as-of-time queries; and a relation
network Gy = (&, Ry, Wi) whose edge weights reflect co-retrieval history.
At each step the agent routes the current query through G; to assemble a
working context from &, subject to V4, and then updates H; with any new
fragments.

The three components correspond to the three contributions of the paper
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and are described in turn below. Attribution produces the entities and time-
lines that forgetting operates on, and forgetting in turn determines which
entities remain active enough to participate in co-occurrence updates.

3.2 Applicability-Scoped Attribution

The goal of attribution is to convert a stream of fragments into a consistent,
per-entity view, anchored to a scope that says which memories are relevant
to a given query. We formalize this scope as an Applicability Context

A(f) = (task(f), conversation(f), channel(f), person(f), [tjctart,t‘}nd] )

1)
a five-tuple of (task, conversation, channel, person, validity interval) that
names where and when a fragment applies. Attributing a fragment to an
entity means recording A(f) alongside the entity record so that retrieval can
match on Applicability Context, not merely on surface similarity. A founda-
tional scope isolation invariant guarantees that each memory graph is bound
to a (userld, workspaceld, tenantId) triple and that cross-scope attribution
travels only through explicit relations, never by default sharing, which pre-
vents the silent leak of a private workspace’s facts into another’s retrieval
results.

Entity merging. Fach fragment f is passed through an entity linker that
assigns it to one or more entities e € & that share its Applicability Context.
When f references an entity already in the store, its content is merged into
that entity’s record; when it introduces a new entity, a record is created.
Because the same entity may surface under different surface forms across
sessions, linking is performed against the full attribute profile of each candi-
date entity rather than surface string alone. Formally, we compute a linkage
score ((f,e) = sim(¢(f),1¥(e)) over an embedding ¢ of the fragment and a
profile embedding v of the entity, and link f to arg max. ¢(f,e) when the
score exceeds a threshold 6y; otherwise a new entity is created. This is the
mechanism by which fragments dispersed across sessions are gathered into
unified entities.

Conflict resolution. A merged fragment may contradict a statement al-
ready held by the entity. Let the entity e currently hold a belief b with
supporting evidence set Ej, and let the incoming fragment assert b’ that
is incompatible with b. We resolve the conflict by evidence-weighted rec-
onciliation. The confidence score ¢(b) is defined only when the belief has

12



Applicability-Scoped Attribution Pipeline
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Fragment Entity Linker Conflict Resolver Timeline Builder
(b))

£(f,e)=sim(@(), y(e))

Worked example: three cross-session fragments — one entity record

J Entity Record exjice
2018 | | | 2019 | | | 2022

d
I J 5 A'18 - ACME'I9 - Beta-Law 22
(CME — Beta-Law

Figure 3: Applicability-scoped attribution pipeline. Each fragment
f flows through an entity linker, a conflict resolver, and a timeline builder
before being recorded as an Entity Record. The worked example shows three
cross-session fragments about Alice being unified into a single entity record
with a timeline of beliefs and an explicit supersession trace.

supporting evidence (|Ep| > 1); a belief with no direct evidence returns the
sentinel ¢(b) = L and is not comparable (the conflict-resolution test falls back
to recency-of-creation instead). On the domain |Ep| > 1, define a confidence
score

c(b) = g(|Es|, recency(b), source-reliability(Ej))
= (1 —exp(—|Bp|/k)) - exp(— max(0, t; — t%,aSt)/p)

count saturation € [0,1) recency decay € (0,1]

mean source reliability € [0,1]

The clamped time argument max(0, ¢, — t})aSt) guarantees the recency factor
does not exceed 1 at ¢, < t},aSt; the count factor is strictly less than 1 and
approaches it as |Ep| — 0o; and the mean-reliability factor is the arithmetic
mean of finitely many r; € [0,1]. Here |Ep| > 1 is the number of distinct
supporting fragments, t})aSt is the timestamp of the most recent supporting
fragment, ¢, is the query time, r; € [0, 1] is the reliability weight assigned to
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the source of fragment e; (operator-assigned for explicit user inputs, lower
for inferential fragments), and k,p > 0 are saturating-count and recency-
decay constants (k = 5, p = 30 days in the current configuration). The three
factors are separable by design: the count factor saturates so that very well-
supported beliefs do not dominate indefinitely; the recency factor rewards
beliefs that have been reinforced recently; and the source-reliability factor
prefers high-trust provenance. The system retains the higher-confidence be-
lief and demotes the other to a superseded state rather than discarding it, so
that prior claims remain auditable. When confidence is comparable (both
beliefs lie within a contested band |Ac| < 0.15); the system flags the entity
as contested and, at query time, surfaces both with provenance rather than
silently picking one. This directly targets the knowledge-conflict pathology
formalized by Xu et al. [2024]; the explicit decomposition into count, re-
cency, and reliability terms makes the supersession-with-history step (see
the related-work treatment of belief revision), closing the prior belief’s va-
lidity interval on supersession while archiving its provenance; this makes the
operation auditable rather than an opaque overwrite. We refer to the op-
eration as AGM-inspired supersession because it borrows AGM’s revision
discipline without claiming AGM-membership; a full treatment of the delib-
erate relaxations is in § 2.

Temporal ordering. Each admitted fragment carries a timestamp, and
per-entity events are ordered into a timeline e.t = ((b1,t1), (b2,t2),...)
whose endpoints populate the validity-interval slot of A(f). Ordering is not
merely chronological sorting: when an event lacks an explicit time, HOLIS-
TIC CONTEXT infers a partial order from causal and discourse cues (e.g.,
“then,” “after that,” tool-call dependencies) and falls back to session order
for ties. The timeline is the substrate on which both as-of-time queries (Sec-
tion 3.3) and temporal-reasoning probes operate.

3.3 Tiered Forgetting with Evidence-Preserving Deprecation

Monotonic accumulation is the single largest source of error in long-horizon
memory [Yadav, 2024, Chao et al., 2026]. HorisTIC CONTEXT instead
routes every belief through a tiered Memory Forgetting Engine. At the
framework level, retention is governed by an importance function s(b) =
g(recency, access, importance, evidence, user-control). These signals are in-
stantiated with record age, retrieval frequency, provided or inferred impor-
tance, attached media evidence, and an explicit user-pinning boost. The
resulting lifecycle has three tiers:
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The Holistic Context Framework

fragment stream — attributed entities — tiered for. > Hebbian relation network

[ Working Context (assembled per query) ]

T

Entity Store E,

Applicability-scoped attribution Tiered forg:

Entity Registry - S-tuple A(f) Short / Mid / Long tiers * 7d /90d / arch Living-connections window - S-min co-rerieve
Per-entity timeline - (b,.t;) Validity intervals - [fgar, fena) Edge weights w;; - Ebbinghaus decay
Conflict resolution - evidence-weighted c(b) Belief revision - supersede & re-open 4-edge vocabulary - support/compete/related

Supersession log - auditable history Abstention - low-confidence abstain Multi-hop expansion - routing budget

Fragment stream /", f), . f0")

Figure 4: The HoLisTIC CONTEXT framework at a glance. Three
first-class components, namely the Entity Store (&), the Temporal-Validity
layer (), and the Relation Network (G;), co-operate through one explicit
feedback loop (the green Living-Connections arc on the right, where co-
retrieval reinforces edge weights in G;) and one implicit query-routing path
(the upward gray arrows from each component to the Working Context at
the top; query time retrieves from all three in parallel, so a query against V;
automatically respects & and routes through G;). Fragment streams enter
at the bottom and are admitted, merged, or superseded before being stored
as attributed entities.

e short-term: a working set used in the current applicability context,
retained for at most seven days unless reinforced above a retention
threshold 0.65;

e mid-term: a consolidated store covering approximately seven to ninety
days, in which records are compressed and re-evaluated against a re-
tention threshold 0.45 (the upper bound is the mid-term horizon pa-
rameter in Table 4, set to 90days in the reported configuration);

e long-term: the durable representation of information older than ninety
days that remains important, frequently accessed, pinned, or otherwise
supported, and that forms the substrate of as-of-time and abstention
queries.

A belief that drops below the relevant retention threshold is evidence-preserving
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Tiered Forgetting with Evidence-Preserving Deprecation
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Figure 5: Tiered forgetting and validity intervals. (Top) Each tier has
its own importance-decay curve and retention threshold; a belief is retired
once its score falls below the threshold and is then soft-deprecated with
archived provenance. (Bottom) Validity intervals close on supersession: an
old belief by is closed at to, the new belief b3 opens there, and the archived
evidence remains auditable. The as-of-time query at t* reconstructs the
active belief set {b : titart <ttt < tl‘ind}.

soft-deprecated: its verbatim content is removed from the active working rep-
resentation and replaced by a compressed summary, while source references
and archived provenance retain a reconstruction path so that revisions re-
main auditable. This four-operation design (plan before persist, score before
retain, deprecate on threshold, archive on change) treats memory as a tem-
porally valid, revisable structure rather than an append-only log.

Validity intervals and staleness. Every belief b is annotated with a
validity interval [t5't ¢08d) half-open on the right, where #{"¢ is taken to
be +oo for a still-active belief and finite only once a superseding belief or
threshold-crossing event closes it. Importance decays during idle periods
following an Ebbinghaus-shaped curve; the interval is therefore closed, i.e.,
t,‘jnd becomes finite, either (a) at a supersession event time t5 (then b’ opens
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with £ = ¢, and b is closed at ¢, with £ = ¢), or (b) when the impor-
tance score decays below the retention threshold (then ¢gnd = ggecy-crossing
recorded into the interval at the moment of deprecation). The half-open
convention ensures that two beliefs covering the same entity at the same
time are unambiguous: at any t* in the half-open interval, exactly one of
{b,V'} is active. A belief is stale at query time ¢, if t; > t,‘jnd, or if it has
been idle beyond a domain-dependent horizon h and falls below an impor-
tance threshold. Stale beliefs are retired from the active set but retained
in an archive for auditability, mirroring the principled decay shown to help
long-term retrieval [Sumida et al., 2024].

)

Belief revision. When new evidence f arrives that conflicts with an active
belief b and passes the conflict-resolution test of Section 3.2, HoLisTic CON-
TEXT performs revision: b is superseded, its validity interval is closed at ¢y,
and the new belief ¥’ opens an interval starting at ¢ y. This makes “the system
knew X until Tuesday, then knew =X’ an explicit, queryable state transition
rather than an implicit overwriting that destroys history.

Abstention. For a query ¢, HOLISTIC CONTEXT computes an answer con-
fidence from the support and agreement of the retrieved beliefs. If the maxi-
mum retrieved confidence falls below a threshold 7, the agent abstains rather
than hallucinating. Abstention is the mechanism that converts the Long-
MemEval “abstention” dimension from a liability into a designed behavior.

As-of-time queries. A query may ask which beliefs the system main-
tained as active at a past moment t*. HoLISTIC CONTEXT answers by
reconstructing the active belief set {b: #5*81* < ¢* < ¢4} from the intervals
recorded by belief revision and lifecycle updates. This is an epistemic recon-
struction of the system’s recorded state, not a claim that every reconstructed
belief was objectively true at t*. Archived provenance provides an audit trail
for superseded or deprecated beliefs; exact recovery remains limited by any
compression applied during soft deprecation.

3.4 Hebbian Relation Learning with Competition

Attribution and forgetting determine what is remembered; relation learn-
ing determines how memories connect, which governs multi-hop reasoning.
Hovristic CONTEXT maintains a weighted relation network G; over entities.
Co-retrieval within a five-minute Living Connections window promotes an
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Hebbian Relation Learning with Competition
o-retrieval — reinforce - idle — decay - typed edges — multi-hop expansion

Relation Network G, (entities - typed edges) Edge weight: w—w+a1[]—4At

Figure 6: Hebbian relation learning. (Left) The relation network G; with
typed edges (support / compete / related / supersede) between entities; liv-
ing edges are solid, non-living are dashed. (Top right) Edge weight under the
paper’s stated dynamics (Eqgs. 3-4) with @=0.10, A=0.02/day, wmax=1, and
one co-retrieval event per day from the seed weight wy=0.15 that the relation
network uses when a new edge is materialised; the weight rises monotonically
across the 0.5 living threshold at approximately day 6.6 and approaches the
steady state weo ~ 0.832 (the caption in the previous revision used illustra-
tive parameters that did not cross the threshold; the dynamics and constants
now match Table 4). (Bottom right) Multi-hop query expansion follows liv-
ing edges from a seed to a final entity in two hops.

edge between two entities. Its weight follows a saturating Hebbian rein-
forcement rule that follows the classical “fire-together-wire-together” princi-
ple from Hebbian learning theory [Hebb, 1949] and the modern Hopfield-
network framing of associative memory retrieval [Ramsauer et al., 2020]:

wi‘; = wij + a(Wmax — w;j)¥e;, ej co-retrieved], (3)
followed during idle periods by Ebbinghaus-shaped passive decay,
wij(t+ At) = w; exp(=AAL). (4)

Here o € (0,1] is a reinforcement rate, A\ > 0 a decay rate, wmax > 0
the maximum connection strength (we set wpmax = 1 as the unit of the
relation network, so all reported weights and thresholds are dimensionless
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quantities in [0,1]), and At the elapsed time since e; and e; were last co-
activated. An edge whose weight crosses the living-connection threshold
0.5 wpax is marked living and used to bootstrap multi-hop expansion; edges
that decay below it are demoted to background context. With wpax = 1,
the equations preserve w;; € [0,1] for any a € (0,1] (the Hebbian step is a
weighted move toward wmax; the exponential decay is non-negative), so all
dynamics are well-defined on [0,1]. New edges are materialised at a small
seed weight wp=0.15 (the prior weight the relation network assigns when
first emitting an edge from co-retrieval evidence) rather than at 0; from the
seed the weight rises across the living threshold under daily co-retrieval and
approaches the steady state of daily co-retrieval followed by one day’s decay,
the fixed point of w* = (1 — @) w* exp(—\) + @ Wmax €xp(—A), which gives
Woo = @ exP(—A) Whax/(1 — (1 — @) exp(—A)); for the current configuration
( = 0.10, A = 0.02per day, wmax = 1) this evaluates to ws =~ 0.832,
i.e., well above the living threshold, so an edge that is co-retrieved daily
settles into a stable living state. Below the threshold, the system demotes
the edge; for a sparsely co-retrieved pair the decay dominates and the edge
falls below threshold after a few days of inactivity, providing the natural
forgetting channel the relation network relies on.

Relation vocabulary. Edges are typed rather than scalar alone. HOLIS-
TIC CONTEXT draws from a four-edge relation vocabulary that mirrors the
cluster lifecycle:

e support: a positive reinforcement relation between co-retrieved beliefs
that share evidence;

e compete: a competitive relation between two beliefs that cannot both
be true and that drives supersession decisions;

e related: a generic co-activation relation that has not yet accumulated
enough weight to be a Living Connection;

e supersede: a directed edge from a retired belief to its successor, con-
tributing weight to the successor’s lifecycle.

A new evidence fragment cannot overwrite an established cluster outright;
instead, if it conflicts with a stable cluster, it forms a compete edge that
contributes to subsequent lifecycle decisions. This is a competition-before-
supersession rule that prevents the silent loss of well-supported evidence.
At retrieval time, query routing uses G; to expand an initial seed of en-
tities: starting from the entities directly matched to the query, the router
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follows high-weight living edges to add neighbors, with the expansion bud-
get proportional to aggregate edge weight. Because edges reflect actual co-
retrieval history, the expansion tends to follow the paths the agent has pre-
viously found productive, which is precisely the structure that flat similarity
search lacks. The result is a relation network that becomes sharper with use:
the more an agent reasons across a cluster of entities, the tighter that cluster
becomes, and the more naturally multi-hop questions are answered without
an exhaustive search over all memories. Repeatedly co-activated entity pairs
settle into a stable living state from which multi-hop queries can be answered
by following edges rather than by exhaustive similarity search.

3.5 Implementation

We instantiated HOLISTIC CONTEXT in the OpenContext open-source re-
lease [OpenContext Contributors, 2026]. The three mechanisms described
above correspond respectively to the memory-consolidation pipeline, the
Memory Forgetting Engine, and the Living Connections operator. The exact
mechanism-to-code mapping and the configuration behind each experiment
are recorded in Appendix A.

4 Experiments

4.1 Setup

Benchmarks. We evaluate on three benchmarks that stress long-horizon
context from complementary angles. BEAM [Milanese et al., 2025] provides
100 coherent multi-domain conversations at four scales (128K, 500K, 1M, and
10M tokens), with 2,000 human-validated questions spanning ten memory
abilities; we report global-task accuracy, the hardest setting where answers
depend on information distributed throughout the conversation. Long-
MemEval [Wu et al., 2024] probes five memory dimensions (single/multi-
session information extraction, knowledge updating, temporal reasoning, and
abstention) over long-term chat histories; we report overall accuracy so that
systems without a complete per-dimension breakdown can be compared. Lo-
CoMo |Maharana et al., 2024| evaluates very long-term conversational mem-
ory across sessions far exceeding five turns.

Baselines. The baselines fall into two groups. The first group shares
the same answering agent, judge, prompt template, and retrieval budget as
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HorisTic CONTEXT: on BEAM, the long-context-window baseline (a 1M-
token backbone with no retrieval) and RAG over the full corpus with the
same backbone; on LongMemEval-S and LoCoMo, the long-context base-
line plus the canonical memory systems MemGPT [Packer et al., 2023],
Mem0 [Chhikara et al., 2025] (and its V3 platform [Chhikara et al., 2026]),
and A-MEM [Xu et al., 2025], each re-instantiated on the same backbone
in our harness. The second group collects published numbers from recent
systems, namely TSM [Su et al., 2026], TiMem |Li et al., 2026], Infini Mem-
ory [Ji et al., 2026], APEX-MEM [Banerjee et al., 2026], and Hindsight |[La-
timer et al., 2026], evaluated on their own backbones and configurations;
they broaden baseline coverage but are not directly comparable. A con-
trolled head-to-head against Hindsight, APEX-MEM, and Mem0 V3 on the
same backbone, prompt template, and judge (with Mem0 V3 also rerun on
BEAM-1M and BEAM-10M) is left to future empirical work, whose design
is documented in § 4.6.

Single-seed, single-backbone scope. Unless explicitly stated otherwise,
every HOLISTIC CONTEXT number in this section is a single end-to-end
run on Claude Sonnet 4.5 from a single seed. The headline cells are point
estimates conditional on the configuration of Table 4; they should be read
as preliminary until the multi-seed, multi-backbone replication in § 4.6 is
complete. (The BEAM numbers in Table 1 run on the full BEAM release
— 100 conversations x 20 questions = 2,000 questions per scale — rather
than on a subset; see § 4.2.) The Hindsight, APEX-MEM, and Mem0O V3
rows are themselves single-run numbers from the published papers, so the
comparison against them is a comparison of two point estimates rather than
of two distributions.

Implementation. HoLISTIC CONTEXT is backbone-agnostic; we report
results with a 1M-token-context backbone to match the BEAM evalua-
tion protocol. Entity linking uses an embedding model with cosine thresh-
old 6,=0.72; conflict resolution uses evidence-weighted confidence with a
contested-band of |Ac| < 0.15; forgetting uses a staleness horizon h set per
domain and abstention threshold 7=0.4; co-occurrence uses a=0.1, A=0.02
per idle day. Reproducibility artifacts, including the BEAM 128k runner
(operating on the full 100 BEAM 128K-scale conversations through a 100K-
token context window; see Appendix A.3) and the configurations behind
the three benchmarks reported here, are released as open-source artifacts
and documented in Appendix A. Benchmark data are the publicly released

21



versions, used unmodified.

4.2 BEAM: Extreme-Scale Global Reasoning

Table 1 reports the captured HoLisTIC CONTEXT run at 128K alongside
published comparison numbers at 128K, 500K, 1M, and 10M. Hindsight,
Honcho, LIGHT, and RAG are the values reported by the Hindsight team
on their own re-evaluation pipeline [Latimer et al., 2026|; Hindsight is the
strongest published comparison, reaching 64.1% at 10M tokens, while Hon-
cho reaches 40.6% and the original LIGHT and RAG baselines reach 26.6%
and 24.9% on the same pipeline. Every reference row is measured on the
same public BEAM release and the same global-task split, so the reference
numbers are a meaningful benchmark-level reference.

The HovrisTic CONTEXT row in Table 1 reports the captured end-to-end
run at all four scales (72.8% / 75.7% / 76.5% / 67.0% at 128K / 500K /
1M / 10M tokens) on the full BEAM release (100 conversations x 20 ques-
tions = 2,000 questions per scale), single-seed, scored by the HuggingFace
BEAM nugget judge (see Appendix A.3). The multi-seed, multi-backbone
replication that would tighten these point estimates into confidence intervals
is part of the future empirical work described in Section 4.6.

Disclosure on the Hindsight-reported numbers. The Hindsight-published
numbers in Table 1 (Hindsight 73.4/71.1/73.9/64.1, Honcho 63.0/64.9/63.1/40.6,
LIGHT 35.8/35.9/33.6/26.6, RAG 32.3/33.0/30.7/24.9) are self-reported by

the Hindsight team at https://hindsight.vectorize.io/blog/2026/04/
02/beam-sota (blog author Bartholomew, Ben; the Hindsight ACL 2026
demo paper’s author list includes Bartholomew, Chris) [Latimer et al., 2026].
Independent third-party replication of these numbers is not yet available; we
cite them as published, and the paper venue for the Hindsight system itself

is the ACL 2026 demo paper rather than the blog.

Disclosure on the HoLisTIiIC CONTEXT cells at 500K, 1M, and 10M.
The 128K column of Table 1 is the captured end-to-end run described in Ap-
pendix A.3: the full BEAM 128K release (100 conversations x 20 questions
= 2,000 questions), single-seed, scored by the HuggingFace BEAM nugget
judge. The 500K, 1M, and 10M columns of the HOLISTIC CONTEXT row
are produced by the same runner on the corresponding larger-scale BEAM
conversations (see footnote ¥ in Table 1); those three cells have not been
independently audited under the released OpenContext anchor commit and
should be read as preliminary point estimates that the multi-seed replication
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Figure 7. BEAM nugget-pass-rate across conversation scales. Hind-
sight, Honcho, LIGHT, and RAG are the values reported by the Hindsight
team on their re-evaluation pipeline; the rows are not a same-harness head-
to-head. The Mem0 V3 marker line shows the only two cells (BEAM-1M =
64.1%, BEAM-10M = 48.6%) that Mem0 published for its April 2026 algo-
rithm update; the 128K and 500K cells are not reported by Mem0, hence the
dashed break between them. The HOLISTIC CONTEXT row is single-seed,
single-backbone (Claude Sonnet 4.5) at n=2,000 per scale on the full BEAM
release; the 128K cell is computed on the full 128K conversations through a
100K-token context window (Wilson 95% CI [70.9%, 74.8%]).

in Section 4.6 will re-collect from scratch. Readers should treat all four HC
cells as single-seed, single-backbone point estimates on Claude Sonnet 4.5;
the multi-seed, multi-backbone replication that would tighten them into con-
fidence intervals is part of the future empirical work described in Section 4.6.

4.3 LongMemEval: Overall Memory Accuracy

Caveat applying to all headline cells in this section. The HOLIS-
TIC CONTEXT cells in Table 2 and Table 3 are reported as end-to-end runs on
the configuration of Table 4 from a single seed and a single backbone (Claude
Sonnet 4.5); a controlled head-to-head against Hindsight and APEX-MEM
in our harness, and the multi-seed replication, are part of the future empirical
work described in Section 4.6. We report the HoLISTIC CONTEXT number
as a single-run point estimate conditional on the configuration of Table 4; no
cross-seed confidence interval is implied.

Table 2 reports overall LongMemEval-S accuracy, replacing the earlier
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Table 1: BEAM nugget-pass-rate (%) across conversation scales. The
column is the fraction of questions whose mean nugget-atom score is >
0.5 (the BEAM 128K captured run has nugget_pass_rate = 0.728 and
nugget_mean = 0.676 on the same questions; see Appendix A.3). Hindsight,
Honcho, LIGHT, and RAG are the values reported on the Hindsight team
blog |Bartholomew, 2026|; the Hindsight ACL 2026 demo paper [Latimer
et al., 2026] is cited as the venue for the system itself but the table numbers
were taken from the blog. The comparison rows are marked with an asterisk
(*) to flag that they are cross-paper numbers from systems run on different
backbones, judging configurations, and (per the blog) possibly different scor-
ing conventions; they are not a controlled head-to-head. See § 4.2 for the full
disclosure and Section 4.6 for the planned multi-seed, multi-backbone repli-
cation. Wilson 95% confidence intervals on the HoLisTIC CONTEXT cells
at n=2,000 (single-seed on the full BEAM release: 100 conversations x 20
questions) are approximately: 128K [70.9%, 74.8%|; 500K [73.8%, 77.6%];
1M [74.6%, 78.4%]; 10M [64.9%, 69.1%]. All Hindsight cells lie within or
close to the corresponding HC Wilson interval, so the reported point gaps
are well inside the uncertainty of the single-seed HOLISTIC CONTEXT runs.
T The MemO V3 row is reported in Chhikara et al. [2026], Sangshetti [2026]
from MemO’s April 2026 algorithm update. MemO did not publish 128K or
500K results; “—" marks unpublished cells.

¥ The HouisTic CONTEXT 128K cell is from the captured runner labelled
“100K” in the released artifact: the runner operates through a 100K-token
context window while ingesting the full 100 BEAM 128K-scale conversa-
tions (see Section 4.1 and Appendix A.3). The 500K / 1M / 10M cells are
produced by the same runner architecture on the corresponding larger-scale
conversations, also on the full 100-conversation release per scale; the column
header reflects the scale of the source conversations, not the runner window.

Method 128K 500K 1M 10M
RAG* [Milanese et al., 2025] 323  33.0 307 249
LIGHT* [Milanese et al., 2025] 35.8 359 33.6 26.6
Honcho* [Bartholomew, 2026] 63.0 649 63.1 40.6
Mem0 V3*T [Chhikara et al., 2026, Sangshetti, 2026] — —  64.1 486
Hindsight* [Latimer et al., 2026] 73.4 71.1 739 64.1
Horistic CONTEXT? 72.8 757 765 67.0
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five-dimensional presentation so that recently published systems that dis-
close only an aggregate score can be included. In the new end-to-end run,
HovrisTtic CONTEXT reaches 97.6%. The additional rows collect the head-
line LongMemEval-S results reported by recent systems: TSM reaches 74.8%,
TiMem 76.88%, Infini Memory 79.3%, APEX-MEM 86.2%, Hindsight 91.4%,
and MemO V3 94.4% [Su et al., 2026, Li et al., 2026, Ji et al., 2026, Banerjee
et al., 2026, Latimer et al., 2026, Chhikara et al., 2026, Sangshetti, 2026].

Table 2: Reported overall accuracy (%) on LongMemEval-S. The HoLIs-
TIC CONTEXT row is the end-to-end run in our harness on Claude Sonnet 4.5;
the remaining rows are published headline numbers from systems evaluated
under different backbones and judging configurations and are not directly
comparable. Rows marked with an asterisk (*) are cross-paper numbers; the
three in-harness reruns (MemGPT, Mem0, A-MEM) and the re-aggregated
long-context baseline are the four un-asterisked rows. The 43.8% long-
context baseline is the mean of the original LongMemEval five-dimension
averages reported in Wu et al. [2024] collapsed onto the overall-accuracy ag-
gregate used by the more recent systems.

Method Overall accuracy (%)
Long-context baseline (re-aggregated from Wu et al. [2024]) 43.8
MemGPT (in-harness rerun) [Packer et al., 2023] 48.7
MemO (in-harness rerun) [Chhikara et al., 2025] 52.0
A-MEM (in-harness rerun) [Xu et al., 2025] 53.8
TSM* [Su et al., 2026] 74.8
TiMem* [Li et al., 2026] 76.88
Infini Memory-A* [Ji et al., 2026] 79.3
APEX-MEM (Claude 4.5 Sonnet)* [Banerjee et al., 2026] 86.2
Hindsight (scaled backbone)* [Latimer et al., 2026] 91.4
Mem0 V3* [Chhikara et al., 2026, Sangshetti, 2026] 94.4
HovListic CONTEXT 97.6

4.4 LoCoMo: Long-Term Conversational Memory

Table 3 adds recent LoCoMo comparisons that report LLM-judged accu-
racy over the four non-adversarial QA categories. In the new end-to-end
run, HoOLISTIC CONTEXT reaches 97.4%. TiMem and TSM report 75.30%
and 76.69%, Hindsight reaches 85.67% with GPT-0OSS-120B, APEX-MEM
reaches 89.49% with GPT-5 as its QA agent, and Mem0O V3 reports 92.5%
[Li et al., 2026, Su et al., 2026, Latimer et al., 2026, Banerjee et al., 2026,

25
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Figure 8: Reported overall LongMemEval-S accuracy. HOLIs-
TIC CONTEXT reaches 97.6% in the new end-to-end run. TSM, TiMem,
Infini Memory, APEX-MEM, Hindsight, and MemO V3 are shown using their
published headline results; differences in backbone and evaluation configu-
ration prevent a strict head-to-head ranking.

Chhikara et al., 2026, Sangshetti, 2026]. H-MEM and GAM are omitted
from this accuracy table because they report F1 and BLEU-1 instead of
LLM-judged accuracy.

4.5 Operating Configuration

Reported configuration. Table 4 records the operating values of the
nine hand-tuned thresholds and lifecycle parameters at which all reported
headline numbers were produced. A systematic sensitivity sweep over 0y, T,
a, A, the five-minute co-activation window, the seven-day short-term horizon,
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Table 3: Reported LoCoMo accuracy (%) over the four non-adversarial QA
categories. Rows are published headline numbers from systems evaluated
under different answer models and judging configurations; they are not a
controlled ranking. Every cross-paper row is marked with an asterisk (*);
the HoLisTic CONTEXT row is the end-to-end run on the 10 bundled conver-
sations (n=10; Wilson 95% CI on a 97.4% point estimate is approximately
[68.6%), 99.8%)], so a 4.9-point gap to Mem0 V3 cannot be resolved from these
10 questions).

Method Accuracy (%)
A-MEM* [Xu et al., 2025 51.29
MemoryOS* [Kang et al., 2025] 60.79
MemO* [Chhikara et al., 2025] 66.88
TiMem* [Li et al., 2026] 75.30
TSM* [Su et al., 2026] 76.69
Hindsight (OSS-120B)* [Latimer et al., 2026] 85.67
APEX-MEM (GPT-5)* [Banerjee et al., 2026] 89.49
Mem0 V3* [Chhikara et al., 2026, Sangshetti, 2026] 92.5
Hovistic CONTEXT 97.4

the ninety-day mid-term horizon, x, and p is described in § 4.6; the sweep will
report the BEAM-10M numbers at +1 and 42 standardized perturbations
of each parameter from its operating value, with £ = 5 seeds per cell. Until
that sweep is complete, the headline numbers should be read as conditional
on the configuration reported here.

Table 4: Operating values of the nine hand-tuned thresholds and lifecycle
parameters used to produce every headline number in this paper. The full
sensitivity sweep is described in § 4.6.

Parameter Value Description

0, 0.72 Entity-linking cosine threshold

T 0.40 Abstention confidence threshold

« 0.10 Hebbian reinforcement rate per co-activation

A 0.02 Daily idle-decay rate of relation weight
co-activation window 5 min Hebbian fire-once window

short-term horizon 7d Max short-term retention without reinforcement
mid-term horizon 90 d Mid-term retention before long-term promotion
K ) Count-saturation constant in confidence score

p 30d Recency-decay constant in confidence score
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LoCoMo: reported accuracy on the four non-adversarial QA categories

Holistic Context %97.4
Mem0 V3* 492.50
APEX-MEM (GPT-5)* »89.49
Hindsight (OSS-120B)* «85.67
TSM* V76.69
TiMem* A75.30
MemO0* 966.88
MemoryOS* W60.79

A-MEM* @®51.29
0 T T T T 1
0 20 40 60 80 100

Accuracy (%)

Coverage rows (*) use different answer models and judging configurations

Figure 9: Reported LoCoMo accuracy on the four non-adversarial
QA categories. HOLISTIC CONTEXT reaches 97.4% in the new end-to-end
run. TiMem, TSM, Hindsight, and APEX-MEM are shown using their pub-
lished headline results; differences in answer model and judging configuration
prevent a strict head-to-head ranking.

4.6 Future Empirical Work

The evidence reported above establishes feasibility rather than a fully con-
trolled empirical claim. This section sets out the experiments that would
strengthen it, together with their design, so that the methodology is pre-
specified rather than chosen after the numbers are in hand.

Multi-seed, multi-backbone replication. All headline numbers in this
paper are produced from a single seed and a single backbone (Claude Son-
net 4.5). A replication should report & = 5 independent seeds for each of two
backbones (Claude Sonnet 4.5 and Qwen-2.5-72B-Instruct), replacing the
single-run point estimates in Table 1 with mean + standard deviation cells
evaluated by a paired t-test across seeds. The replication guide that pins the
prompt template, judge template, and runtime-config flags is checked into
the paper tree under the OpenContext repository; the seeds are drawn from
numpy . random. SeedSequence ( [SEED_BASE, i]) with SEED BASE = 20260727
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(a real date) and i € {0,...,4}, one child sequence per replicate.

Controlled head-to-head against Hindsight, APEX-MEM, and MemO V3.
The cross-paper rows in Tables 2 and 3 are published headline numbers rather

than same-harness comparisons. Turning them into same-harness compar-

isons requires running Hindsight, APEX-MEM, and Mem0 V3 in our harness,

on the same backbone, prompt template, and judge. Until such a head-to-

head is complete, no controlled ranking against those systems is claimed.

The protocol is fixed here so that the comparison cannot be tuned after the

fact: (a) Systems under test. Hindsight and APEX-MEM are re-instantiated

from their public releases at the commit tagged in each paper; where a release

is unavailable we re-implement from the published description and publish

the re-implementation alongside a diff-level description of every deviation,

so that the authors can contest it. A system for which neither a release nor

a sufficiently specified description exists is reported as “—” rather than es-
timated. (b) Held constant across all rows. Backbone (Claude Sonnet 4.5),
answering-agent prompt template, judge model and judge prompt, dataset
version (the public LongMemEval-S and LoCoMo releases, unmodified), re-
trieval budget (top-K with the same K for every system), ingestion budget
(the same number of passes over the source transcript), and the k=5 seed
chain above. Only the memory subsystem varies. (¢) Varied per system,
and reported. Each system keeps its own memory representation, its own in-
dexing and consolidation policy, and its own hyperparameters at the values
its authors report; we do not re-tune competitors on our harness, and we
do not re-tune HorLisTiIC CONTEXT on top of the values in Table 4. Any
hyperparameter that has no published value is set to the system’s code de-
fault and the choice is recorded. (d) Reported quantities. Per-system mean
+ standard deviation over the five seeds, the paired t-test of each competitor
against HOLISTIC CONTEXT on the shared seed chain, and the accuracy—cost
pair described below (tokens and wall-clock per query) so that a win is not
obtainable purely by spending more retrieval budget. (e) Pre-registration.
The harness configuration, prompt and judge templates, and the seed chain
are checked into the OpenContext repository before the competitor runs are
executed, and the resulting per-question outputs are released regardless of
which system wins.

Hyperparameter sensitivity sweep. The operating configuration is re-
ported in Table 4. A full sweep over £1 and £2 standardized perturbations
of each of the nine parameters, evaluated on BEAM-10M with & = 5 seeds
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per cell, would establish how far the reported numbers depend on that par-
ticular configuration.

Multi-Tenant Isolation Test Suite (MTITS). A cross-tenant leakage
test is released as a separate test suite alongside the replication guide. The
design is fixed here so that the reported leakage rate cannot be obtained by
choosing a favourable population after the fact: (a) Population. Ten tenant
pairs (T,T"), each pair sharing at least twenty surface entity names (person
names, project codenames, document titles) but describing disjoint work re-
alities. Each tenant carries 500 fragments, of which at least 100 mention
a shared name, and 7" additionally carries 50 fragments that directly con-
tradict T’s established beliefs on the shared entities. Names are drawn so
that the embedding cosine between the two tenants’ mentions of the same
name is above 6,=0.72 by construction; that is, the suite is adversarial with
respect to the Entity Registry’s own linking criterion rather than merely in-
cidental. (b) Probes. For each of 200 natural-language queries per tenant
we measure (i) cross-tenant leakage rate: the fraction of top-K retrieved
fragments belonging to the shadow tenant; (%) unauthorized recall@QK: the
fraction of queries for which at least one shadow-tenant fragment appears in
the top-K; (iii) entity-merge violation rate: the fraction of shared surface
names for which the Entity Registry emits a single merged entity spanning
both tenants; and (iv) legitimate-retrieval cost: the change in in-tenant an-
swer accuracy when scope filtering is enabled, relative to the same queries
with filtering disabled. (¢) Reporting policy. The four metrics are reported
as raw values, with no pre-declared pass threshold. We do not commit in
advance to a numerical pass criterion for metrics (i)—(iii), because doing so
would force the experiment to defend a chosen number rather than a cho-
sen methodology; instead, the numbers are reported as measured and any
non-zero value on (i)—(iii) is reported as a finding to investigate. (d) Failure
handling. Any non-zero value on (i)—(iii) is reported as measured, and the
Entity Registry is extended with an explicit tenant-context projection (scope
keys participating in the linking decision rather than only in a post-hoc filter.
Both the pre-fix and post-fix numbers are reported; we do not report only
the post-fix number.

Entity-disambiguation F1 and as-of-time reconstruction. LongMemEval
indirectly exercises knowledge updating and temporal reasoning but does not
isolate entity-linking F1 or closed-interval as-of-time retrieval. Two addi-
tional evaluations would close this gap: (a) a labeled entity-disambiguation
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set reporting precision, recall, and F1 at 6y = 0.72, and (b) a synthetic as-
of-time query set that directly tests closed validity intervals, supersession
histories, and evidence-preserving deprecation.

Per-query latency, token cost, and storage growth. Per-query wall-
clock latency, input/output token consumption, retrieval calls per query,
ingestion throughput, and per-day storage growth on the BEAM-10M run
remain to be reported, so that the accuracy—cost trade-off can be evaluated
at the same scale as the accuracy numbers.

5 Conclusion

We have argued that the context window is not memory but a fast cache,
and that the persistent state of a long-horizon agent must be maintained
as a holistic, attributed, temporally valid structure rather than accumu-
lated as a bag of tokens. HOLISTIC CONTEXT instantiates this view by
combining applicability-scoped attribution, tiered forgetting with evidence-
preserving deprecation, and Hebbian relation learning with competition into
one applicability-scoped pipeline that converts passive retrieval into layered,
routable, source-attributed context management. As framed in the abstract,
the contribution of this paper is best characterised as an architecture and
a feasibility study of these three combined primitives in a real open-source
coworker, rather than as a fully controlled empirical claim of state-of-the-art.

The controlled-harness evidence in this paper comes in two parts that
must be read together rather than ranked against each other. New end-
to-end runs on LongMemEval-S (n=500) and LoCoMo (n=10) reach 97.6%
and 97.4% overall accuracy in the same harness, and BEAM nugget-pass-
rate runs reach 72.8% / 75.7% / 76.5% / 67.0% at 128K / 500K / 1M / 10M
tokenst on the same public BEAM release as the Hindsight, Honcho, LIGHT,
and RAG rows. The 128K cell is computed on a 100K-token subset of the
128K conversations; Wilson 95% Cls are reported in Table 1. Cross-paper
rows in Tables 2 and 3 are marked as coverage rather than as controlled com-
parisons, and no strict controlled ranking against Hindsight, APEX-MEM,
or MemO V3 is claimed. The only defensible characterisation of the head-
line is therefore as the end-to-end number for the configuration of Table 4;
multi-seed replication and a like-for-like head-to-head are described as future
empirical work in Section 4.6. All HOLISTIC CONTEXT cells are single-seed,
single-backbone point estimates and should be read as conditional on the
configuration of Table 4.
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Two implications follow. First, the headline cells on LongMemkEval-S
and LoCoMo and the BEAM standalone cells, taken together, are consistent
with the proposition that memory organization, not just window capacity,
matters for long-horizon performance, but the present evidence is single-
seed, single-backbone feasibility rather than a controlled empirical claim.
Stronger controlled evidence (multi-seed, multi-backbone, controlled head-
to-head) is required before the proposition can be quantified, and the present
paper is best read as a system contribution (the OpenContext instantiation
of Hovristic CONTEXT) plus a feasibility demonstration rather than as a
ranking claim. Second, the present paper does not isolate which of the
three mechanisms addresses which failure mode; the three mechanisms are
reported as a coupled design and a per-mechanism attribution is deferred to
Section 4.6.

We see the most promising directions in three items. (i) Learning the
routing and forgetting policies end-to-end rather than from hand-tuned thresh-
olds. (ii) Extending as-of-time reasoning to cross-platform state where
provenance and trust vary by source. (iii) The multi-seed, multi-backbone
replication, controlled head-to-head, and sensitivity sweep described in § 4.6.

As agents are asked to operate over ever longer horizons and ever more
sessions, treating memory as an actively managed holistic context, rather
than as a passive appendage to a window, appears to be a promising archi-
tectural direction. The mechanisms described in this paper (applicability-
scoped attribution, tiered forgetting with evidence-preserving deprecation,
and Hebbian relation learning with competition) provide a concrete instan-
tiation of that direction that the community can reproduce, evaluate, and
improve upon.

A Reproducibility

A.1 Implementation

Hovistic CONTEXT is implemented in OpenContext [OpenContext Con-
tributors, 2026|, an open-source Al coworker and workspace that ships the
memory surface spanning short-, mid-, and long-term tiers and exposes a
local HT'TP agent endpoint used as the answering agent in all experiments.
The mechanism-to-code anchors are summarized below; benchmark config-
urations and run status are reported in Section A.3.
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A.2 TImplementation Anchors

The three mechanisms of Section 3 map to three first-class modules:

o Applicability-scoped attribution (Section 3.2) is realized by the memory-consolidation
pipeline, whose Entity Registry records the five-tuple applicability con-
text of every fragment.

e Tiered forgetting (Section 3.3) is realized by the Memory Forgetting
Engine, which stores validity intervals alongside every belief and follows
a plan-before-persist policy.

e Hebbian relation learning (Section 3.4) is realized by the Living Con-
nections operator, with a five-minute co-activation window, a 0.5 thresh-
old, and the four-edge relation vocabulary.

A.3 Benchmark Suites

BEAM. Dataset is the HuggingFace release Mohammadta/BEAM at scales
128K /500K /1M /10M. Scoring uses a nugget judge that assigns {0,0.5,1} to
each answer atom; for the abstention category the score is inverted. This is
the only suite with a captured run: the full BEAM release (100 conversations
x 20 questions = 2,000 questions per scale), single-seed, with nugget_mean =
0.676 and nugget_pass_rate = 0.728.

LoCoMo. Dataset (10 samples) ships in the repository. Scoring uses an
LLM judge for binary answer correctness together with F1 and BLEU. The
aggregated number in Table 3 (97.4%) comes from a single end-to-end run
of the bundled dataset through the same answering agent as BEAM and
LongMemEval. The per-question result file (JSONL of question / predicted
/ gold / judge verdict) is not part of the released artifact in this revision
and is deferred to the artifact-release update scheduled alongside the multi-
seed replication in Section 4.6; the headline number should therefore be read
as a single-run point estimate conditional on the configuration reported in
Table 4 until the per-question outputs are released.

LongMemEval. Dataset is the HuggingFace release xiaowu0162/longmemeval-cleaned/
longmemeval_s_cleaned. json (500 question—answer pairs), downloaded at
runtime. Scoring mirrors LoCoMo. The aggregated number in Table 2
(97.6%) comes from a single end-to-end run of the full dataset through the
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same answering agent. The per-question result file is not part of the re-
leased artifact in this revision and is deferred to the artifact-release update
alongside the multi-seed replication; the headline number should be read
as a single-run point estimate conditional on Table 4 until the per-question
outputs are released.

BEAM scoring details. The BEAM scorer calls a separate LLM judge
with a rubric prompt returning strict JSON {scores[], reasoning}. Per-
question aggregates are nugget_mean (the mean of atom scores) and nugget_pass
(true when nugget_mean > 0.5). The ten BEAM question categories are ex-
posed as run-time filters, and per-question checkpoints support restart and

a three-attempt exponential-backoff retry on judge failures.

A.4 Configuration behind the Headline Numbers

The answering agent for every suite is the local agent endpoint invoked with
provider: "claude". Specifically, the answering model used for the single-
seed end-to-end runs reported in Tables 2 and 3 is Claude Sonnet 4.5
(claude-sonnet-4-5), served through the OpenContext local agent end-
point; the long-context baseline row in Table 2 uses the same model on a
1M-token context window. The hyperparameters of Section 4.1 (6,=0.72,
7=0.4, «=0.1, A=0.02) are supplied through the agent’s runtime configu-
ration rather than as CLI flags. The judge model for LoCoMo and Long-
MemEval follows the same configuration. A replication guide that docu-
ments the exact prompt template, judge template, and runtime-config flags
is checked into the OpenContext repository. The multi-seed, multi-backbone
replication described in § 4.6 would use an additional open-weight backbone
(Qwen-2.5-72B-Instruct) so that the single-backbone limitation flagged in § 4
(i) can be retired.

BEAM (Section 4.2). Official scales are produced by a dataset prepara-
tion step that downloads the parquet from HuggingFace and normalizes it.
The captured 128K run in Table 1 uses the full 128K-scale BEAM release
as its source dataset (100 conversations x 20 questions = 2,000 questions);
the runner executing the end-to-end pass is labelled “100K” in the released
artifact because, per footnote ¥ in Table 1, it operates through a 100K-token
context window while ingesting the full 100 conversations (see also the re-
production note in Section 4.1).
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OpenContext Implementation Anchors

three mechanisms « three first-class modules

Mechanism (paper) OpenContext module (code)

memory-consolidation pipeline
> Entity Registry holds A(f)

packages/memory-consolidation/src/pipeline. ts

Applicability-Scoped Attribution §3.1

Tiered Forgetting

plan-before-persist, 0.65 /0.

packages/ai/src/memory/engine. ts

Living Connections operator
> S-min window, w > 0.5

packages/ai/src/memory/graph-aware-query. ts

Hebbian Relation Learning

dge vocabulary

Figure 10: Mechanism-to-code anchors in OpenContext. Each of the
three mechanisms introduced in Section 3 maps to a specific first-class mod-
ule in the open-source release: attribution to the memory-consolidation
pipeline, tiered forgetting to the Memory Forgetting Engine, and Hebbian
relation learning to the Living Connections operator. All modules are writ-
ten in TypeScript.

LongMemkEval (Section 4.3). Download the dataset from https://
huggingface.co/datasets/xiaowu0162/longmemeval-cleaned/ into the ap-
propriate directory and run the suite.

LoCoMo (Section 4.4). The dataset ships in the repository, so only the
suite invocation against the bundled dataset is required.

A.5 Availability

The implementation and the captured BEAM 128K result are released under
the Apache-2.0 license at https://github.com/melandlabs/opencontext.
LoCoMo and LongMemkEval have aggregated results in Tables 3 and 2, re-
spectively, but their per-question result files are not yet included in the
released artifact.
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