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Abstract

Long-term conversational AI requires two dis-
tinct capabilities: remembering what was dis-
cussed and adapting to how a user’s preferences
evolve over time. We argue these operate on
different timescales and require separate but
interoperable architectures. AgenticLOCI is a
five-agent framework built on this premise: ses-
sion retrieval fuses a short-term semantic ranker
with a long-term keyword scorer via rank
fusion, while personalization is maintained
through a versioned deliberation-state memory
that accumulates decision-episode snapshots
across interactions. We evaluate on three bench-
marks using Qwen 2.5-7B-Instruct. On Lo-
CoMo, the AgenticLOCI Backbone achieves
F1 = 0.342 versus BM25 = 0.285 while consum-
ing 7.3× fewer input tokens per item. On
LongMemEval-S, item-level analysis confirms
that the two retrieval layers solve architec-
turally distinct sub-problems; at 7B scale the
keyword layer leads, a reversal expected to re-
solve at larger model sizes where LLM ranking
is more reliable. On PersonaMem, all config-
urations perform within a narrow band, estab-
lishing that memory benefit is conditional on
context-budget pressure. The longitudinal per-
sonalization layer is evaluated on a synthetic
mobility benchmark with known user trajecto-
ries, keeping 97.6% of stable preference fields
unchanged and making warranted updates with
58.3% precision against an ablation baseline.
We demonstrate the full framework as a person-
alized urban mobility assistant for Magdeburg.

1 Introduction

Conversational AI that is genuinely useful over
time must do two things well: remember what was
discussed, and adapt to how a user’s preferences,
constraints, and decision patterns evolve across re-
peated interactions. Most systems fail at both and,
crucially, for different reasons. Systems that forget
users when a session ends suffer from an architec-
tural shortcoming: no persistent storage, resulting

in models operating purely as stateless responders
that repeatedly reprocess context without historical
continuity (Borro et al., 2026; Mason, 2026). Sys-
tems that remember indiscriminately suffer from a
conceptual one: no distinction between a passing
remark, a durable fact, a context-bound constraint,
and an accumulated preference signal that should
shape future interaction (Borro et al., 2026; Pink
et al., 2025). Conflating these failures is a primary
reason existing systems address neither memory
nor personalization well.

Recent work has made substantial progress on
the memory side. Hierarchical storage tiers, of-
fline consolidation pipelines, and graph-structured
knowledge bases now reliably preserve conversa-
tional content across long horizons (Packer et al.,
2024; Fang et al., 2025; Wu et al., 2026; Zhang
et al., 2026c). We build on these advances. How-
ever, memory is not personalization. The unit of
memory in these systems is typically the dialogue:
topic clusters, episodic events, retrieved utterances,
or summarized interaction histories. Such repre-
sentations preserve what was said, but they do not
necessarily explain how a user repeatedly arrives
at preferences under competing goals, affective re-
actions, constraints, and uncertainty.

Where personalization has been addressed, it has
been treated as an extension of memory rather than
a distinct problem (Sarin et al., 2025; Zhang et al.,
2026c; Tan et al., 2025). Systems that maintain
a user-profile artifact accumulate facts inside the
same pipeline that handles recent dialogue, update
them synchronously during the request lifecycle,
and provide no audit trail of how the profile evolved
(Sarin et al., 2025; Zhang et al., 2026c). Memory
and personalization thus share the same timescale,
the same storage surface, and the same mainte-
nance discipline, ensuring that neither receives the
treatment its problem actually demands.

Our position. We believe memory and person-
alization operate on different timescales and re-
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quire different architectures. AgenticLOCI is built
on this premise. A short consolidation loop runs
at session end, deciding which facts are durable
enough to enter the system’s working context. A
long consolidation loop runs over days and weeks,
observing the gap between what the system rec-
ommends and what the user actually chooses, and
uses that signal to update a versioned deliberation-
state memory, accumulating empirically grounded
decision-episode snapshots rather than overwriting
a single static profile. Five specialized agents, each
grounded in a specific cognitive function, divide the
work so that no single component must be both fast
and reflective. We demonstrate the framework on a
personal mobility assistant for Magdeburg, where
the right recommendation depends not just on live
conditions but on the user’s accumulated decision
history. The assistant is developed within IMIQ
(Intelligenter Mobilitätsraum im Quartier, Intelli-
gent Mobility Space in the Quarter), a living lab in
Magdeburg whose Digital Work-Life Twin extends
the city’s transport digital twin with the routines
and constraints of the individual user (Kauschke
et al., 2025) and AgenticLOCI supplies the memory
and personalization layer of that assistant.

2 Related Work

Agentic memory systems. A growing body of
work addresses long-horizon memory for LLM
agents, building on earlier research into mem-
ory management across dialogue sessions (Bae
et al., 2022; Xu et al., 2022). LightMem (Fang
et al., 2025), GAM (Wu et al., 2026), and HiMem
(Zhang et al., 2026c) organize dialogue into tiered
stores and decouple consolidation from online infer-
ence via session-end or semantic-boundary triggers,
showing strong retrieval on multi-session bench-
marks (Maharana et al., 2024; Wu et al., 2024).
MemGPT (Packer et al., 2024) frames memory as
OS-style paging, letting the model manage which
context to fetch on demand. Generative Agents
(Park et al., 2023) demonstrate long-horizon be-
haviour through memory streams, retrieval-based
reflection, and planning, establishing a simulation
paradigm that informs our longitudinal evaluation
design. More recent work either distributes mem-
ory operations across specialized components for
compute efficiency (Zhang et al., 2026b; Qiao et al.,
2026) or trains CRUD-style policies with reinforce-
ment learning (Yan et al., 2026; Yu et al., 2025;
Guo et al., 2026). These systems share a common

orientation: memory is a retrieval resource serv-
ing question answering or task completion, and
their retrieval stages largely extend the Retrieval-
Augmented Generation paradigm (Lewis et al.,
2020) to multi-session settings. They do not ex-
plicitly model how repeated decision episodes can
be stored, versioned, and aggregated into a longitu-
dinal representation of user preferences.

User-profile components. Early persona-based
dialogue work (Zhang et al., 2018) showed that
providing agents with a fixed set of personal facts
improves consistency; subsequent systems have
moved toward dynamic, evolving user models.
The systems closest in spirit to AgenticLOCI are
Memoria (Sarin et al., 2025), HiMem (Zhang et al.,
2026c), and RMM (Tan et al., 2025), all of which
pair dialogue memory with a user-model compo-
nent. RMM uses a prospect-and-retrospect strat-
egy to reflectively update personalized memory,
but shares the same timescale as dialogue retrieval
and maintains no typed schema or audit history.
Memoria accumulates (subject, predicate, object)
triplets extracted from each message into a knowl-
edge graph, recency-weighted at retrieval time;
HiMem includes a free-form note category for “sta-
ble user traits” updated by the same conflict-aware
reconsolidation step applied to all other notes. In
both cases the user model shares its storage surface
and maintenance rhythm with dialogue memory:
updates happen synchronously during the request
lifecycle, no typed schema separates stable traits
from context-bound decision states, and no version
history is preserved. The resulting risk is silent
model drift where the system’s belief about the
user shifts in ways that are neither inspectable nor
reversible. PersonaMem (Jiang et al., 2025) quan-
tifies a related ceiling: across preference-aligned
MCQ over multi-session user histories, retrieval-
based systems plateau well below the full-context
oracle, establishing empirically that ad-hoc session
retrieval cannot substitute for a proactive longitudi-
nal personalization layer.

Positioning. AgenticLOCI makes two architec-
tural contributions over the systems above: (1) a
second, slower consolidation timescale operating
on versioned deliberation-state memory rather than
dialogue events alone, to our knowledge, no prior
system separates these timescales or assigns them
to distinct agents; and (2) an append-only version
history for every profile update, making the sys-
tem’s belief about the user auditable and reversible.
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To realise these, the framework synthesizes com-
plementary insights: offline sleep-time consolida-
tion (Fang et al., 2025), semantic-boundary trig-
gers for Hippo (Wu et al., 2026), typed conflict
classification for profile-update logging (Zhang
et al., 2026c), the need for a dedicated user-profile
component (Sarin et al., 2025), and typed sub-
query routing in Thalamus (Zhang et al., 2026b).
Reinforcement-learning frameworks (Yan et al.,
2026; Yu et al., 2025; Guo et al., 2026) address
orthogonal concerns. Appendix B maps the land-
scape in tabular form.

3 The AgenticLOCI Framework

AgenticLOCI splits memory by timescale rather
than by topic. Five agents divide the work: Broca
speaks, Thalamus orchestrates, Engram stores
episodes short-term, Hippo consolidates offline
across sessions, and the Longitudinal Delibera-
tion Profile (LDP) accumulates the user’s evolv-
ing decision patterns. Three terms recur through-
out this section and are defined here. A loop is
a pipeline of operations that fires on a fixed trig-
ger (a turn end, a session end, or a configurable
background cadence) and runs to completion be-
fore the next turn can observe its output. A pattern
is a repeated behavioural tendency inferred across
multiple sessions, not a one-off event but a signal
stable enough to anchor a durable preference. A
prompt slot is a named input surface in Broca’s
prompt that is rebuilt fresh on every turn from the
current state of the corresponding store; there are
no cached inputs, so Broca never reads stale data.
A single turn flows through the fast loop. A pattern
across many sessions flows through the slow loop.
The two loops never compete for the same prompt
slot, and no single agent is asked to be both fast
and reflective.

To make each component’s role concrete, we
trace a single event through the framework: a user
reports that their bicycle has been stolen. Figure 1
shows the resulting structure.

3.1 Architecture

The framework operates on three timescales. Real
time captures every utterance the moment it occurs,
without judgement, into a short-term episodic store.
The short sleep-time loop runs at session end and
decides which facts are durable enough to enter the
assistant’s working context as flashbulb events. The
test is operational: would it be helpful, or weird,

if the assistant brought this up unprompted three
days from now? The long sleep-time loop runs
across days and weeks as a pipeline: a backend job
transfers settled entries from the short-term store
into a long-term archive on a configurable cadence,
and only then does a long-term consolidator read
that archive, reflect across many sessions, and up-
date the versioned deliberation-state memory. The
three loops are independent on purpose: a single
atypical action does not push the slow loop, a pass-
ing remark that contradicts a flashbulb entry does
not erase it without thought, and the slow loop is
allowed to distinguish noise from repeated prefer-
ence evidence while the fast loop reacts quickly.

The framework names five agents after structures
in the brain. Each mirrors the function its biological
inspiration performs.

Broca is the only agent that speaks. It is a ReAct-
style language model (Yao et al., 2023) with ac-
cess to live data tools. On every turn it reads the
user’s profile, the current flashbulb facts, a natural-
language narrative rendered from the Longitudinal
Deliberation Profile, and the visible session history,
then synthesises one recommendation in human
voice. Broca never sees the structured numbers
directly, only the narrative. This keeps the reply
natural and prevents internal scores from leaking
into the conversation.

Thalamus is the orchestrator. It owns the ses-
sion lifecycle, including the idle timeout that de-
cides when a conversation has effectively ended. It
logs turns into Engram, runs Broca, and schedules
consolidation. It never generates content.

Engram is the short-term episodic store. Writes
are unconditional; reads require the agent to be
awake. Engram also owns the Flashbulb mecha-
nism, the short-loop consolidator that asks a reflec-
tion model what to keep and writes the decisions
back as safe operations on the flashbulb store: the
small set of durable facts Broca reloads on every
subsequent turn. In the bicycle example, at the end
of the session in which the theft is reported, Flash-
bulb reviews the transcript and pins bike stolen, a
fact that would be helpful, not weird, to recall three
days later. That pin keeps the constraint within
Broca’s reach and shapes recommendations un-
til the user explicitly resolves it. This curation
is deliberately kept off Broca, the online agent that
spends each turn on live tool calls and must stay
fast. Flashbulb consolidation is reflective work, so
it is deferred to session end and assigned to Engram.
A separate backend mover transfers settled Engram
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Figure 1: The AgenticLOCI framework. Online (top): Broca rebuilds its prompt on every turn from three always-
read surfaces (Profile, Flashbulb, and the deliberation-profile narrative) and calls live tools. Thalamus orchestrates
the turn and logs it into Engram. Sleeping (bottom), split into the two consolidation stages: at session end, Engram’s
Flashbulb mechanism updates the durable facts that re-enter Broca’s prompt (short loop, orange panel). A backend
mover transfers settled Engram entries (1) into the long-term Archive (2), where Hippo (3) reflects across sessions,
derives the behaviour, mobility and pattern lobes, queues forgetting candidates for review, and writes a versioned
update to the Longitudinal Deliberation Profile (4). Thalamus schedules Hippo’s consolidation runs and can query
its state. A render step turns the structured profile into the natural-language narrative Broca reads (long loop, purple
panel, running over days to weeks).

entries into the long-term archive on a configurable
cadence, after which Hippo can act on them.

Hippo is the long-term consolidator. It runs
offline, never during a turn, and operates on the
long-term archive rather than on Engram directly.
For each batch of newly archived sessions it de-
rives lobe snapshots across seven families (mobil-
ity, schedule, health, places, social, preferences,
transient context) and computes a conservative pro-
file delta. New profile versions are written only
when the proposed change clears a confidence
threshold. Every change is versioned and forget-
ting candidates are queued for review rather than
executed. The reference implementation drives
Hippo’s lobe derivation with Recursive Language
Models (Zhang et al., 2026a).

Longitudinal Deliberation Profile is the user’s
evolving decision profile. It stores empirically
grounded decision-episode snapshots that summa-
rize needs, values, environmental tolerances, mode
weights, contextual constraints, confidence, con-

flict, commitment stability, and a short explanation
of the drivers behind recent decisions. These snap-
shots originate from external dynamic deliberation
architectures: process-oriented decision models
that represent deliberation as the temporal evolu-
tion of interdependent preference, constraint, and
affective-cognitive variables, rather than as a single
static preference label (van Gelder, 1998; Buse-
meyer and Townsend, 1993). In deployment, such
architectures can be embedded in human-in-the-
loop personalization workflows, where repeated ob-
servations, user corrections, and behavioral choices
update the profile while preserving earlier versions
for audit and revision (Amershi et al., 2014). It is
updated only by Hippo; new versions are written
only when evidence clears a confidence threshold.
A render step converts the structured profile into a
natural-language narrative that Broca reads on ev-
ery turn, while the raw numbers stay internal. The
audit history of every prior version is preserved, so
the trajectory of the system’s belief about the user
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is inspectable and reversible.
Two thin surfaces sit beside the agents and feed

Broca’s prompt directly. Profile holds stable, user-
declared facts and preferences. Flashbulb holds
the curated short list of durable facts Engram has
decided are worth keeping always within reach,
capped at twenty entries.

3.2 The Two Consolidation Loops

On a chat turn, Thalamus checks the session tracker
and, if the prior session has changed or is idle past
the configured timeout, fires the short loop. It then
records the user turn, asks Broca to respond, and
logs the reply. Broca rebuilds its prompt fresh on
every turn, so any new deliberation-profile narrative
produced by Hippo between turns becomes visible
on the next message.

The short loop runs at session end. The Flash-
bulb mechanism reads the just-ended transcript,
places the current flashbulb list beside it, and asks
a reflection model what to add, remove, or update.
The plan is returned as strict JSON and applied
via method calls on the flashbulb store; the model
never writes to disk.

The long loop runs as a backend pipeline on its
own cadence. A mover transfers settled Engram
entries into the long-term archive. Hippo then reads
the archive across many sessions, derives lobes,
and computes a profile delta using the gap between
what Broca proposed and what the user actually
chose as the primary learning signal. The updated
profile is rendered into a fresh narrative, which
Broca picks up on the next turn.

The architecture treats the long loop as advisory
by default. Forgetting candidates are queued for
review, and any deletion of archived entries is gated
behind an explicit flag, because the system should
earn the right to forget.

We instantiate the framework as a personal mo-
bility assistant for Magdeburg, integrating live IoT
sensors, routing services, and a domain knowledge
graph through four MCP servers. Implementa-
tion details, including the tool surface, urban dig-
ital twin, and spatial graph, are deferred to Ap-
pendix A.

4 Evaluation

AgenticLOCI’s memory subsystems serve distinct
cognitive roles on different timescales, and no sin-
gle benchmark exercises all of them. Section 4.1
evaluates the episodic retrieval stack (Engram and

Hippo) on three public long-term memory bench-
marks using a consistent Qwen 2.5-7B-Instruct
backbone. Section 4.2 evaluates the two consoli-
dation components (Flashbulb and the Longitudi-
nal Deliberation Profile) on a longitudinal simu-
lation with known ground truth, which static re-
trieval benchmarks cannot provide. Broca and Tha-
lamus govern dialogue quality and turn orchestra-
tion; their evaluation requires extended user studies
and is deferred to a planned deployment study (see
Limitations).

4.1 Episodic Memory and Retrieval
Evaluation

All experiments use Qwen 2.5-7B-Instruct (Qwen
Team, 2024) as the end-to-end backbone (reader,
LLM ranker, and QA judge), so differences across
pipelines reflect architecture rather than model se-
lection. We evaluate on three benchmarks; full
pipeline specifications are in Appendix C.

LoCoMo (Maharana et al., 2024) (n =
1,986): conversational QA over synthetic multi-
session friend dialogues; metric: token-overlap F1.
LongMemEval-S (Wu et al., 2024) (n = 500):
retrieval and QA over user-assistant histories (≈48
sessions/item); metrics: Recall@5, MRR, QA ac-
curacy. PersonaMem (Jiang et al., 2025) (n =
589, 32K split): multiple-choice preference ques-
tions over synthetic multi-session histories; metric:
MCQ accuracy.

Systems. BM25 (Robertson et al., 1994) is the
lexical baseline; Oracle feeds only gold sessions
(upper bound). Engram (STM) ranks 3-turn sum-
maries via one LLM call. Hippo heuristic (LTM)
scores keyword-lobe overlap at zero LLM cost.
AgenticLOCI Retrieval fuses both via Reciprocal
Rank Fusion (Cormack et al., 2009):

score(s) =
1

rE(s) + 60
+

1

rH(s) + 60
(1)

AgenticLOCI Backbone extends retrieval with
batched cross-session fact extraction (one addi-
tional LLM call). Deliberation Profile (direct)
compresses the full conversation into a preference-
centric structured representation and answers from
that. All Hippo and Backbone conditions use
LongMemEval-appropriate lobe categories; lobe
vocabulary ablation in Appendix D.4.

LoCoMo (n = 1,986). Table 1 shows LoCoMo
results. AgenticLOCI Backbone (F1 = 0.342)
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Table 1: LoCoMo results (n = 1,986, Qwen 2.5-7B). AgenticLOCI Backbone surpasses BM25 on overall F1 while
consuming 7.3× fewer input tokens per item. Oracle F1 = 0.536 bounds the 7B reader. Adversarial F1 rewards
refusal. BLEU-1 in Appendix D.1.

Pipeline Overall F1 Multi-Hop Temporal Open-Domain Single-Hop Adversarial Avg Input Tok.

Oracle (upper bound) 0.536 0.096 0.172 0.624 0.363 0.836 1,176
Full-context baseline 0.370 0.051 0.080 0.390 0.185 0.729 22,340

BM25 + QA 0.285 0.035 0.042 0.162 0.104 0.861 2,418
AgenticLOCI Retrieval (Engram + Hippo, Top-5) 0.311 0.028 0.043 0.193 0.113 0.913 4,301
AgenticLOCI Backbone (Retrieval + Facts) 0.342 0.049 0.059 0.268 0.167 0.859 3,072
Deliberation Profile (direct extraction) 0.227 0.028 0.001 0.007 0.018 0.981 884

Table 2: LongMemEval-S retrieval and QA, Qwen 2.5-
7B, n = 500. Bold = best AgenticLOCI condition.
Component-wise breakdown (Engram, Hippo alone)
and per-type metrics in Appendices D.3–D.5.

Pipeline R@1 R@5 MRR QA

BM25 (session-level) 0.551 0.909 0.909 0.496

AgenticLOCI Retrieval 0.378 0.675 0.727 0.398
AgenticLOCI Backbone 0.393 0.680 0.741 0.386

surpasses BM25 (0.285) while consuming 7.3×
fewer input tokens (3,072 vs. 22,340), approach-
ing the full-context baseline (0.370). BM25 un-
derperforms because LoCoMo’s friend-chat reg-
ister does not lexically anchor questions to ses-
sions, removing its structural advantage. The
direct deliberation-profile condition degenerates
on factual QA (F1 = 0.227) while achieving near-
perfect adversarial F1 (0.981): its preference-
centric schema deliberately discards episodic detail,
confirming that no single representation suits all
cognitive tasks. BLEU-1 and token costs in Ap-
pendix D.1.

LongMemEval-S (n = 500). Table 2 shows
LongMemEval-S results. BM25 dominates re-
trieval (R@5 = 0.909) because the benchmark’s
user-assistant log format provides a structural
lexical advantage. At 7B scale, the individ-
ual Hippo heuristic component leads its layer
(R@5 = 0.744, QA = 0.424; Appendix D.3): small-
model LLM rankings add noise rather than se-
mantic signal, a scale-contingent finding. The
SS-A/SS-U asymmetry confirms the two layers
are architecturally complementary, with Engram
leading on assistant-stated content and Hippo on
user-stated and knowledge-update items; item-level
analysis (Appendix D.8) confirms this holds struc-
turally. AgenticLOCI Backbone recovers precision
(R@1 = 0.393, MRR = 0.741) through summary-
mode ingestion. Full metrics in Appendices D.3–
D.5; 32B cross-model results in Appendix D.6.

PersonaMem (n = 589, 32K split). All configu-
rations cluster within 5 pp of the full-context base-
line (Full-context 0.523; AgenticLOCI Retrieval
0.489; Deliberation Profile 0.477). PersonaMem’s
32K context fits within the reader’s window, re-
moving the context-budget pressure that makes Lo-
CoMo informative. PersonaMem does not discrim-
inate between architectures at this context length,
which confirms that gains on LoCoMo reflect con-
text compression and that memory systems do not
differentially harm preference-MCQ performance.
Per-type breakdowns in Appendix D.2.

The retrieval ceiling. Across all three bench-
marks, preference-type questions score near-
zero for every retrieval system (best: 0.300 on
LongMemEval-S). This is not a retrieval failure; it
reflects a structural limit: no session-retrieval strat-
egy can aggregate implicit preference signals dis-
tributed across months of interaction. Static bench-
marks cannot exercise this capability; evaluating
it requires longitudinal ground truth with known
preference trajectories and versioned decision-state
evidence, which we address next.

4.2 Memory Consolidation Evaluation

We evaluate consolidation on a personal mobility
assistant deployed for Magdeburg. The deployment
grounds Broca in live urban data (weather, traffic,
parking, transit) via four MCP servers and a spatial
knowledge graph that together realise a work–life
urban digital twin (Kauschke et al., 2025), and
exposes routing across walking, cycling, transit,
and driving. Mobility is a useful testbed because
the right recommendation depends jointly on world
state, spatial structure, and durable user tendencies,
and the third of these is precisely what longitudinal
personalization must learn. Full deployment details
are in Appendix A.

The retrieval benchmarks in §4.1 cannot test the
two components that embody our central premise,
that recent memory and durable personalization
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are distinct problems on distinct timescales. Flash-
bulb curates episodic facts at each session’s close
and the Longitudinal Deliberation Profile is revised
only across days and weeks. Its correctness con-
cerns timing and accumulation: when a fact should
be remembered, when it has gone stale, when a
decision-state snapshot should be stored, and when
repeated behaviour should shift a probabilistic user
tendency. A single pass over a fixed store cannot
reveal this, so we evaluate both on a longitudinal
simulation with known ground truth.

The simulation comprises ten synthetic users,
each with an initial deliberation profile and a script
of ninety mobility decisions over thirty days in the
city, every decision conditioned on weather, traffic,
time of day, and stated life events such as an in-
jury, a stolen bicycle, or a temporary commitment.
A deterministic rule engine generates the scripts,
so the correct behaviour is known for every event
and every profile field; this is the compromise that
yields ground truth no unscripted dialogue could
supply. Three users warrant little or no change,
letting us measure restraint as well as sensitivity.
We assess Flashbulb in §4.2.1 and the Longitudinal
Deliberation Profile in §4.2.2, then in §4.2.3 col-
lapse both loops into a single agent to test what the
timescale separation itself contributes, reporting
confidence intervals over the ten users throughout.
Broca and Thalamus govern dialogue quality rather
than consolidation and are left to a planned user
study.

4.2.1 Flashbulb Evaluation
Flashbulb decides which newly stated facts are
durable enough to keep in view and removes a fact
once the user signals it no longer holds. Beyond
straightforward cases (“my bike was stolen”), the
synthetic events include harder ones: states that
look temporary but persist, facts about third parties,
and constraints whose resolution is never spoken
aloud. Across ten users there are 65 such events,
against which the system created 109 pins.

We measure four behaviours: Capture (is the fact
pinned promptly?), Expire (is a temporary pin re-
moved at the right time, neither early nor late?), Per-
sist (does a permanent pin survive the full month?),
and Spurious pinning (how many pins are noise?).
Bracketed ranges are 95% bootstrap CIs over users.

Three of the four behaviours are strong (Table 3).
The system captures 79% of stated events, and
the captures it makes land within roughly half a
day (mean timing error 0.62 days) of when the

Behaviour Metric Result

Capture Recall 0.79 [0.65, 0.92]
Mean timing error 0.62 days

Expire Recall 0.74 [0.52, 0.90]
Mean timing error 1.04 days

Persist Accuracy 1.00 (6/6)
Pins Spurious rate 0.046 (5/109)

Table 3: Flashbulb behaviour across ten users (65 events,
109 pins). Intervals are 95% bootstrap CIs over users.

user raised them. It retains every permanent fact it
captured, six of six, for the full month, so a durable
constraint such as a stolen bicycle is never silently
dropped. Spurious pinning is low: a manual review
of all 109 pins, with the classifications verified
by an independent model from a different family
(Cohen’s κ = 0.84; Cohen 1960), found only 5 to
be genuine noise, a spurious rate of 4.6%. Expire
is the weakest axis at 0.74. The system removes
a pin reliably when the user states that a fact is
resolved, but it is slower to drop facts whose end is
only implied by the passage of time.

Crucially, the errors are not spread evenly: ev-
ery routine, plainly stated constraint (injury, flat
tyre, stolen bike) is captured correctly. Misses
concentrate on ambiguous or indirect events, per-
sistent weather patterns treated as transient, facts
about third parties, and behaviour the user never
states aloud. Expire misses follow the same pat-
tern, leaving pins in place when no resolution is
spoken aloud, as with a tram closure that simply
ends. Flashbulb therefore handles the routine case
reliably, and its residual errors fall on the durability
judgments and unspoken resolutions the synthetic
benchmark is designed to stress. Per-axis failure
breakdown in Appendix E.1.

4.2.2 Longitudinal Deliberation Profile
Evaluation

The Longitudinal Deliberation Profile is the long-
term personalization layer, and Hippo revises it
offline after observing a month of behaviour. The
risk for any such model is silent drift: the system
quietly changing its belief about the user in ways
that are wrong and that no one notices. A good
consolidator therefore faces a two-sided test. It
must leave a tendency alone when the evidence
does not justify a change, and it must change one
when the evidence does. Either side is trivial on its
own, since a system that never updates never drifts
and a system that updates constantly always catches
real shifts. The real question is whether Hippo can
tell a genuine preference shift from behaviour that
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System Restraint Respons. Move-prec.

Full Hippo (LLM) 0.976 0.159 0.583
Keyword Hippo 0.671 0.568 0.269
No-update 1.000 0.000 –

Table 4: Longitudinal Deliberation Profile consolidation
across ten users (251 expectations). Full Hippo is far
more restrained and more precise than the keyword
ablation; no-update shows restraint alone is trivially
achieved.

was merely forced by circumstance.
From each user’s 30-day script we derive a set

of expectations for the profile: which fields should
stay stable, which may move and in which direc-
tion, and how far a move may reasonably go. This
yields 251 expectations across the ten users (207
fields that should stay stable, 70 of them boolean
flags, and 44 sanctioned directional moves). We
score three systems against them: full Hippo, the
deployed LLM consolidator; keyword Hippo, an
ablation that replaces the LLM with the heuris-
tic keyword path; and a no-update baseline that
freezes the profile at its initial state.

We report three metrics. Restraint is the frac-
tion of should-stay-stable fields the system left un-
changed. Responsiveness is the fraction of sanc-
tioned moves it made in the correct direction. Move-
precision asks, of every change it made to a tracked
field, how many were sanctioned. Bracketed ranges
in the text are 95% bootstrap CIs over the ten users.

Two of the three results are clean and one needs
interpretation (Table 4). Restraint is high: full
Hippo leaves 0.976 [0.951, 1.000] of stable fields
untouched, thirty points above the keyword abla-
tion at 0.671 [0.598, 0.732], with confidence in-
tervals that do not overlap. The LLM’s reasoning,
not keyword counting, is what prevents drift. It is
also precise when it acts: move-precision is 0.583
against the ablation’s 0.269, so it makes far fewer
changes overall (12 versus 93 across the ten users)
yet each is roughly twice as likely to be warranted.
The no-update baseline scores a perfect restraint
of 1.000 and zero on everything else, confirming
that restraint alone is meaningless without the other
axes.

Responsiveness is low at 0.159, but should be
read as a lower bound: the metric cannot distin-
guish a missed preference from a principled decline.
In the clearest case (Persona 0), Hippo correctly re-
fused to record “transit up, walking down” because
the transit-heavy pattern was forced by a leg injury,
flat tyre, and bicycle theft. On constraint-free days

Metric AgenticLOCI (split) Monolith

Fast loop (Flashbulb)
Capture recall 0.79 0.69
Expire recall 0.74 0.87
Persist accuracy 1.00 1.00

Slow loop (Profile)
Restraint 0.976 0.874
Move-precision 0.583 0.235

Table 5: Splitting the loops across agents versus col-
lapsing them into one agent, on the ten-user simulation.
Fast-loop differences are within noise; the slow-loop
advantages are statistically significant (95% bootstrap
CIs over ten users exclude zero for restraint and move-
precision).

the user chose to cycle 18 of 24 times. Responsive-
ness counts such principled declines as misses, so
0.159 understates the consolidator’s quality.

Where Hippo errs, it errs by changing too much
(five unwarranted changes across three users; de-
tailed breakdown in Appendix E.2). A system that
overwrote the profile in place would hide these;
under AgenticLOCI each is a separate, retrievable
version.

4.2.3 Collapsing the Loops into One Agent
We test whether the timescale separation itself is
necessary by collapsing both loops into a single
monolithic agent: one model that speaks, pins facts,
and consolidates the profile inside one continuously
growing context, using the same backbone and
rules as above.

The result is one-sided (Table 5). The fast loop
is a tie, pinning facts once per turn is light work
the online agent absorbs. The slow loop is where
separation earns its place: restraint falls from 0.976
to 0.874 and move-precision from 0.583 to 0.235,
both significant. An agent busy routing overwrites
the profile on thin evidence; it is the slow loop
specifically that needs its own timescale to weigh a
month of behaviour at rest.

5 Discussion and Conclusion

The LoCoMo results establish the layered de-
sign’s value: AgenticLOCI Backbone (F1 = 0.342)
outperforms both BM25 (0.285) and plain re-
trieval (0.311) with 7.3× fewer tokens. On Long-
MemEval, RRF fusion underperforms Hippo alone
at 7B because the small model adds ranker noise, a
scale-contingent finding addressed in Limitations.
Across all three benchmarks, preference-type ques-
tions score near-zero; the Longitudinal Delibera-
tion Profile addresses this failure mode with re-
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straint = 0.976 and move-precision = 0.583, all up-
dates versioned and reversible.

We presented AgenticLOCI, a five-agent frame-
work separating memory into two consolidation
timescales: a fast loop for episodic flashbulb facts
and a slow loop for typed, versioned deliberation-
state memory accumulated across weeks, so that no
component must be both fast and reflective. Future
work will deepen per-component evaluation, ded-
icating focused studies to each agent individually,
and replace the synthetic longitudinal benchmark
with real long-term user studies on the deployed
system.

Limitations

Model scale and LLM-ranker reliability. All
experiments use Qwen 2.5-7B-Instruct. At this
scale, Engram’s LLM-based ranker introduces
noise that causes RRF fusion to underperform
Hippo heuristic alone on LongMemEval-S. This is
a scale-contingent finding, not an architectural one:
larger models are better calibrated as rankers, and
the framework is designed with component-level
replaceability in mind. The immediate fix, replac-
ing Engram’s LLM ranker with a dense embedding
model (Karpukhin et al., 2020), also resolves the
context-length ceiling that prevents independent
RRF fusion at LongMemEval-M scale (≈500 ses-
sions/item), where the 7B model’s context limit
forces a BM25 pre-filter that collapses signal inde-
pendence.

Evaluation scope. The retrieval evaluation cov-
ers the episodic memory stack on three static bench-
marks; the longitudinal evaluation covers Flashbulb
and the Longitudinal Deliberation Profile on a syn-
thetic 30-day simulation. Thalamus and Broca
are conversational orchestration components whose
quality is best measured through user studies on
coherence and preference adaptation over extended
sessions, which we defer to a planned deployment
study.

Benchmark fit. LongMemEval’s user-assistant
log format provides a structural advantage to BM25
that makes it difficult for semantic retrieval to
compete on this benchmark. LoCoMo better re-
flects conversational memory in realistic friend-
chat settings. Neither benchmark directly exercises
the longitudinal personalization pathway, which is
purpose-built for implicit, distributed preference
signals that no retrieval system reliably surfaces. A

gap PersonaMem confirms: all architectures land
within 5 pp of the full-context baseline when con-
text budget is not a constraint. The longitudinal
synthetic benchmark in §4.2 exists specifically be-
cause no public benchmark exercises consolidation
timing or versioned preference accumulation.

Gap to reported baselines. The LongMemEval
paper’s primary QA result of 0.700 (Wu et al.,
2024) uses a GPT-4o judge, Top-10 retrieved
sessions, and the _M split. Our Qwen 2.5-
7B Hippo heuristic (QA = 0.424, Top-5, _S) is
separated from this number by model scale, re-
trieval budget, and benchmark split simultaneously.
The closest model-matched baseline in the paper
(Llama 3.1 70B (Grattafiori et al., 2024), Top-5,
_M) is 0.588. We frame the contribution as a sys-
tems and architecture result, demonstrating that
structured two-timescale memory beats lexical re-
trieval on conversational QA (LoCoMo) and char-
acterizes the architectural boundary between re-
trieval and personalization, rather than as a state-
of-the-art QA claim.

Synthetic longitudinal evaluation. The Longi-
tudinal Deliberation Profile evaluation uses a deter-
ministic rule engine to generate ground-truth user
trajectories. This is the compromise that makes re-
straint and responsiveness measurable at all, but it
introduces two limitations. First, the rule engine en-
codes our own assumptions about what constitutes
a preference shift versus circumstance-forced be-
haviour; a real user’s reasoning may differ. Second,
ten synthetic users is small for tight confidence in-
tervals on rare-event metrics like move-precision.
Real-deployment evaluation on the deployed sys-
tem is the natural next step.

Ethics Statement

This work complies with the ACL Code of Ethics.
We discuss three areas of ethical relevance.

Use of generative AI assistance. In accordance
with the ACL Policy on AI Writing Assistance,
we disclose the following use of generative AI
tools during the preparation of this paper. Claude
Code (Anthropic, 2025a) was used for coding as-
sistance during framework implementation, evalua-
tion scripting, and data processing. Claude Sonnet
4.6 (Anthropic, 2025b) was used for writing assis-
tance, including literature search, prose drafting,
and editing of individual sections. All AI-generated
text and code was critically reviewed, verified, and
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substantially revised by the authors. All research
ideas, experimental design decisions, result inter-
pretations, and novelty claims originate with the
human authors. The final paper and its findings are
the authors’ sole responsibility.

Data and privacy. AgenticLOCI is evaluated
on three publicly released benchmarks: Long-
MemEval (Wu et al., 2024) and LoCoMo (Maha-
rana et al., 2024), which use synthetically gener-
ated or scripted dialogues, and PersonaMem (Jiang
et al., 2025), which uses synthetically constructed
user personas. All benchmarks contain no real
user data. No real user data was collected or pro-
cessed as part of this research. The Magdeburg
deployment described in Appendix A operates on a
single-user, opt-in basis with no data shared beyond
the local instance. The Longitudinal Deliberation
Profile’s append-only audit history is designed to
give users full visibility and recoverability over
their stored profile, which we view as a minimal re-
quirement for responsible deployment of long-term
personalized agents.

Societal considerations. Long-term user model-
ing raises concerns around profiling, data retention,
and the potential for systems to entrench rather than
surface user preferences. The Longitudinal Deliber-
ation Profile’s typed schema and version history are
explicit design responses to these concerns: every
update is inspectable, and no information is deleted
without a recoverable trace. Future deployments
should pair the architecture with clear user-facing
controls for profile review, correction, and dele-
tion in compliance with applicable data protection
regulations.
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A Reference Implementation: A Personal
Mobility Assistant for Magdeburg

We realise the framework as a personal mobility
assistant for Magdeburg. Mobility in a real city is
one of the few everyday decisions where the right
answer depends on three things at once: the condi-
tions of the world right now, the spatial structure of
the city, and who the user is. The first two on their
own get you intelligent routing; the memory layer
is what turns intelligent into personal.

Substrate. Broca runs as a LangGraph ReAct
agent (Yao et al., 2023) over an OpenAI-
compatible chat endpoint. The reference
deployment uses an institutional HPC service
with a Qwen 2.5-7B-Instruct model (Qwen Team,
2024) for the conversational role; Hippo’s offline
reflection uses Recursive Language Models
in a sandboxed Python REPL. The agent has
access to eleven tools. Eight live in four stdio
Model Context Protocol (MCP) subprocesses
(Anthropic, 2024): a Neo4j server for the campus

knowledge graph, a FIWARE server (Cirillo
et al., 2019) for the urban digital twin, a routing
server wrapping ORS and TomTom, and a context
bridge that fuses the three behind one call. Three
more are in-process tools that connect Broca
to the framework itself: propose_route,
record_route_selection, and
recall_memory.

Urban digital twin and spatial graph. The FI-
WARE server exposes the urban work–life digital
twin of Magdeburg (Kauschke et al., 2025). It
serves eight live signal types: weather, parking
availability, air quality, traffic flow, room sensors,
vehicles, water levels, and a generic digital twin
type. Broca can ask the city, in one line, for the
temperature at a particular building, the free park-
ing spots at the science harbour, or the congestion
along a street, and the answer is either fresh or hon-
estly absent. Every coordinate is validated against
a city-level bounding box at the entry point, which
catches latitude and longitude swap bugs before
they leave the process.

The Neo4j server holds the static spatial structure
beneath the digital twin: buildings, transit stops,
lines, streets, landmarks, points of interest, and the
relationships that matter for routing. The graph is
read-only; a schema validator rejects writes and
any reference to a label or relationship type out-
side the schema. A dedicated transit tool resolves
natural origin and destination names through a full-
text search and runs a gated path query that prefers
shared lines and falls back to one-transfer routes.
Walking, cycling, and driving come from ORS and
TomTom through the routing server, with a com-
pound tool that collapses five sequential calls (re-
solve, resolve, walk, cycle, drive) into one.

These three layers together give Broca what one
might call intelligent routing: the world as it is
right now, the world as it is mapped, and every
alternative route between any two named places.

From intelligent to personal. What turns this
combination into something that feels personal is
the memory layer, wiring the flashbulb facts and the
deliberation-profile narrative into the same prompt
as the live data, on every turn. The same question,
from the opera house to the central square, changes
meaning entirely when a flashbulb entry says bike
was stolen, walking and transit only. Broca filters
cycling out of the candidate set before it calls the
routing tools. The reply acknowledges the con-
straint in human terms (since the bike is still gone,
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cycling is out) and recommends transit. The con-
straint persists across sessions and is removed at
the next consolidation if the user mentions a new
bike. Across many sessions, persistent divergence
between what Broca recommends and what the
user actually chooses feeds Hippo’s offline lobe
derivation, which eventually nudges the longitudi-
nal profile’s mode weights in a versioned update.
The next session, Broca rebuilds its prompt with
a fresh narrative in view. The baseline has moved
closer to the user, and the move is preserved in the
audit history.

B Related Work: Detailed Comparison

Table 6 maps the agentic-memory and personalized-
conversational-AI landscape against Agenti-
cLOCI’s architectural contributions.

C Evaluation Setup

C.1 Benchmarks and Metrics
LoCoMo (Maharana et al., 2024) presents 1,986
free-form QA items across 10 synthetic multi-
session dialogues spanning 5+ months. Categories
include single-hop, temporal, multi-hop, open-
domain, and adversarial (unanswerable) questions.
Standard metrics are token-overlap F1 and unigram
BLEU-1; adversarial items are scored against I
don’t know so explicit refusal earns credit.

LongMemEval-S (Wu et al., 2024) presents
500 questions over a haystack of ≈48 sessions
per item. Stage 1 reports Recall@K and MRR
over retrieved sessions; Stage 2 QA accuracy
uses the paper’s category-specific LLM-judge
prompts. Question types: knowledge-update (KU),
multi-session (MR), single-session-user (SS-U),
single-session-assistant (SS-A), preference (Pref),
temporal-reasoning (TR).

PersonaMem (Jiang et al., 2025) provides 589
multiple-choice questions testing preference re-
call, preference evolution tracking, and preference-
aligned recommendations over long shared con-
versation histories (32K-token split). Accuracy is
strict-protocol MCQ scoring.

C.2 Pipeline Descriptions
BM25 (Robertson et al., 1994) provides session-
level lexical retrieval. Oracle feeds only gold evi-
dence sessions to the reader (upper bound). Full-
context provides the entire unfiltered conversation
history. Engram (STM) ranks 3-turn session sum-
maries via a single LLM call at query time. Hippo

heuristic (LTM) scores keyword-lobe overlap at
zero LLM cost; two lobe taxonomies are evalu-
ated (domain-specific mobility and LongMemEval
general-domain; see Appendix F.4). AgenticLOCI
Retrieval fuses Engram and Hippo rankings via
RRF (Eq. 1). AgenticLOCI Backbone extends
AgenticLOCI Retrieval with batched Flashbulb-
style fact extraction: summary-mode ingestion fol-
lowed by one LLM call to extract cross-session
facts injected into the reader prompt. Deliberation
Profile (direct extraction) compresses the entire
conversation into a preference-centric structured
representation and answers from that. All Hippo
and Backbone conditions in the primary 7B eval-
uation use LongMemEval-appropriate lobe cate-
gories.

D Extended Evaluation Tables

This appendix provides extended results comple-
menting the main evaluation. Sections D.1–D.3
and D.5 use Qwen 2.5-7B-Instruct; Sections D.4
and D.6–D.8 use Qwen 2.5-32B-Instruct. Through-
out these tables, “Combined heuristic (LME lobes)”
refers to the same system as AgenticLOCI Retrieval
in the main text.

D.1 LoCoMo Extended Results
Table 7 reports per-category BLEU-1 alongside
F1, confirming the same ranking pattern. Table 8
reports exact LLM token costs per item. The Agen-
ticLOCI Backbone’s 7.3× token reduction over
the full-context baseline (3,072 vs. 22,340 average
input tokens) holds across all 1,986 items.

D.2 PersonaMem Extended Results
Table 9 reports accuracy by question type. Recall
and fact-retrieval types are most variable across
pipelines; preference evolution and reasoning types
are more uniformly high. Across all 13 top-
ics, two dataset-level floor/ceiling effects domi-
nate: foodRecommendation scores 1.000 and
therapy scores 0.000 for every pipeline, reflect-
ing benchmark-level saturation and unsolvability
respectively rather than any difference between
memory architectures.

D.3 Full Stage 1 Retrieval Metrics
(LongMemEval-S, n = 500)

Table 10 extends the main retrieval table with R@3,
R@10, Rany@5, Rany@10, P@1, P@5, and in-
cludes all evaluated pipeline conditions. BM25
session-level remains the reference at R@5 = 0.909.
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Table 6: Memory systems in context: their architectural contributions, how they approach user modeling, and their
relationship to AgenticLOCI. †LightMem-Z = Zhang et al. (2026b), distinct from Fang et al. (2025).

System Use Case Key Architectural Contribution User Modeling Adopted / Influence in Agenti-
cLOCI

MemGPT (Packer et al., 2024) General agents OS-style context paging; self-
directed memory invocation

None Self-directed invocation pattern
(Broca → Thalamus)

LightMem (Fang et al., 2025) Long-context QA Sleep-time deduplication; Atkinson–
Shiffrin STM/LTM tiers (Atkinson
and Shiffrin, 1968)

None Offline sleep-time consolidation prin-
ciple

GAM (Wu et al., 2026) Multi-turn QA Topic+event graph (TAN+EPG); se-
mantic FSM consolidation

None Semantic-event triggers for Hippo
consolidation boundaries

HiMem (Zhang et al., 2026c) Multi-turn QA Episode+note hierarchy; typed
conflict-aware reconsolidation

Free-form “stable traits”
note category

Typed conflict logging (ex-
tend/revise/contradict) for profile
updates

Memoria (Sarin et al., 2025) Personalized chat Recency-weighted KG persona en-
gine; triplet extraction

Flat (subj., pred., obj.)
persona graph

Core insight: a dedicated user-profile
component is necessary

RMM (Tan et al., 2025) Personalized dialogue Prospective Reflection (topic-based
session-end memory extraction +
merge); Retrospective Reflection
(RL-based retrieval reranker refine-
ment via attribution signals)

None (topic summaries
only; no typed user per-
sona)

Reflective session-end consolidation
pattern (Flashbulb analogue); RL re-
trieval refinement as future Engram
fine-tuning target

MIA (Qiao et al., 2026) Research agents Manager-Planner-Executor; process-
oriented memory reuse

None Cognitive multi-agent decomposition
pattern

LightMem-Z† (Zhang et al., 2026b) Long-context QA Online SLM + offline LLM; con-
troller/selector/writer roles

None Typed sub-query routing in Thalamus

MemFactory (Guo et al., 2026) Memory RL training Unified GRPO framework for CRUD
memory policies

None Future RL fine-tuning target for En-
gram and Hippo policies

AgenticLOCI (ours) Personalized interaction (Domain-Agnostic) Two-tier episodic/archive; RRF ses-
sion fusion (Engram+Hippo)

Typed, versioned
deliberation-state
memory

Novel: dual consolidation
timescales + audit-versioned
longitudinal profile history

Table 7: LoCoMo F1 and BLEU-1 by category (n = 1,986, Qwen 2.5-7B). Bold = best AgenticLOCI condition per
column.

Overall F1 by category

Pipeline F1 BLEU-1 Multi-Hop Temporal Open-Domain Single-Hop Adversarial

Oracle (upper bound) 0.536 0.556 0.096 0.172 0.624 0.363 0.836
Full-context baseline 0.370 0.378 0.051 0.080 0.390 0.185 0.729

BM25 + QA 0.285 0.268 0.035 0.042 0.162 0.104 0.861
AgenticLOCI Retrieval (Engram+Hippo, Top-5) 0.311 0.319 0.028 0.043 0.193 0.113 0.913
AgenticLOCI Backbone 0.342 0.351 0.049 0.059 0.268 0.167 0.859
Deliberation Profile (direct extraction) 0.227 0.226 0.028 0.001 0.007 0.018 0.981

The Per-session Flashbulb ablation (n =
30) is a production-fidelity ablation: turn-level in-
gestion fragments Engram’s ranker output, causing
R@1 = 0.000 (gold sessions are present within the
top-10 but not at rank 1). The AgenticLOCI
Backbone achieves the best AgenticLOCI R@1
(0.393) and MRR (0.741) by using summary-mode
ingestion rather than turn-level.

Table 11 provides per-type R@5 breakdowns.
The SS-A/SS-U asymmetry between Engram and
Hippo (Engram stronger on SS-A; Hippo stronger
on SS-U and KU) persists at 7B. The AgenticLOCI
Backbone achieves balanced coverage across SS-U,
SS-A, and KU by combining both layers’ strengths
through summary-mode ingestion and batched fact
extraction. Table 12 provides the corresponding
per-type MRR; the same asymmetry holds.

D.4 Lobe Vocabulary Ablation: Per-Type
R@5

This ablation was conducted with Qwen2.5-32B-
Instruct (n = 470, abstention excluded); full 32B
LongMemEval-S retrieval and QA results appear in

Appendix D.6. The lobe vocabulary comparison is
model-agnostic: keyword overlap scoring does not
depend on the reader model, so the relative gains
reported here transfer directly to the 7B evaluation
setting.

Table 13 presents the per-type R@5 compari-
son between domain-specific mobility lobe cat-
egories and the LongMemEval general-domain
categories for both Hippo and Combined. The
largest gain from LME lobes is on SS-A for
Hippo (+12.5 pp): mobility keywords cover
predominantly user-stated travel and schedule
content, making assistant-stated facts nearly in-
visible to keyword scoring, while the general-
domain categories include topics covering assistant-
initiated statements (media_entertainment,
work_career, health_wellness). The TR
type gains +6.8 pp in Combined, reflecting better
temporal keyword coverage in the general-domain
lobe set. The only category that decreases for Com-
bined is KU (−2.1 pp): mobility keywords hap-
pen to overlap with some knowledge-update ses-
sions by coincidence, scheduling and travel-change
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Table 8: LoCoMo token cost per item (exact, from OpenAI usage field). Framework-internal LLM calls (Engram
ranker, Hippo RLM) are not surfaced in usage and show —.

Pipeline LLM/item Avg input tokens Avg output tokens Avg total tokens

BM25 + QA 1.0 2,418 10 2,429
Oracle context 1.0 1,176 6 1,183
Full-context baseline 1.0 22,340 7 22,347
AgenticLOCI Retrieval 2.0 4,301 6 4,308
AgenticLOCI Backbone 2.0 3,072 6 3,079
Deliberation Profile (direct) 2.0 884 11 895

Table 9: PersonaMem accuracy by question type (n = 589, 32K split, Qwen 2.5-7B). Column abbreviations follow
PersonaMem naming: Recall = recall of user-shared facts; Facts = recalling facts mentioned by user; Evolution
= track full preference evolution; Reasons = recalling reasons behind updates; RecAlign = preference-aligned
recommendations; NewIdeas = suggest new ideas; Generalize = generalizing to new scenarios.

Pipeline Overall Recall Facts Evolution Reasons RecAlign NewIdeas Generalize

Full-context baseline 0.523 0.310 0.588 0.755 0.818 0.509 0.183 0.474
AgenticLOCI Retrieval (Engram+Hippo) 0.489 0.333 0.529 0.676 0.808 0.473 0.151 0.386
Deliberation Profile (direct) 0.477 0.395 0.294 0.604 0.778 0.436 0.183 0.404

events are common in LongMemEval’s KU items
and replacing them with broader general-domain
categories removes this incidental match. Across
every R@K and NDCG metric, LME lobes yield
higher overall performance, making this the correct
primary reported setting.

D.5 Full Stage 2 QA Accuracy
(LongMemEval-S, n = 500)

Table 14 reports QA accuracy for all pipeline condi-
tions. Hippo heuristic (QA = 0.424) is the best sin-
gle AgenticLOCI component at 7B, matching the
pattern in retrieval. AgenticLOCI Retrieval (0.398)
and AgenticLOCI Backbone (0.386) perform com-
parably; the Backbone’s slight QA disadvantage
relative to plain retrieval reflects that batched fact
extraction adds tokens that occasionally dilute the
reader’s attention, while MRR and R@1 advan-
tages show it selects better sessions overall. Agen-
ticLOCI Retrieval + RLM (n = 499, 0.387) does
not improve over the heuristic, consistent with the
LongMemEval finding that RLM-generated lobes
do not benefit the reader at this scale. Preference
QA is near-zero for all systems including BM25,
establishing a benchmark-level floor.

D.6 Qwen2.5-32B-Instruct Results
(LongMemEval-S)

Tables 15 and 16 reproduce the full LongMemEval-
S evaluation run with Qwen2.5-32B-Instruct (n =
470 retrieval, n = 500 QA), the model used for the
lobe ablation (Appendix D.4), error analysis (Ap-
pendix D.8), and the LongMemEval-M experiment

(Appendix D.7). These results predate the primary
7B evaluation and are included for cross-model
comparison. “Combined heuristic (LME lobes)” is
equivalent to AgenticLOCI Retrieval under the 7B
nomenclature. The 32B run achieves Combined
R@5 = 0.855 vs. 0.676 at 7B, confirming that RRF
complementarity strengthens with model capacity.

D.7 LongMemEval-M Results (Qwen2.5-32B)

LongMemEval-M (≈500 haystack sessions per
item vs. ≈48 in _S) enables direct comparison with
Table 9 of Wu et al. (2024) and tests whether the
STM+LTM complementarity observed on _S holds
at larger scale. For _M, the Combined pipeline
uses two-stage retrieval: BM25 pre-selection of
the 50 most relevant sessions (necessary because
all session summaries combined exceed Qwen2.5-
32B’s 32K token context limit), followed by En-
gram LLM ranking over the pre-selected candi-
dates. Hippo scores the full 500-session haystack
unaffected.

Table 17 shows that BM25 achieves R@5 =
0.774 on _M, substantially higher than the paper’s
BM25 K=V result of 0.634 (Table 9 of Wu et al.
2024); this gap is attributable to implementation dif-
ferences in tokenization rather than a methodologi-
cal discrepancy. Combined (LME lobes) reaches
R@5 = 0.683, below _M BM25 (0.774) and be-
low _S Combined (0.855). The drop is consistent
with the design constraint: the BM25 pre-filter
means Engram ranks only BM25-selected candi-
dates, so its semantic signal is no longer indepen-
dent of BM25, and Hippo’s keyword scores over
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Table 10: Full Stage 1 retrieval metrics on LongMemEval-S (n = 500, Qwen 2.5-7B). Bold = best AgenticLOCI
(non-BM25) result per column. LLM = LLM calls per query at retrieval time.

Pipeline R@1 R@3 R@5 R@10 Rany@5 Rany@10 MRR P@1 P@5 LLM

BM25 (session-level) 0.551 0.858 0.909 0.946 0.962 0.982 0.909 0.866 0.333 0

Engram (STM) 0.335 0.480 0.545 0.631 0.756 0.812 0.636 0.540 0.193 1
Hippo heuristic (LME lobes) 0.336 0.649 0.744 0.850 0.844 0.912 0.689 0.566 0.278 0
Hippo + RLM REPL 0.333 0.608 0.699 0.798 0.812 0.876 0.671 0.558 0.258 1
AgenticLOCI Retrieval (Eng+Hippo) 0.378 0.616 0.676 0.726 0.840 0.878 0.727 0.630 0.246 1
AgenticLOCI Retrieval + RLM 0.377 0.612 0.669 0.726 0.834 0.878 0.726 0.630 0.245 2
AgenticLOCI Backbone 0.393 0.621 0.680 0.732 0.844 0.878 0.741 0.650 0.250 1
Per-session Flashbulb (n = 30) 0.000 0.300 0.633 0.800 0.633 0.800 0.212 0.000 0.127 —

Table 11: R@5 by question type on LongMemEval-S (n = 500, Qwen 2.5-7B). Bold = best AgenticLOCI (non-
BM25) result per column.

Pipeline KU MR SS-U SS-A Pref TR

BM25 (session-level) 0.987 0.842 0.986 0.982 0.800 0.882

Engram (STM) 0.526 0.504 0.557 0.714 0.433 0.546
Hippo heuristic (LME lobes) 0.853 0.724 0.871 0.554 0.467 0.777
Hippo + RLM REPL 0.840 0.665 0.871 0.429 0.467 0.726
AgenticLOCI Retrieval 0.750 0.645 0.714 0.714 0.533 0.658
AgenticLOCI Retrieval + RLM 0.750 0.643 0.686 0.696 0.533 0.658
AgenticLOCI Backbone 0.756 0.650 0.714 0.732 0.467 0.672

500 sessions contribute more noise than they do at
_S scale. QA on _M shows Combined accuracy of
0.442, below the _M BM25 upper bound of 0.520.
The reversal from _S is entirely attributable to the
pre-filter degrading complementarity.

D.8 Item-Level Error Analysis

This analysis uses Qwen2.5-32B-Instruct retrieval
runs (n = 470, abstention excluded). The comple-
mentarity patterns described are architectural and
replicate under the 7B evaluation.

Table 18 breaks down, per question type, the 470
non-abstention items by which layer retrieves the
answer session first (R@1 = 1) while the other fails
(R@1 = 0). All figures use Hippo heuristic with
LongMemEval lobe categories and Engram only
(STM), evaluated independently.

Three patterns stand out. First, on knowledge-
update (KU), there are zero items where one sys-
tem wins R@1 and the other fails. Both layers
succeed and fail on exactly the same KU questions,
confirming that Hippo’s +33 pp R@5 advantage
over Engram on this type (7B: 0.853 vs. 0.526) is
purely a coverage effect rather than evidence that
Hippo systematically identifies updated sessions
better at rank 1. Second, Engram’s dominance
on single-session-assistant (27 of 65 Engram-only
wins) is structurally explained: Hippo ingests only
user turns during consolidation, making assistant-

stated facts largely invisible to keyword scoring.
Engram’s LLM ranker comprehends the full ses-
sion exchange and maps follow-up questions to the
correct prior session. Third, Hippo’s wins on pref-
erence (6 items) and single-session-user (10 items)
share a common pattern: the correct session con-
tains a specific, rare token, a proper noun, a precise
figure, a brand name, that appears in exactly one
session in the haystack.

The 23 items where both layers fail simultane-
ously decompose as follows: implicit preferences
aggregated across sessions without explicit state-
ment (7), assistant content with sparse keyword
signal (6), temporal questions requiring date arith-
metic rather than session identification (4), sparse
biographical facts mentioned only once in passing
(3), and multi-session questions whose evidence
spans disjoint sessions that no top-5 window covers
(3). The preference and biographical failures di-
rectly motivate the Longitudinal Deliberation Pro-
file as a proactive store for facts the retrieval stack
cannot reliably surface.

E Consolidation Error Breakdowns

E.1 Flashbulb Failure Analysis

Table 19 decomposes the Flashbulb misses by axis
and type, complementing the aggregate results in
§4.2.1.
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Table 12: MRR by question type on LongMemEval-S (n = 500, Qwen 2.5-7B). Bold = best AgenticLOCI (non-
BM25) result per column.

Pipeline KU MR SS-U SS-A Pref TR

BM25 (session-level) 0.977 0.923 0.937 0.982 0.584 0.882

Engram (STM) 0.751 0.660 0.479 0.657 0.335 0.686
Hippo heuristic (LME lobes) 0.825 0.757 0.706 0.465 0.358 0.701
Hippo + RLM REPL 0.814 0.736 0.732 0.346 0.350 0.698
AgenticLOCI Retrieval 0.835 0.788 0.615 0.599 0.351 0.802
AgenticLOCI Retrieval + RLM 0.835 0.792 0.601 0.592 0.364 0.800
AgenticLOCI Backbone 0.851 0.786 0.638 0.634 0.351 0.820

Table 13: Lobe vocabulary ablation: R@5 by question type on LongMemEval-S (n = 470, abstention excluded).
Run with Qwen2.5-32B-Instruct (see Appendix D.6 for full 32B results). ∆ = LME lobes − mobility lobes (signed).
Largest per-type gains in bold.

Pipeline / ∆ Overall KU MR SS-U SS-A Pref TR

Hippo (mobility lobes) 0.705 0.868 0.676 0.891 0.429 0.467 0.725
Hippo (LME lobes) 0.747 0.868 0.720 0.906 0.554 0.467 0.774
∆ +0.042 0.000 +0.044 +0.016 +0.125 0.000 +0.049

Combined (mobility lobes) 0.834 0.910 0.817 0.906 0.839 0.733 0.790
Combined (LME lobes) 0.855 0.889 0.832 0.922 0.839 0.733 0.858
∆ +0.021 −0.021 +0.015 +0.016 0.000 0.000 +0.068

E.2 Longitudinal Profile Violation Breakdown
Table 20 lists the five unwarranted profile changes
made by full Hippo across the three users with
errors, complementing the aggregate results in
§4.2.2. We also examined the four protected snap-
shot blocks (deliberation dynamics, mode activa-
tions, valences, stressor tolerances) that Hippo is
instructed not to overwrite. The keyword path pre-
serves all four blocks for all ten users (40 of 40),
because its write surface is restricted in code. The
LLM path preserves 33 of 40, with five users each
receiving at least one such write into a protected
block. The lesson for deployment: code-level write-
surface restrictions are more reliable than prompt-
level instructions to leave a region untouched; a
production system should enforce both.

F Prompts and Implementation Details

This section documents the prompt designs and
implementation choices for AgenticLOCI agents,
complementing the architecture description in Sec-
tion 3. All prompts are domain-supplied via the
DomainPack contract; the Magdeburg mobility do-
main is used as the reference instantiation here.

F.1 Broca: Conversational Agent Prompt
Design

Broca’s system prompt encodes five design princi-
ples. (1) Synthesize, don’t list: Broca commits to
a single recommendation rather than presenting op-

tions; bullet lists of transport modes are explicitly
forbidden. (2) Translate internal signals to natu-
ral language: deliberation-profile fields are never
shown to the user; the prompt maps each field
to a natural phrase (“speed_need high” → “you
don’t like wasting time”; “avoid_traffic flag” →

“you hate sitting in traffic”). (3) Flashbulb-first
filtering: before recommending a mode, Broca
hard-filters on active Flashbulb constraints (“bike
stolen → drop cycling”). (4) Machine-readable
route tag: every routing decision appends
<route mode="..." origin="..."
destination="..."/> parsed server-side
to render a map card; users never see the tag.
(5) Confidence-calibrated closers: the final line
varies with deliberation confidence (confidence
> 0.4: “Sound good?”; 0.2–0.4: “Sound good, or
want a different angle?”; < 0.2: “That work for
you, or is there something I’m missing?”).

The routing pipeline encoded in the prompt runs
five steps in order: (i) filter hard by Flashbulb con-
straints, (ii) fetch live MCP data (weather, traffic,
parking, transit) in parallel, (iii) synthesize one
mode from the deliberation profile, live data, and
temporal context, (iv) write a single reasoning-trail
paragraph in natural language only, (v) append the
<route/> tag.
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Table 14: Full Stage 2 QA accuracy on LongMemEval-S (n = 500, Qwen 2.5-7B reader and judge). AgenticLOCI
Retrieval + RLM n = 499 (one item no valid response). Bold = best AgenticLOCI (non-BM25) condition per
column.

Pipeline Overall KU MR SS-U SS-A Pref TR

BM25 (session-level) 0.496 0.603 0.338 0.900 0.911 0.200 0.271

Engram (STM) 0.344 0.385 0.180 0.614 0.732 0.233 0.203
Hippo heuristic (LME lobes) 0.424 0.526 0.293 0.843 0.554 0.200 0.271
Hippo + RLM REPL 0.399 0.590 0.212 0.857 0.446 0.267 0.241
AgenticLOCI Retrieval 0.398 0.538 0.211 0.729 0.679 0.300 0.233
AgenticLOCI Retrieval + RLM 0.387 0.526 0.211 0.710 0.643 0.267 0.233
AgenticLOCI Backbone 0.386 0.513 0.158 0.757 0.732 0.133 0.256
Per-session Flashbulb (n = 30) 0.633 — — 0.633 — — —

Table 15: Stage 1 retrieval on LongMemEval-S (n = 470, abstention excluded; Qwen2.5-32B-Instruct). “Combined
heuristic (LME lobes)” is the same as AgenticLOCI Retrieval in the main text. Bold = best non-BM25 result per
column.

Pipeline R@1 R@5 R@10 Rany@5 NDCG@5 MRR P@1 LLM

BM25 (session-level) 0.558 0.913 0.948 0.962 0.883 0.909 0.870 0

Engram (STM) 0.473 0.679 0.703 0.843 0.688 0.794 0.751 1
Hippo heuristic (mobility lobes) 0.332 0.705 0.802 0.815 0.626 0.662 0.553 0
Hippo heuristic (LME lobes) 0.337 0.747 0.854 0.843 0.660 0.684 0.566 0
Hippo + RLM REPL 0.337 0.704 0.808 0.819 0.627 0.667 0.562 1
AgenticLOCI Retrieval (mobility lobes) 0.504 0.834 0.888 0.926 0.801 0.857 0.811 1
AgenticLOCI Retrieval (LME lobes) 0.509 0.855 0.902 0.936 0.817 0.866 0.823 1
AgenticLOCI Retrieval + RLM REPL 0.468 0.773 0.827 0.870 0.747 0.803 0.747 2

F.2 Flashbulb: Sleep-Time Consolidation
Prompt

The Flashbulb consolidation prompt runs at session
end, triggered by Thalamus. Its core design heuris-
tic is a “weird test”: would it be helpful or weird if
Broca mentioned this fact unprompted three days
from now? If ‘weird,’ do not add it. This conser-
vative criterion qualifies persistent transport con-
straints (“bike was stolen”, “uses a wheelchair”),
temporary health constraints with week-scale ef-
fects (“sprained ankle, two-week recovery”), recur-
ring schedules (“class at Building 03 every Mon-
day 9am”), and explicit user requests (“please re-
member . . . ”) for Flashbulb storage. One-off
route requests route to the events store; ca-
sual preference mentions route to preferences;
current trip destinations and weather snapshots
are discarded. The prompt returns strict JSON
covering add_events, remove_event_ids,
update_events, events, preferences,
active_intents, and notes; no prose out-
put is permitted.

F.3 Hippo: RLM Batch Consolidation Prompt

When RLM mode is enabled, Hippo
makes one batch LLM call per item via

a Python REPL environment (rlms pack-
age). The LLM is given three tools:
get_sessions(), get_lobe_names(),
and get_lobe_keywords(name), and
is instructed to iterate over sessions, match
keyword occurrences per lobe, build a result
dictionary {session_id: [{name,
signals:[{keyword,count}],
confidence, summary}]}, and return
it via FINAL_VAR('result_json'). A criti-
cal implementation note: FINAL_VAR requires
a variable name string, not an expression; call-
ing FINAL_VAR(json.dumps(result))
passes a JSON string as a variable name, which
silently fails and falls back to heuristic mode. This
prompt engineering constraint explains why RLM
≈ heuristic on retrieval recall (R@5 0.704 vs.
0.705): any REPL call that encounters an error
falls back to the heuristic, leaving the majority of
items scored identically.

F.4 Hippo Lobe Taxonomies

Hippo uses two lobe taxonomies selectable via
custom_lobe_rules: the default domain-
specific mobility taxonomy (7 lobes; Table 21) and
the LongMemEval general-domain taxonomy (10
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Table 16: Stage 2 QA accuracy on LongMemEval-S (n = 500; Qwen2.5-32B-Instruct reader and judge). Bold =
best non-BM25 condition per column. AgenticLOCI Retrieval + RLM n = 499.

Pipeline Overall KU MR SS-U SS-A Pref TR

BM25 (session-level) 0.528 0.564 0.466 0.929 0.946 0.067 0.286

Engram (STM) 0.384 0.321 0.271 0.729 0.768 0.133 0.248
Hippo heuristic (LME lobes) 0.460 0.641 0.353 0.871 0.571 0.000 0.301
AgenticLOCI Retrieval (LME lobes) 0.514 0.564 0.459 0.871 0.821 0.067 0.323
AgenticLOCI Retrieval (mobility lobes) 0.528 0.628 0.451 0.914 0.821 0.100 0.316
AgenticLOCI Retrieval + RLM REPL 0.461 0.597 0.376 0.857 0.839 0.033 0.196

Table 17: Stage 1 retrieval on LongMemEval-M (n = 470, abstention excluded; Qwen2.5-32B-Instruct). “Combined
heuristic (LME lobes)” = AgenticLOCI Retrieval with LME lobe categories. Combined uses two-stage retrieval:
BM25 pre-filter (top-50) then Engram LLM ranking; Hippo scores all sessions.

Pipeline R@1 R@5 R@10 NDCG@5 NDCG@10 MRR P@1 Rany@5

BM25 (session-level) 0.439 0.774 0.834 0.722 0.746 0.764 0.685 0.872
Combined heuristic (LME lobes) 0.435 0.683 0.729 0.662 0.680 0.741 0.681 0.821

lobes; Table 22).
Both taxonomies are passed via the

custom_lobe_rules parameter of the
Hippo constructor; no code changes are required
per domain. The SS-A retrieval gain from
LME lobes (+12.5 pp; Table 13) is the clearest
illustration of why domain-appropriate keywords
matter.

F.5 Engram: LLM-Based Session Retrieval

Engram’s process_query constructs a single
prompt at query time containing all stored ses-
sion summaries and asks the LLM to rank ses-
sions by relevance. No separate prompt file is
used; the prompt is assembled inline from stored
entries and the query. In evaluation, sessions are
ingested in summary mode: the first three user
turns of each session are concatenated into a sin-
gle entry via record_turn. On LongMemEval-
S (≈48 sessions/item), this yields approximately
48 × 50 = 2,400 prompt tokens, comfortably
within Qwen2.5-32B’s 32K limit.

On LongMemEval-M (≈500 sessions/item), the
same approach would exceed the 32K limit. A
BM25 pre-filter selecting the top-50 candidate ses-
sions is therefore applied before the Engram LLM
call. This design decision is the root cause of the
performance reversal on _M (Appendix D.7): the
pre-filter makes Engram’s signal correlated with
BM25, breaking the independence assumption be-
hind RRF. Replacing Engram’s LLM ranker with
a dense embedding model (no context-length con-
straint) would restore the independent-signal prop-
erty at _M scale and is an explicit target for future

work.

F.6 LongMemEval QA Judge Configuration
(32B Evaluation)

QA accuracy is evaluated using the exact per-type
judge prompts from (Wu et al., 2024), sourced
without modification. Each item receives the ques-
tion, the ground-truth answer rubric, and the sys-
tem’s generated answer; the judge returns binary
correct/incorrect with type-specific criteria. The
knowledge-update type requires identifying the up-
dated fact, not the original; single-session types
(SS-U, SS-A) require evidence from the correct
session.

The primary model difference from the paper’s
results is judge model: we use Qwen2.5-32B-
Instruct (local deployment on an institutional GPU
server via vLLM), while the paper uses GPT-
4o (gpt-4o-2024-08-06). We use Top-5 re-
trieved sessions as context; the paper’s 0.700 figure
uses Top-10. The most model-matched compar-
ison in the paper is Llama 3.1 70B reader, Top-
5, LongMemEval-M = 0.588, placing our 0.514
(LME-S) approximately 7 pp below that reference.
The paper further reports Chain-of-Note prompt-
ing gaining up to 10 pp on oracle retrieval; we use
standard prompts throughout.
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Table 18: Item-level error analysis: where each layer wins at R@1 while the other fails, by question type (n = 470,
abstention excluded). Hippo = Hippo heuristic (LME lobes); Engram = Engram only (STM).

Outcome KU MR SS-U SS-A Pref TR Total

Hippo wins, Engram fails 0 0 10 3 6 2 21
Engram wins, Hippo fails 0 0 18 27 12 8 65
Both fail (R@1 and R@5 = 0) 0 3 3 6 7 4 23
Both correct (R@1 = 1) 0 0 28 17 1 4 50

Axis Failure type Count

Capture Ambiguous durability (persistent weather) 4
Third-party fact (not the user’s own state) 2
One-off or inferred event 7

Expire Implicit resolution (pin left in place) 8
Removed one day early 2

Table 19: Where Flashbulb’s errors fall. Of 65 events,
the 13 capture misses and 10 expire misses concentrate
on the deliberately hard cases; routine stated facts are
handled reliably.

User Incorrect change Magnitude

2 environmental need collapsed −0.22
3 environmental need inflated +0.09
3 physical-activity need inflated +0.10
9 avoid_traffic flipped on flag
9 prefer_covered_paths on flag

Table 20: The five profile violations by full Hippo; the
other seven users had none. Each is an inspectable,
reversible entry in the version history.
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Table 21: Domain-specific mobility lobe taxonomy (default, Magdeburg deployment). Each lobe maps to a
longitudinal deliberation-profile dimension.

Lobe Purpose / Sample Keywords

mobility Transport mode signals: bike, tram, bus, route, commute, parking
schedule_routines Regular temporal patterns: every, weekly, schedule, monday–friday
health_constraints Physical capability limits: hurt, injury, wheelchair, fatigue, sprain
places_familiarity Location preferences: home, office, campus, avoid, prefer
social_contacts People and appointments: family, partner, colleague, doctor
preferences_values Decision-making values: prefer, hate, cost, fast, safe, eco
transient_changes Time-limited states: today, this week, temporary, recently, just

Table 22: LongMemEval general-domain lobe taxonomy (--lobe-set longmemeval). Used only in bench-
mark evaluation; covers the 164-attribute user ontology of Wu et al. (2024).

Lobe Sample Keywords

life_events graduated, married, promoted, hired, moved, surgery, retired
possessions bought, car, bike, phone, laptop, pet, dog, house, instrument
hobbies_interests cooking, gardening, photography, gaming, hiking, yoga, swimming
media_entertainment book, movie, show, podcast, music, album, stream, netflix
food_dining restaurant, recipe, vegetarian, coffee, barbecue, diet
work_career job, boss, meeting, deadline, salary, promotion, company
health_wellness doctor, hospital, medication, exercise, injury, therapy, stress
preferences_tastes favorite, love, hate, prefer, enjoy, recommend, avoid
social_relationships friend, family, partner, spouse, colleague, daughter, neighbor
travel_places travel, vacation, visit, hotel, flight, beach, abroad, camping
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