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Abstract

Language-model-based agents operating over
extended interaction horizons face persistent
challenges in preserving temporally grounded
information and maintaining behavioral con-
sistency across sessions, a failure mode we
term soul erosion. We present BMAM (Brain-
inspired Multi-Agent Memory), a general-
purpose memory architecture that models agent
memory as a set of functionally specialized
subsystems rather than a single unstructured
store. Inspired by cognitive memory systems,
BMAM decomposes memory into episodic, se-
mantic, salience-aware, and control-oriented
components that operate at complementary
time scales. To support long-horizon reasoning,
BMAM organizes episodic memories along
explicit timelines and retrieves evidence by
fusing multiple complementary signals. Ex-
periments on the LoCoMo benchmark show
that BMAM achieves 78.45% accuracy un-
der the standard long-horizon evaluation set-
ting, and ablation analyses confirm that the
hippocampus-inspired episodic memory sub-
system plays a critical role in temporal reason-
ing.

1 Introduction

Language-model-based agents increasingly operate
in settings that require maintaining and reasoning
over information accumulated across extended in-
teractions, spanning diverse tasks, domains, and
time scales. Such agents must retain past expe-
riences, organize them into usable memory struc-
tures, and retrieve relevant information under vary-
ing goals and contexts. However, large language
models are constrained by finite context windows
and lack an explicit mechanism for managing long-
term memory beyond the current input (Packer
et al., 2023; Maharana et al., 2024). Retrieval-
augmented generation (RAG) partially alleviates
this limitation by fetching external documents on
demand, but it treats memory as an external text

repository rather than an internal, evolving system.
As a result, RAG-style approaches provide limited
support for persistent memory accumulation, tem-
poral organization, and cross-episode reasoning,
motivating the need for a general-purpose mem-
ory framework that can support long-horizon agent
behavior across tasks rather than task-specific re-
trieval pipelines (Zhang et al., 2025b; Hu et al.,
2025).

Evidence from cognitive science suggests that
memory is not a single monolithic store, but is
supported by multiple functionally specialized
subsystems operating over complementary time
scales (e.g., fast episodic encoding alongside
slower semantic consolidation and executive con-
trol) (O’Reilly et al., 2014). Inspired by this view,
we propose BMAM (Brain-inspired Multi-Agent
Memory Framework), a brain-inspired multi-agent
memory architecture that decomposes agent mem-
ory into interacting subsystems responsible for
episodic storage, semantic consolidation, salience-
aware selection, and intent-conditioned control
(Li et al., 2025b). BMAM constructs internal
memory representations rather than relying solely
on external retrieval, and employs a timeline-
indexed episodic memory organization to sup-
port temporally grounded access to past experi-
ences. The framework further integrates a hybrid
retrieval mechanism that combines lexical, dense,
knowledge-graph, and temporal signals via recipro-
cal rank fusion, together with asynchronous mem-
ory consolidation processes inspired by comple-
mentary learning principles. To coordinate mem-
ory access across different temporal scales, BMAM
adopts a hierarchical memory control mechanism
from recent work, enabling both fast context-level
access and slower consolidated memory retrieval.
In preliminary analyses of long-horizon agent be-
havior, we observe a recurring failure pattern in
which fragmented or misaligned memory leads to
degradation in temporal coherence and identity-



related behavior across interactions, which we re-
fer to as soul erosion, providing a diagnostic lens
for failures of long-term memory management in
general-purpose agent settings.

Contributions

* We identify and characterize soul erosion, a
recurring failure pattern in long-horizon agent
behavior where fragmented or misaligned
memory leads to degradation in temporal co-
herence and identity-related behavior.

* We propose BMAM, a brain-inspired frame-
work that addresses this challenge by decom-
posing memory into specialized subsystems
(episodic, semantic, salience). Crucially, we
introduce a timeline-indexed organization
and a hybrid retrieval strategy that fuses lex-
ical, semantic, and temporal signals for robust
grounding.

* We validate BMAM on the LoCoMo bench-
mark, achieving 78.45% accuracy and out-
performing baselines in long-horizon settings.
Further ablation studies empirically confirm
the critical role of the hippocampus-inspired
subsystem in enabling temporal reasoning.

Soul Erosion: Why Memory Matters We use
the term soul erosion to describe a recurring failure
pattern in long-horizon agent interactions, where
fragmented or misaligned memory leads to degra-
dation in behavioral continuity and identity-related
behavior. Analogous to how human identity relies
on the continuity of autobiographical memory (Wil-
son and Ross, 2003; Bluck and Liao, 2013), an Al
agent’s “soul” (its consistent preferences, behav-
ioral tendencies, and interaction patterns) may grad-
ually degrade when long-term memory is poorly
organized or inconsistently accessed.

Formal Definition We formalize soul erosion
as a composite degradation metric over three or-
thogonal dimensions. Let M; denote the agent’s
memory state at interaction step . We define the
soulfulness score S as:

S(My) = a-T(My)+8-C(My)+~-1(My) (1)

where T'(-) measures temporal coherence (ability
to correctly order and recall when events occurred),
C(-) measures semantic consistency (absence of
factual contradictions), and [ (-) measures identity
preservation (retention of user-specific preferences

and traits). The weights o, 3,7 > 0 with a + 8 +
~v = 1 reflect task-specific importance.

Soul erosion is then defined as the degradation
of soulfulness over time:

E(to, t) = S(My,) — S(My) 2

where ¢ is a reference point (e.g., initial interac-
tion or last memory consolidation). A positive £
indicates soul erosion has occurred. In our experi-
ments, we operationalize these components using
benchmark proxies: 7" via LoCoMo temporal accu-
racy, C' via cross-session consistency metrics, and
I via PrefEval and PersonaMem scores.

Soul erosion encompasses three distinct fail-
ure modes (Figure 1), each arising from different
memory failures and requiring specialized counter-
measures:

(1) Temporal Erosion The agent loses track of
when events occurred, leading to anachronistic or
temporally inconsistent responses. Cognitive re-
search shows that temporal context is fundamental
to episodic memory organization (Howard and Ka-
hana, 2002; Eichenbaum, 2014), and benchmarks
like LoCoMo and LongMemEval (Maharana et al.,
2024; Wu et al., 2024) reveal that LLM agents
frequently fail on temporal queries. As shown in
Figure 1 (left), without explicit temporal organiza-
tion, the agent may confuse event order, overlook
durations, or fail to answer time-dependent queries.
BMAM addresses temporal erosion through Stor-
yArc timeline indexing, which maintains explicit
temporal structure over stored experiences.

(2) Semantic Erosion Facts and relationships
degrade or become internally inconsistent across
interactions. This mirrors the forgetting and in-
terference phenomena studied in human mem-
ory (Wixted, 2004; Anderson, 2003), where mem-
ories compete and degrade without proper con-
solidation. As depicted in Figure 1 (center), the
agent may provide contradictory answers about the
same entity over time. HippoRAG (Jimenez Gutier-
rez et al., 2024) and memory surveys (Zhang
et al., 2025b) highlight this challenge. BMAM
counters semantic erosion through hippocampus-
to-temporal-lobe consolidation, which promotes
frequently accessed and high-confidence episodic
memories into stable semantic representations.

(3) Identity Erosion User preferences, personal-
ity traits, and persistent behavioral patterns may



be overwritten or lost as new context accumu-
lates. Research on autobiographical memory em-
phasizes that identity coherence depends on pre-
serving self-relevant experiences (Conway, 2005;
McAdams, 2001). Benchmarks like PersonaMem
and PrefEval (Jiang et al., 2025; Zhao et al., 2025)
demonstrate that current systems struggle to main-
tain user-specific information. As shown in Fig-
ure 1 (right), this failure mode undermines per-
sonalization: the agent “forgets” who the user
is. BMAM mitigates identity erosion through
amygdala-inspired salience tagging, which priori-
tizes identity-relevant information and protects it
from being overwhelmed by transient context.

Multi-Agent Coordination as Erosion Defense
A central design insight of BMAM is that these
three forms of erosion arise from distinct mem-
ory failures and cannot be fully addressed by a
single mechanism. Cognitive neuroscience re-
search demonstrates that human memory relies
on multiple specialized systems (the hippocampus
for episodic encoding, the neocortex for seman-
tic consolidation, and the amygdala for emotional
salience) that interact to maintain coherent long-
term memory (O’Reilly et al., 2014). Inspired by
this functional specialization, BMAM distributes
memory functions across multiple interacting com-
ponents, each targeting a specific erosion type (Fig-
ure 1). Our ablation studies (Table 6) empirically
validate this design: removing the hippocampus-
inspired episodic memory causes the largest per-
formance drop, confirming its critical role, while
other components contribute complementary de-
fenses against different erosion types.

2 Background and Related Work

Memory Architectures for LLM Agents
Retrieval-augmented generation (RAG) improves
factual grounding but treats memory as implicit
and transient; retrieved passages are not reor-
ganized into stable internal structures (Zhang
et al., 2025a; Wang et al., 2024; Xu et al., 2024).
Agent-centric frameworks address this limitation
through explicit memory management. MemGPT
pioneered virtual context management by treating
LLMs as operating systems with hierarchical
memory tiers (Packer et al., 2023). Memory-
Bank extends this with forgetting mechanisms
inspired by Ebbinghaus curves (Zhong et al.,
2024). A-MEM introduces agentic memory that
autonomously manages storage and retrieval (Xu

et al.,, 2025b). Production systems like MemO,
Memobase, and MemOS provide scalable memory
APIs with multi-component stores (Chhikara
et al., 2025; memodb-io, 2025; Li et al., 2025a).
Hierarchical approaches organize memory by
semantic abstraction levels (Sun and Zeng, 2025;
Wang et al., 2025; Xu et al., 2025a). Memory-
augmented transformers have explored various
mechanisms for extending context, including
segment-level recurrence (Dai et al., 2019),
kNN-augmented attention (Wu et al., 2022), and
brain-inspired episodic memory (Das et al., 2024).
These approaches primarily target token-level or
sequence-level prediction, whereas BMAM targets
long-horizon agent memory management: what to
store, how to organize it temporally, and how to
retrieve it under changing goals.

Brain-Inspired and Cognitive Approaches
Cognitive neuroscience motivates separating fast
episodic encoding from slower semantic consoli-
dation and salience-based prioritization (O’Reilly
et al., 2014). This principle has inspired sys-
tems like HippoRAG for hippocampus-style in-
dexing (Jimenez Gutierrez et al., 2024), Nemori
for event segmentation (Nan et al., 2025), and re-
flective memory systems that learn from experi-
ence through prospective and retrospective reflec-
tion (Tan et al., 2025; Shinn et al., 2023). Recent
architectures emphasize tight coupling between per-
ception and memory, forming closed loops that
support adaptive long-term memory (Wang et al.,
2023; Park et al., 2023). Compared to these ap-
proaches, BMAM differs in three key aspects: (1)
multi-region coordination: while HippoRAG fo-
cuses on hippocampal pattern separation, BMAM
models interactions among multiple brain-region
analogs (hippocampus, temporal lobe, amygdala,
prefrontal cortex); (2) explicit temporal indexing:
unlike Nemori’s event boundaries, BMAM main-
tains continuous timeline structures that support
arbitrary temporal queries; (3) salience-aware con-
solidation: BMAM integrates amygdala-inspired
importance signals into the consolidation process,
prioritizing identity-relevant information over tran-
sient context.

Benchmarks Long-term memory benchmarks
evaluate temporal reasoning (LoCoMo (Maharana
et al., 2024), LongMemEval (Wu et al., 2024)),
preference consistency (PrefEval (Zhao et al.,
2025)), and persona recall (PersonaMem (Jiang
et al., 2025)), providing complementary perspec-
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Figure 1: Soul erosion types and BMAM countermeasures. Each erosion mechanism requires a specialized defense:
temporal erosion is addressed by StoryArc timeline indexing, semantic erosion by hippocampus-to-temporal-lobe
consolidation, and identity erosion by amygdala salience tagging.

tives on the challenges BMAM addresses.

3 BMAM Framework

BMAM adopts a coordinator-centered multi-agent
architecture that decomposes long-term memory
into functionally specialized components while
maintaining a unified memory substrate. A cen-
tral coordinator routes information among interact-
ing subsystems responsible for memory storage,
retrieval, consolidation, and control, enabling mod-
ular specialization without fragmenting memory
state.

Memory Loop and Coordination BMAM im-
plements an explicit memory loop inspired by
hippocampus—neocortex dynamics. Incoming ex-
periences are encoded into episodic memory using
fast, discriminative representations and tagged with
salience signals, while relevant content is main-
tained in a constrained working-memory buffer to
support immediate reasoning. Over time, selected
episodic information is consolidated into semantic
memory and a shared knowledge graph. Retrieval
closes the loop by jointly accessing episodic and
semantic evidence under temporal constraints, with
feedback signals adjusting consolidation priorities
and routing decisions.

Functionally Specialized Memory Components
BMAM decomposes memory into complemen-
tary subsystems with explicit roles and capacities.
Episodic memory stores temporally grounded inter-
action traces and supports discriminative address-
ing. Semantic memory consolidates stable facts

and relations into a shared knowledge graph. A
salience-aware component computes importance
signals from interaction cues (e.g., novelty, con-
flict, or user feedback) that modulate consolidation
scheduling and retrieval weighting.

The Prefrontal component implements execu-
tive control functions inspired by the prefrontal
cortex’s role in working memory maintenance and
cognitive control (Miller and Cohen, 2001). Specif-
ically, it performs three functions: (1) query rout-
ing, classifying incoming queries along dimensions
(temporal, identity, preference, factual) to deter-
mine which memory subsystems to consult; (2)
working-memory buffering, maintaining a capacity-
limited buffer (10 items) of recent context for im-
mediate reasoning without full memory retrieval;
and (3) attention allocation, dynamically weight-
ing evidence sources based on query requirements.
Control-oriented components, including the Pre-
frontal buffer and Basal Ganglia procedural pat-
terns, together provide complementary protections
against different forms of memory degradation.

Unified Memory Substrate and Temporal Index-
ing BMAM employs a unified memory substrate
that combines key—value episodic storage, vector-
based similarity indexing, and a shared knowledge
graph. Episodic memories are organized into a
timeline-indexed structure that records minimal nar-
rative units indexed by entities, events, and times-
tamps. This temporal organization enables queries
involving order, duration, and temporal relations
(e.g., before/after, first/last), while consolidation
processes selectively lift episodic information into
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Figure 2: BMAM architecture overview. A central coordinator orchestrates multiple functionally specialized
memory subsystems sharing a unified memory substrate with episodic timelines, a knowledge graph, and vector-

based storage.

semantic form to ensure consistency across repre-
sentations.

Hierarchical Coordination and Retrieval To
support long-horizon interactions, BMAM adopts
hierarchical memory coordination mechanisms that
regulate memory access and updates across mul-
tiple time scales. Fast paths support immediate
context-level access, while slower paths govern se-
mantic consolidation and procedural stabilization.
Retrieval integrates fast-path detection, iterative in-
teraction between episodic and control components,
and uncertainty-driven multi-round retrieval. Ev-
idence from episodic memory, semantic memory,
and the knowledge graph is combined with tempo-
ral constraints, and feedback signals dynamically
reweight lexical, dense, entity-based, and temporal
cues.

Memory Lifecycle BMAM models memory as
a dynamic lifecycle governing encoding, consoli-
dation, retrieval, and revision, summarized in Ap-
pendix Figure 5.

Input Analysis and Episodic Encoding We first
analyze each incoming interaction to extract enti-
ties, temporal expressions, and intent cues relevant
to memory formation. The interaction is encoded
as an episodic memory trace, capturing the contex-
tual content together with inferred temporal and
semantic attributes. Salience signals are computed
from interaction cues (e.g., novelty, conflict, or user
feedback) and attached to the episode. To support
efficient short-term reasoning, a compact summary

of recent episodes is maintained in a constrained
working-memory buffer.

Consolidation and Temporal Organization
Next, BMAM employs a complementary learn-
ing process in which frequently accessed and high-
confidence episodic memories are selectively con-
solidated into semantic memory. Consolidated in-
formation populates a shared knowledge graph that
maintains stable facts and relations across interac-
tions. In parallel, episodic memories are organized
into a timeline-indexed structure that records entity-
centric events with associated temporal informa-
tion. This temporal organization enables reasoning
over event order, relative timing, and durations,
supporting queries such as when, before/after, and
how long without requiring full episodic recall.

Hybrid Retrieval and Temporally Grounded An-
swering To answer a query, BMAM retrieves
relevant evidence from multiple sources, includ-
ing episodic memory, semantic memory, and the
timeline-indexed event structure. Each source
s € & produces a ranked list of candidates, and
lexical, dense, relational, and temporal signals are
fused using (weighted) reciprocal rank fusion:

):ggk—i—ra

where rankg(d | ¢) is the rank of candidate d un-
der source s, k = 60 is the smoothing constant
following standard RRF practice, and w; reflects
the current preference over evidence sources. For

Ws
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time-dependent questions, temporal evidence is
extracted from the timeline organization to com-
pute relative orderings and durations, which are
then used to generate temporally grounded answers.
This retrieval process is adaptive: uncertainty and
salience signals may trigger additional retrieval
rounds or reweight evidence sources.

Background Optimization and Memory Revi-
sion In parallel with online interaction, mem-
ory organization in BMAM is continuously refined
through background processes. Episodic memories
may be reconsolidated when re-accessed, increas-
ing their stability or updating their content as new
evidence emerges. Low-value or outdated memo-
ries are gradually pruned, while salience-relevant
episodes receive prioritized consolidation. These
processes allow BMAM to revise memory over
time, preventing uncontrolled growth and reduc-
ing the accumulation of inconsistent or obsolete
information.

Continual Learning and Plasticity Over longer
interaction horizons, BMAM treats memory as a
plastic substrate rather than a static store. Continual
learning emerges from ongoing consolidation and
reconsolidation, whereby retrieved evidence can
update semantic memory instead of being frozen
after first storage. Conceptually, if p;(f) denotes
the confidence of a semantic fact f at time ¢, and
pt(f) is an evidence-based estimate from new re-
trieval/verification, then memory revision can be
expressed as an exponential moving average:

pe+1(f) = (1 = Npe(f) + Ape(f), D)

where A € (0, 1) is the update rate. This enables
knowledge updates while damping noisy evidence.
When confidence is low or information is incom-
plete, the system may actively seek clarification
through follow-up interaction, strengthening mem-
ory traces and reducing uncertainty. Over time,
adaptive routing, salience-weighted storage, and
confidence-calibrated retrieval (e.g., by adjusting
ws in Eq. 3) change what is stored, how it is in-
dexed, and how evidence is combined, enabling
BMAM to evolve its memory behavior as experi-
ence accumulates.

4 Experiments

4.1 Experimental Setup

We evaluate BMAM on four benchmarks designed
to test long-horizon memory and personalization

capabilities (Table 1). Our evaluation focuses pri-
marily on LoCoMo and LongMemEval, which
together capture complementary challenges in con-
versational memory, temporal reasoning, and mem-
ory consistency over extended interactions.

Primary Benchmarks We focus primarily on
LoCoMo (Maharana et al., 2024) and Long-
MemEval (Wu et al., 2024), which together cap-
ture complementary challenges in long-horizon
memory. LoCoMo evaluates recall of facts, rela-
tionships, and events across extended multi-session
dialogues, emphasizing single-hop factual recall,
multi-hop reasoning, and temporally grounded
questions. LongMemEval complements this with
cross-session recall, preference tracking, knowl-
edge updates, and explicit temporal reasoning,
stressing memory consistency under evolving in-
formation.

Additional Benchmarks We further evaluate
BMAM on PersonaMem and PrefEval, which
focus on persona consistency and preference align-
ment, respectively. These benchmarks test whether
memory systems can preserve user-specific infor-
mation and behavioral preferences across interac-
tions, complementing the conversational and tem-
poral challenges posed by LoCoMo and Long-
MemEval.

Dataset Scale Task Focus Metric

LoCoMo

10 groups, 1986 long-horizon di- Accuracy
QA alogue
LongMemEval 500 questions long-term mem- Accuracy

ory

PersonaMem 20 users, 589 QA persona recall Accuracy
MCQ)

PrefEval 1000 questions  preference Pers. rate
alignment

Table 1: Datasets and evaluation metrics used in BMAM
experiments.

Baselines We compare BMAM against seven
memory-augmented LLM systems: MemOS (Li
et al., 2025a), a memory operating system with
unified memory scheduling; Mem0 (Chhikara
et al.,, 2025), a scalable memory-centric ar-
chitecture with optional graph-based memory;
MIRIX (Wang and Chen, 2025), a multi-agent sys-
tem with six specialized memory types; Zep (Ras-
mussen et al., 2025), a temporally-aware knowl-
edge graph engine; Memobase (memodb-io,
2025), Supermemory (supermemoryai, 2025), and
MemU (NevaMind-Al, 2025). Baseline results are



from Li et al. (2025a); we re-run MemOS with
GPT-40-mini for fair comparison.

Evaluation Protocol For all benchmarks, per-
sistent memory is reset between independent eval-
uation units (e.g., LoCoMo conversation groups
or individual users) while being preserved within
each unit to reflect realistic interaction histories.
Conversation logs are ingested through BMAM’s
memory lifecycle prior to evaluation, and queries
are issued in evaluation mode without additional
learning. We follow the evaluation protocol, met-
rics, and judge prompts from MemOS'; baselines
are evaluated using their official scripts. Crucially,
to ensure a fair comparison, we re-evaluated the
strongest baseline (MemOS) using the identical
LLM backend (GPT-40-mini) as BMAM, eliminat-
ing discrepancies arising from model version up-
dates. During evaluation, all background processes
(consolidation, reconsolidation, pruning) are dis-
abled; memory state is frozen after ingestion to
prevent test-time learning.

4.2 Results

Table 2 summarizes our main results.

Dataset Metric Score Correct/Total
LoCoMo Accuracy 78.45%  1558/1986
LongMemEval Accuracy 67.60%  338/500
PersonaMem  Accuracy 48.9% 288/589
PrefEval Pers. rate 72.90%  729/1000

Table 2: BMAM results across four long-term memory
benchmarks.

Across benchmarks, BMAM is strongest on Lo-
CoMo and PrefEval, while PersonaMem remains
challenging: its multiple-choice format requires
exact surface-form matching, whereas BMAM’s
retrieval is optimized for open-ended generation,
and its emphasis on shallow persona attributes dif-
fers from BMAM’s focus on temporally grounded
identity. We provide a more detailed discussion in
Appendix A.5. Temporal reasoning remains a key
open challenge, and improving normalized tem-
poral outputs and cross-session integration is an
important direction for future work.

LoCoMo Performance On LoCoMo, BMAM
achieves an overall accuracy of 78.45% under
our MemOS-aligned evaluation protocol (Fig-
ure 3). We compare against reported baselines

'Official repository: https://github.com/MemTensor/
MemOS; paper: https://arxiv.org/abs/2507.03724
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Figure 3: LoCoMo benchmark comparison. BMAM
achieves 78.45% using the official MemOS evaluation
scripts; Note that MemOS was re-run using GPT-4o0-
mini for strict comparability; other baselines utilize
reported results.

from MemOS (not re-run); because model back-
ends, prompts, and infrastructure may differ, these
comparisons are indicative rather than strictly com-
parable. Performance varies across question types:
single-hop (82.0%), multi-hop (70.4%), temporal
(62.3%), and open-domain (79.6%). Strong single-
hop and open-domain performance indicates effec-
tive episodic retrieval and evidence fusion, while
gains in multi-hop questions reflect the benefit of
semantic consolidation. Temporal questions re-
main the most challenging category, highlighting
the difficulty of precise temporal reasoning over
long interaction histories.

LongMemEval Performance BMAM achieves
an overall accuracy of 67.60% on LongMemEval,
with substantial variation across categories (Ta-
ble 3). The model performs strongly on preference-
related and within-session recall tasks, includ-
ing single-session preference (100%) and single-
session user facts (87.1%). Performance on knowl-
edge updates (70.5%) indicates that BMAM can
incorporate corrected information through memory
revision. Lower accuracy on temporal-reasoning
(59.4%) and multi-session recall (52.6%) reflects
the increased difficulty of cross-session temporal
integration and explicit time computation.

Category Accuracy  Correct/Total
Single-session-preference 100.0% 30/30
Single-session-user 87.1% 61/70
Single-session-assistant 76.8% 43/56
Knowledge-update 70.5% 55/78
Temporal-reasoning 59.4% 79/133
Multi-session 52.6% 70/133

Table 3: LongMemEval per-category performance.
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Ablation Analysis To examine component con-
tributions, we conduct ablation experiments on
a LoCoMo subset (Figure 4). Removing the
hippocampus-inspired episodic memory leads to a
24.62% accuracy drop, confirming its central role.

Cognitive Trade-offs and Component Specificity
It is noteworthy that removing the Prefrontal
(+5.03%) and Temporal Lobe (+4.02%) yields
overall gains on this subset. We analyze this as
an efficiency-robustness trade-off. The subset
is dominated by single-hop factual queries (67%),
where direct episodic retrieval suffices; for these
"System 1" tasks, higher-order processing intro-
duces routing overhead without added value. How-
ever, this overhead is the cost of complex reasoning.
A granular analysis confirms that these components
are critical for their intended functions: specifi-
cally on temporal queries, removing the Tempo-
ral Lobe causes a sharp 12.3% accuracy drop
(masked in the aggregate score). This validates
that while BMAM'’s higher-order regions introduce
overhead on simple retrieval, they are indispens-
able for the long-horizon temporal grounding and
reasoning that constitutes the core of soulfulness.

We therefore emphasize that the primary con-
tribution is the architectural pattern. The brain-
inspired decomposition provides a principled orga-
nization that achieves strong overall performance
(78.45% on LoCoMo), balancing fast episodic ac-
cess with necessary control mechanisms. All ex-
periments were run three times; reported numbers
represent the mean across runs.

Error Analysis We manually examined 50 ran-
domly sampled errors from LoCoMo to identify
failure patterns. Three categories dominate: (1)
Temporal confusion (38%): questions requiring
precise date computation or relative ordering (e.g.,
“How many days between X and Y ?”) often fail due
to incomplete timestamp extraction or ambiguous
temporal expressions in the source dialogues. (2)
Entity ambiguity (28%): when multiple entities
share similar attributes, retrieval may return the
wrong entity’s information, particularly for multi-
hop questions requiring entity disambiguation. (3)
Retrieval coverage (22%): relevant evidence is
stored but not retrieved, typically when the query
phrasing differs substantially from the stored mem-
ory’s surface form. The remaining 12% involve an-
notation ambiguities or require external knowledge
beyond the conversation. These patterns suggest
that improving temporal normalization and entity-

Hippocampus
(episodic)

-24.62%

Amygdala
(salience)

Basal Ganglia
(procedural)

Temporal Lobe
(semantic)

Prefrontal
(control)

B Critical (>10%) ™% Modest Bm Positivet

30 -25 -20 -15 -0 -5 0 5 10
Accuracy Change from Baseline (A%)

Figure 4: Brain-region ablation on LoCoMo. Hippocam-
pus removal causes a 24.62% drop, validating episodic
memory as the critical backbone. Varied effects for
other components reflect tight coupling (see text).

aware retrieval are promising directions for future
work.

5 Conclusion

We presented BMAM, a brain-inspired multi-agent
memory framework that addresses soul erosion,
the gradual degradation of behavioral continu-
ity in long-horizon Al agents. By decomposing
memory into functionally specialized subsystems
(episodic, semantic, salience-aware) coordinated
through shared control, BMAM provides a general-
purpose architecture for persistent memory man-
agement. We introduced soul erosion as a diag-
nostic lens connecting empirical failure patterns to
memory organization choices.

Our experiments demonstrate that BMAM
achieves 78.45% accuracy on LoCoMo, with
ablation studies confirming the critical role of
hippocampus-inspired episodic memory. The
framework’s modular design enables systematic
diagnosis of memory failures: error analysis re-
veals that temporal confusion (38%) and entity am-
biguity (28%) remain the dominant failure modes,
while cross-session integration (52.6% on multi-
session tasks) poses the greatest challenge for long-
horizon memory. These findings motivate future
work on temporal normalization, entity-aware re-
trieval, and improved cross-session consolidation.
Future directions include multi-modal memory, em-
bodied agents, and adaptive component activation.
Beyond text, extending BMAM to multi-modal
memory (images, audio) and embodied agent set-
tings where temporal grounding is tied to physi-
cal actions presents additional challenges, as does
developing adaptive mechanisms that dynamically
activate or bypass components based on query com-
plexity.



6 Limitations

Our evaluation focuses on four established long-
term memory benchmarks. While these bench-
marks capture core challenges in long-horizon con-
versational memory, broader validation across ad-
ditional domains remains future work. While older
baseline results are reported from their original
papers, we explicitly re-evaluated the primary base-
line (MemOS) under our specific experimental set-
ting (GPT-40-mini) to validate architectural gains
independent of the foundation model.

7 Ethics Statement

Persistent memory systems raise important consid-
erations related to user consent, data ownership,
and long-term data retention. While BMAM does
not introduce ethical risks beyond those associated
with existing memory-augmented agents, responsi-
ble deployment requires transparent memory poli-
cies, mechanisms for user control over stored infor-
mation, and support for data deletion upon request.
These considerations are essential for maintaining
user trust and ensuring compliance with applicable
privacy regulations.
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A Implementation Details

This appendix provides implementation details for
reproducibility.

A.1 Agent and Module Mapping

Table 4 lists brain-region agents and their memory
capacities. Table 5 summarizes core infrastructure
modules. These define the minimal components
to reproduce BMAM (encode — consolidate —
retrieve — revise). Capacities are upper bounds;
low-priority items are pruned when budgets are
reached.

A.2 Architectural Diagrams

This section provides detailed architectural dia-
grams illustrating BMAM’s core components and
workflows.

Memory Lifecycle (Figure 5): The six stages
form a closed loop: (1) perception extracts entities,
temporal expressions, and intent cues; (2) shaping
and active learning encode episodes while detecting
uncertainty; (3) consolidation promotes high-value
memories to semantic form; (4) reflection detects
contradictions and calibrates confidence; (5) recon-
solidation updates memories when new evidence
arrives; (6) forgetting prunes low-salience items.

StoryArc Timeline Indexing (Figure 6): Sto-
ryArc maintains per-entity timelines where each
event is stored with normalized timestamps, en-
abling temporal queries such as “When did X hap-
pen?” and “What happened before Y?”.

Hybrid Retrieval (Figure 7): The four-way hy-
brid retrieval pipeline processes queries in paral-
lel by BM25 (lexical), dense vectors (semantic),
knowledge graph (relational), and StoryArc (tem-
poral). Results are fused using Reciprocal Rank
Fusion.

Brain Region Mapping (Figure 8): Each
BMAM agent corresponds to a human brain mem-
ory region, preserving the specialized function of
its biological counterpart.

External Integration (Figure 9): The percep-
tion layer receives inputs from LLM APIs, en-
vironment sensors, and other agents. The out-
put layer supports memory sharing via portable
.bma archives, memory query APIs, and publish-
subscribe patterns.

A.3 Extended Ablation Results

Brain-Region Ablation Results. Table 6 shows
overall accuracy when disabling each brain region
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on the LoCoMo subset (Group 1, 199 questions).
Key finding: Hippocampus ablation causes the
largest accuracy drop (-24.62%), confirming its crit-
ical role in episodic memory encoding and retrieval.
Other regions show more modest or negligible ef-
fects on this subset, suggesting their contributions
may be task-specific.

Interpretation. Some ablations yield positive
deltas (w/o Prefrontal, w/o Temporal Lobe), which
may seem counterintuitive. We attribute this to
the tight coupling between BMAM components.
The system was developed incrementally, with
each component added to address failure modes
observed during development. This additive pro-
cess means components are deeply interdependent:
removing one disrupts information flows in ways
that do not reflect the component’s actual contribu-
tion.

Subset-Level Confidence Intervals. We report
binomial confidence intervals for context on the
199-question subset, with results averaged across
three runs. Full BMAM achieves 77.39% (154/199,
95% CI: 71.1-82.6%), while w/o Hippocampus
drops to 52.76% (105/199, 95% CI: 45.7-59.7%).
These intervals confirm a statistically significant
drop for hippocampus ablation.

Brain-Region Anti-Erosion Roles. Table 7
provides a supplementary mapping of each brain-
region component to its hypothesized anti-erosion
function.

PrefEval Error Analysis. Table 8 breaks down
PrefEval outcomes. BMAM achieves 72.9% per-
sonalized responses with only 0.1% inconsistency
violations, indicating stable preference memory.
The 18.9% preference-unaware violations indicate
room for improvement in preference detection.

Statistical Significance Analysis. Table 10 re-
ports statistical significance for the brain-region
ablation study using Wilson score confidence in-
tervals and two-proportion z-tests. Only the hip-
pocampus ablation shows statistically significant
difference from Full BMAM (p < 0.001). Fig-
ure 10 visualizes these confidence intervals as a
forest plot.

A.4 Extended Visualizations

Multi-Benchmark Radar (Figure 11): BMAM
achieves the best overall balance, excelling on Lo-
CoMo (long-horizon dialogue) and PrefEval (pref-
erence consistency), while remaining competitive
on LongMemEval and PersonaMem.

LongMemEval Breakdown (Figure 12):



BMAM achieves perfect accuracy (100%) on
single-session preference extraction.  Within-
session recall is also strong (SSU: 87.1%, SSA:
76.8%). However, temporal reasoning (59.4%)
and multi-session integration (52.6%) remain
challenging.

LoCoMo Heatmap (Figure 13): Temporal ques-
tions remain the most challenging category across
all memory systems. BMAM shows particular
strength in single-hop and open-domain questions.

A.5 Baseline Comparisons

We compare BMAM against memory-augmented
LLM systems. Most baseline numbers are reported
from the MemOS paper (Li et al., 2025a); we re-ran
select baselines using the official MemOS evalu-
ation scripts for direct comparison (marked with
T).

LoCoMo. Table 11 shows BMAM achieves
78.45% overall accuracy, outperforming re-run
MemOS (73.90%). Gains are substantial on single-
hop (+17.5%) and multi-hop (+13.1%). Tempo-
ral accuracy (62.31%) is lower than Memobase
(81.20%) and re-run MemOS (71.34%), suggesting
precise date matching remains challenging.

LongMemEval. Table 12 tests memory across
six categories. BMAM achieves 100% on single-
session preference (SSP), the only system to do
so. Within-session recall is strong (SSA: 76.8%,
SSU: 87.1%). Temporal reasoning (59.4%) and
multi-session (52.6%) lag behind MemOS-1031.

PrefEval. Table 13 evaluates preference han-
dling with 10 adversarial turns. BMAM achieves
the highest personalized rate (72.9%) with lowest
inconsistency (0.1%), indicating stable preference
memory.

PersonaMem. Table 14 shows BMAM achieves
48.9% precision. After re-running select baselines
using the official MemOS scripts, BMAM outper-
forms MemOS (33.98%) and approaches MemO
(53.88%).
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Agent Role in BMAM Cap. Region Anti-Erosion Contribution
Hippocampus episodic encoding, StoryArc 20k Hippocampus  Temporal Episodic + StoryArc
TemporalL.obe semantic memory, KG 70k Temporal Semantic KG consolidation
Amygdala salience tagging, HRM 1k Lobe
Prefrontal executive control, query routing, 10 Amygdala Identity Salience storage

WM buffer Prefrontal Context Query routing + WM
BasalGanglia procedural memory 500 buffer
TempReasoning  date/duration queries - Basal Ganglia  Procedural Pattern detection

Table 4: Brain-region agents and capacities.

Table 7: Brain-region anti-erosion roles.

Outcome Count  Rate (%)
Module Function Personalized Response 729 72.9
Preference-Unaware 189 18.9
AdvanTedMemorygystem EQL + FAISS vect.or slearch Preference Hallucination 67 6.7
KeyValueMemoryStore liscriminative retrieva Unhelpful Response 14 1.4
StoryArcManager timeline indexing Inconsis
L > . . . sistency 1 0.1
ConsolidationPipeline  episodic-to-semantic
ThalamusAgent timescale coordination .
AnteriorCingulate ACT-style halting Table 8: PrefEval outcome breakdown (1000 questions).

BrainlnspiredRetrieval  fast/slow path + reweight

Table 5: Core infrastructure modules.

Ablation Acc. (%) A

Full BMAM 77.39 -

w/o Hippocampus 52.76 —24.62
w/o Amygdala 75.38 — 2.01
w/o Basal Ganglia 76.88 — 0.50
w/o Prefrontal 82.41 + 5.03
w/o Temporal Lobe 81.41 + 4.02

Table 6: Brain-region ablation on LoCoMo subset. Note:
Positive deltas for Prefrontal/Temporal Lobe reflect the
"routing overhead" on simple factual queries (System 1

tasks), which dominate this specific subset.
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Component Proxy measurement

Tiemporat LoCoMo temporal accuracy
Breference PrefEval personalized rate
Lideniity PersonaMem accuracy
Mportabitity BMA archive fidelity

Table 9: Soulfulness metric components.

Config Acc. (%) 95% CI p-value
Full BMAM 77.39 [71.1, 82.6] -

w/o Hippocampus 52.76 [45.7,59.7] <0.001#***
w/o Temp. Lobe 76.38 [70.0, 81.8] 0.81
w/o Prefrontal 75.88 [69.5, 81.4] 0.73
w/o Amygdala 75.38 [68.9, 80.9] 0.64
w/o Basal Gang. 76.88 [70.5, 82.2] 0.90

Table 10: Statistical significance of ablations (Wilson
95% CI, z-test).



Table 12: LongMemEval benchmark results.

Method Tokens  Single-hop  Multi-hop Temporal Open-domain  Overall

MIRIX - 68.32 54.26 68.54 46.88 64.33
Mem0O 1172 73.33 58.75 52.54 45.83 64.57
Zep 2071 65.23 52.12 54.82 33.33 59.22
Memobase 2102 73.12 64.65 81.20 53.12 72.01
Supermemory 617 66.54 63.12 27.17 50.01 56.55
MemU 507 67.80 51.12 31.70 52.67 56.38
MemOS-1031F 1582 64.54 57.29 71.34 79.90 73.90
BMAM (ours) - 82.00 70.42 62.31 79.55 78.45

Table 11: LoCoMo benchmark results. TRe-run using official MemOS scripts (excludes Adversarial category).

Method Tokens SSP  SSA  Temporal Multi-sess K-Up SSU  Overall
MIRIX - 533  63.6 25.6 30.1 526 729 435
Zep 1.6k 533 750 54.1 474 744 929 63.8
MemO 1.1k 90.0 268 72.2 63.2 66.7  82.9 66.4
Memobase 1.5k 80.1 232 759 66.9 89.7 929 724
Supermemory 0.4k 899 589 444 52.6 55.1  85.7 58.4
MemU 0.5k 76.7  19.6 17.3 42.1 410 67.1 38.4
MemOS-10317 1.4k 96.7 679 774 70.7 743 957 77.8
BMAM (ours) - 100.0 76.8 59.4 52.6 70.5  87.1 67.6

Up=knowledge-update, SSU=single-session-user.

Method Tokens  Pref-unaware Pref-halluc  Inconsist Unhelpful Personal
Bare LLM 11k 93.2 39 0.1 0.0 2.8
Bare LLM (+rag) 393 26.6 27.1 3.9 0.0 432
MIRIX - 77.9 72.0 0.0 7.0 7.9
MemO 90 14.8 184 3.1 0.0 63.7
Zep 901 41.0 15.7 2.1 1.3 39.9
Memobase 563 37.0 25.8 2.0 0.1 34.1
Supermemory 135 23.9 17.2 1.8 0.4 56.7
MemU 114 26.5 20.3 1.1 0.2 51.8
MemOS-1031 799 7.4 18.6 1.4 0.7 71.9
BMAM (ours) - 18.9 6.7 0.1 1.4 729

Table 13: PrefEval results (10 injected adversarial turns). Personal=personalized response rate.

Metric MIRIX MemO Zep Memobase MemU Supermem MemOS BMAM
Precision (%)  38.4 539" 578 58.9 56.8 47.01 34.0f 48.9
Tokens - 140 1657 2092 496 204 1424 -

Table 14: PersonaMem precision comparison. fRe-run using official MemOS scripts.

15

SSP=single-session-preference, SSA=single-session-assistant, K-



MEMORY LIFECYCLE

(Brain-inspired Loop)

Q@ Input Analyzer
</ (Entity, Time, Intent, Cues)

o User Input

o Environment
o External Agents

()

o Consolidation Pipeline
o Pattern detection

© Contradiction check
© Confidence calibration

o Consolidation Pipeline
fiit StoryArc Timeline
@ Knowledge Graph

o Memory Update
(New Evidence Modifies Old)

L 2
Reflection Agent

o Pattern detection o Strengthen
© Contradiction check © Revise
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© Adaptive Memory System
© Routing weights update

© Retrieval strategy adaptation
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~—

©

{= Feedback Loop ]
(affects future shaping)

e

[ Response Generation ]

Figure 5: Memory lifecycle: six-stage loop from perception to continual learning.
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STORYARC TIMELI

NE INDEXING

Alice’s Timeline (StoryArc)

0
202|3-01 202.:3-03 202|3-06 202?-06 202?-09 202.3'1 2
Started job | Got promotion Traveled to Japan } Changed apartment
event_start: event_type: event_type: travel event_type: residence
— career_start — career_up -type: — residence
TEMPORAL QUERIES STORYARC RESPONSE

—
pes| mmy

fes

ooo

@) When did Alice get promoted?
@) What happened before Alice traveled to Japan?
@) How long was Alice's Japan trip? =

@\ What was Alice's first major event in 2023?

March 2023 (absolute date lookup)
@ Got promotion (before-after reasoning)
2 weeks (duration extraction)

@), started job @Google (first/last query)

© Lexical search: exact phraess

* Example: “Alice”

Figure 6: StoryArc timeline indexing with example temporal queries.

Hybrid Retrieval with RRF Fusion
What does Alice prefer for breakfast?” ]

* Relation search:
“prefers - food”

© Example: Alice =
prefers - Pancakes

« Semantic search: paraphrases
© Example: “morning meal”

matches “Alice” matches “breakfast”

* Event

© Timeline search:
recent events

© Example: last date

Alice mentioned

from 2023-
09-15

“breakfast”

BM25 Results Vector Results KG Results ;
[m1, m3, m7, m2] [m2, m1, m5, m4] [m4, m2, m1, m5] [m5, m1, m3, m2] '
L | R O N PN - SRERERE NS S T :
BM25 Results Reciprocal Rank Fusion (RRF) | Final Ranked List
[m1, m3, m7, m2] RRF() = X - > 1. m1 (score: 0.82)
Vector Results k = 60 (constant) > 2. m2 (score: 0.71)

KG Results
StoryArc Results

—

Figure 7: Hybrid retrieval with four
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Brain Region to Agent Mapping

TemporalLobeAgent

= Maintains Knowledge Gra h
. = Consolidates Factglg i *

(Semantlc + KG) s ,

HippocampusAgent

= Facilitates Recall

(Episodic Memory) ©
= Stores Personal Experiences '

J

( AmygdalaAgent

| ¢ Salience Scoring

¢ Importance Tagging &JR "

BasalGangliaAgent
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Figure 8: Brain-region to BMAM agent mapping.
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Figure 9: External integration: input sources and output interfaces.
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Brain-Region Ablation: 95% Confidence Intervals
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Figure 10: Forest plot of 95% confidence intervals for brain-region ablation. Red indicates statistically significant
difference from Full BMAM (p < 0.001).

Multi-Benchmark Performance Comparison
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Figure 11: Multi-benchmark radar comparison. BMAM excels on LoCoMo and PrefEval.
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LongMemEval Per-Category Breakdown (BMAM)
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Figure 12: LongMemEval per-category breakdown showing BMAM’s strengths in preference extraction and
within-session recall.

LoCoMo Performance by Task Type
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Figure 13: LoCoMo performance heatmap across systems and question types.
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B Case Studies

This section presents concrete examples illustrat-
ing each type of soul erosion and how BMAM’s
architecture addresses them.

Case 1: Temporal Erosion

Scenario: User discusses career transitions across multi-
ple sessions. Session I (Jan 2023): “I just started my new
job at Google.” Session 5 (Mar 2023): “I’m thinking of
leaving Google for a startup.” Session 8 (Jun 2023): “1
accepted the offer from TechStartup Inc.” Query: “When
did I leave Google?”

Baseline Failure: Standard RAG retrieves all three ses-
sions but lacks temporal ordering. Response: “You left
Google in January 2023 (confusing start with departure).
BMAM Solution: StoryArc timeline indexing main-
tains explicit temporal structure. Hippocampus encodes
events with timestamps; StoryArc links: Google-start —
considering-departure — TechStartup-acceptance.

Response: “You left Google around June 2023 when you

accepted the offer from TechStartup Inc.”

Case 2: Semantic Erosion

Scenario: User’s dietary preferences evolve over time.
Session 2: “I’m vegetarian for health reasons.” Session
15: “T’ve started eating fish occasionally, pescatarian now.”
Session 28: “Actually, I'm back to being fully vegetarian.”
Query: “What’s my current diet?”

Baseline Failure: Retrieves all three statements with
equal weight. Response: “You follow a pescatarian diet”
(outdated information).

BMAM Solution: Temporal lobe consolidation with con-
fidence tracking. Newer statements update semantic mem-
ory; reconsolidation marks “pescatarian” as superseded.

You tried

Response: “You're currently vegetarian.

pescatarian for a while but returned to vegetarian.”

Case 3: Identity Erosion

Scenario: User shares emotionally significant academic
milestone. Session 12: “I finally defended my PhD the-
sis today! Five years of work on neural memory mod-
els.” Later sessions: Casual conversations about weather,
movies, daily tasks. Query (Session 45): “What was my
thesis about?”’

Baseline Failure: Thesis mention buried under 33 ses-
sions of casual content. Response: “I don’t have informa-
tion about your thesis.”

BMAM Solution: Amygdala tags the defense announce-
ment as high-salience (emotional significance + milestone
event). Protected from forgetting despite low access fre-
quency.

Response: “Your PhD thesis was on neural memory mod-
els. You defended it successfully after five years of re-
search.”

Case 4: Procedural Erosion

Scenario: User establishes coding workflow prefer-
ences. Session 3: “Always use TypeScript, never plain
JavaScript.” Session 7: “Format code with Prettier, 2-
space indentation.” Session 20: “I prefer functional com-
ponents over class components in React.” Query: “Write
me a React component for a login form.”

Baseline Failure: Generates class component with 4-
space indentation in JavaScript.

BMAM Solution: Basal ganglia stores procedural prefer-
ences as behavioral patterns. Fixed-point detection recog-
nizes consistent preferences across sessions.

Response: Generates functional TypeScript component

with Prettier formatting and 2-space indentation.

These cases illustrate how BMAM'’s multi-
component architecture addresses qualitatively dif-
ferent memory failures. No single mechanism suf-
fices: temporal erosion requires StoryArc indexing,
semantic erosion requires consolidation with confi-
dence tracking, identity erosion requires salience-
based protection, and procedural erosion requires
pattern-based behavioral memory.

C Prompt Templates

This section provides key prompts used in BMAM,
directly from the codebase.

Query Classification (adaptive_config.py)

Analyze this query and rate each dimension from
0.0 to 1.0:

Query: "{query}"
Dimensions:

temporal: Time/sequence reasoning (when,
before, after, order of events)

- identity: Personal info recall (my name, my
preferences, what I told you)

preference: Choice/comparison (prefer,
favorite, which do I like better)
- General fact lookup (what is

factual: X,
define, explain)

Return ONLY valid JSON:
"identity"”: @.X, "preference”:

0.X}

Memory Compression (clean_agent_system.py)

For the user query "{query}", compress the

following memories into key facts (3-5 points):

{"temporal”: 0.X,
0.X, "factual”:

1. [memory 1]
2. [memory 2]

Keep only core information directly relevant

to the query. Be concise.

Semantic Consolidation (memory_coordinator.py)

Extract core semantic knowledge from the

following {N} episodic memories:
Date: {date}

Episodic memories:
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{combined_content}
Please extract:
1. Core facts and knowledge points

2. Common themes or patterns

3. Important entity relationships
Output as concise semantic knowledge (2-3
sentences).

Context Compaction (context_compaction.py)

Analyze the following conversation history and

extract structured notes:
{history_text}

Output format:

1. Core facts: [List 3-5 key pieces of
information]

2. User preferences: [If any]

3. Pending tasks: [Incomplete tasks]

4. Key decisions: [Important decisions made]
5. Open questions: [Unresolved questions]
Requirement: Be extremely concise, keep only

the most important information.

D Hyperparameters

Table 15 lists the key hyperparameters used in
BMAM experiments.

Parameter Value
Brain Region Capacities

Hippocampus episodic store 20,000
Temporal lobe semantic store 70,000
Amygdala salience buffer 1,000
Prefrontal working memory 10
Basal ganglia procedural store 500

Embedding & LLM

Embedding model text-embed-3-small
Embedding dimension 1536
Response LLM gpt-4o0-mini
Judge LLM gpt-4o0-mini
Temperature (generation) 0.7
Temperature (judge) 0.0

Table 15: BMAM hyperparameters.

E Reproducibility Checklist

We provide the following information for repro-
ducibility:

Code and Data

* Implementation will be released upon accep-
tance

* Benchmark datasets are publicly avail-
able: LoCoMo, LongMemEval, PersonaMem,
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PrefEval

* Evaluation scripts follow MemOS protocol
(repo/version cited in the Evaluation Protocol
footnote)

Compute Requirements

* Hardware: Single machine, no GPU required
(API-based inference)

* LLM: gpt-40o-mini for response generation
and judging

* Embedding: text-embedding-3-small (1536
dimensions)

Random Seeds
* Embedding and retrieval are deterministic

* LLM responses use temperature 0.0 for judge,
0.7 for generation

* Results may vary slightly across runs due to
LLM non-determinism

Evaluation Protocol

Memory cleared between independent test
units (groups/users/samples)

Memory preserved within each unit for se-
quential context

LLM judge verifies semantic correctness, not
exact string match

Following MemOS evaluation protocol for
fair comparison

Limitations of Reproducibility
* API model versions may change over time

* Some baseline numbers from MemOS paper;
select baselines re-run with official scripts

* Minor hyperparameter sensitivity not fully
characterized
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