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Abstract

Long-term memory is a critical challenge for
Large Language Model agents, as fixed context
windows cannot preserve coherence across ex-
tended interactions. Existing memory systems
encode conversation history as embedding vec-
tors and retrieve information through semantic
similarity. This paradigm fails to capture the as-
sociative structure of human memory, wherein
related experiences progressively strengthen in-
terconnections through repeated co-activation.
Inspired by cognitive neuroscience, we identify
three mechanisms central to biological mem-
ory: association, consolidation, and spread-
ing activation, which remain largely absent in
current research. To bridge this gap, we pro-
pose HeLa-Mem, a bio-inspired memory ar-
chitecture that models memory as a dynamic
graph with Hebbian learning dynamics. HeLa-
Mem employs a dual-level organization: (1) an
episodic memory graph that evolves through
co-activation patterns, and (2) a semantic mem-
ory store populated via Hebbian Distillation,
wherein a Reflective Agent identifies densely
connected memory hubs and distills them into
structured, reusable semantic knowledge. This
dual-path design leverages both semantic sim-
ilarity and learned associations, mirroring the
episodic-semantic distinction in human cogni-
tion. Experiments on LoCoMo demonstrate
superior performance across four question cat-
egories while using significantly fewer context
tokens. Code is available on GitHub.

1 Introduction

Large language models have demonstrated remark-
able capabilities in language understanding and
generation, enabling increasingly sophisticated in-
teractive agents (Yang et al., 2024; Liu et al., 2026;
Li et al., 2026). However, sustaining coherent be-
havior over long time horizons remains a funda-
mental challenge (Zhang et al., 2025). Due to their
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Figure 1: Performance vs. token efficiency on LoCoMo,
averaged across GPT-4o-mini and GPT-4o. HeLa-Mem
achieves strong performance with fewer tokens, landing
in the upper-left ideal region.

reliance on fixed-length context windows, LLMs
struggle to maintain consistent representations of
past interactions as dialogues extend or span mul-
tiple sessions. This limitation often leads to frag-
mented memory (Wu et al., 2025; Hu et al., 2025;
Liang et al., 2025; Liu et al., 2025), resulting in
factual inconsistencies, diminished personalization,
and unstable agent behavior. Addressing long-term
memory coherence is therefore essential for LLM
agents operating in settings that require persistent
user adaptation, multi-session knowledge retention,
or stable persona maintenance.

Current memory mechanisms for LLM agents
can be broadly categorized into three methodologi-
cal paradigms. Knowledge-organization methods,
such as A-Mem (Xu et al., 2025), structure mem-
ory into interconnected semantic networks to en-
able adaptive management. Retrieval mechanism-
oriented approaches, exemplified by MemoryBank
(Zhong et al., 2024), integrate semantic retrieval
with memory forgetting curves for long-term up-
dating. Architecture-driven methods, including
MemGPT (Packer et al., 2023), employ hierarchi-
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cal memory structures with explicit read and write
operations to dynamically manage limited context
windows. Although effective, these approaches are
typically developed in isolation, each prioritizing
a single dimension—memory structure, retrieval
strategy, or update mechanism—while largely over-
looking their mutual interaction and joint contribu-
tion to long-term coherence.

More fundamentally, this component-wise opti-
mization often overlooks a critical aspect of long-
term coherence: the dynamic evolution of memory
structure. Human memory is not a static database
where items are stored and retrieved in isolation;
rather, it is a dynamic system where connections
are continuously reorganized by experience. For
example, a topic discussed today might trigger a
memory from a month ago, not because they share
surface-level keywords, but because they are part of
the same evolving narrative arc. Current systems,
by treating storage and retrieval as separate static
processes, fail to capture this evolving connectivity,
leading to agents that “remember” facts but lack
the “continuity” of a developing relationship.

To better understand how long-term coherence
can be maintained, we draw on a fundamental prin-
ciple of biological memory: Hebbian learning. In
biological systems, experiences that are repeatedly
co-activated gradually develop stronger associa-
tions, a phenomenon often summarized as “neu-
rons that fire together wire together” (illustrated in
Figure 2). This associative organization allows re-
lated memories to be efficiently reactivated through
spreading activation and supports the gradual con-
solidation of episodic experiences into more stable
semantic knowledge. Together, association, consol-
idation, and spreading activation form a tightly cou-
pled memory process that enables biological sys-
tems to maintain coherent representations over ex-
tended time scales—capabilities that remain largely
absent from current artificial memory designs.

Building on this perspective, we propose HeLa-
Mem (Hebbian Learning associative Memory),
a unified memory architecture for LLM agents.
HeLa-Mem represents conversational history as
a dynamic graph with Hebbian learning dynam-
ics and operates through coordinated mechanisms
of online association, reflective consolidation, and
dual-path retrieval, establishing a unified memory
management framework that captures both fine-
grained details and high-level patterns. HeLa-Mem
demonstrates superior performance on LoCoMo
while using significantly fewer context tokens (Fig-

Figure 2: Conceptual illustration of Hebbian learning
in associative memory. Two memory nodes (Neuron A
and B) representing distinct experiences (e.g., a day-
time event and a nighttime event) develop strength-
ened synaptic connections when co-activated through
shared context. This "neurons that fire together, wire
together" principle forms the theoretical foundation of
HeLa-Mem’s dynamic memory graph.

ure 1). The primary contributions of our work are:

• We propose HeLa-Mem, a bio-inspired frame-
work that utilizes an Online Encoding & As-
sociation mechanism to model conversation
history as a dynamic Hebbian graph, where
co-activated memories strengthen connections
to capture latent context.

• We introduce a Reflective Consolidation
framework using Hebbian Distillation,
which identifies hub clusters and transforms
them into structured semantic knowledge, pre-
venting graph explosion while retaining key
information.

• We implement a Dual-Path Retrieval strategy
that leverages spreading activation to traverse
Hebbian edges, achieving the best average
rank (1.25) across all question categories.

• Comprehensive experiments on the LoCoMo
benchmark validate HeLa-Mem’s effective-
ness, achieving superior performance across
four categories while using significantly fewer
context tokens.

2 Related Work

2.1 Memory for LLM Agents
Existing Large Language Models face fundamental
challenges in handling complex scenarios requiring
long-term coherence (Hu et al., 2025). Advance-
ments in memory systems addressing this problem
can be broadly grouped into three categories.
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Figure 3: The architectural overview of HeLa-Mem. The framework consists of three modules: (1) Hebbian
Association for dynamic graph construction (Section 3.2); (2) Reflective Consolidation for semantic knowledge
distillation (Section 3.3); and (3) Retrieval and Response using a Dual-Path strategy (Section 3.4).

Knowledge-organization methods focus on cap-
turing and structuring intermediate reasoning states.
Think-in-Memory (Liu et al., 2023) stores evolving
chains-of-thought, enabling consistency through
continual updates. A-Mem (Xu et al., 2025) orga-
nizes knowledge into an interconnected note net-
work that spans sessions.

Retrieval mechanism-oriented approaches, pio-
neered by RAG (Lewis et al., 2020), enrich the
model with external memory libraries. Memo-
ryBank (Zhong et al., 2024) logs conversations,
events, and user traits in a vector database and
refreshes them using a forgetting-curve schedule.
Generative Agents (Park et al., 2023) keep memo-
ries in natural language and add a reflection loop for
relevance filtering. EmotionalRAG (Huang et al.,
2024) retrieves memory entries by combining se-
mantic similarity with the agent’s emotional state.

Architecture-driven designs alter the core con-
trol flow to manage context explicitly. MemGPT
(Packer et al., 2023) adopts an OS-like hierarchy
with dedicated read/write calls. SCM (Liang et al.,
2023) introduces dual buffers and a memory con-
troller that gates selective recall. Mem0 (Chhikara
et al., 2025) dynamically extracts and consolidates
salient information for scalable long-term memory.
MemoryOS (Kang et al., 2025) introduces a three-
tier hierarchical storage with short-term, mid-term,
and long-term memory units, employing segment-
page organization for dynamic updating.

2.2 Hebbian Learning in Neural Networks

Hebbian learning, summarized as “neurons that
fire together wire together” (Hebb, 2005), is a foun-

dational principle in neuroscience describing how
synaptic connections strengthen through correlated
activity (see Figure 2). Formally, given activation
states xi and xj of two neurons, the connection
weight wij is updated as ∆wij = η · xi · xj , where
η is the learning rate. This principle has been ap-
plied in Hopfield networks (Hopfield, 1982), which
demonstrate how recurrent neural networks with
symmetric connections can function as associative
memories, storing and retrieving patterns through
energy minimization. More recently, Ramsauer
et al. (2020) show that modern Hopfield networks
with continuous states are mathematically equiva-
lent to the attention mechanism in Transformers, re-
vealing deep connections between biological mem-
ory principles and contemporary deep learning ar-
chitectures. In the context of LLM agents, Hebbian
dynamics offer a principled approach to capture
latent associations between memories that may not
be apparent from semantic similarity alone.

3 HeLa-Mem Architecture

Inspired by the synaptic plasticity of the human
brain, HeLa-Mem models conversation history as a
dynamic associative graph rather than a static log.
Our design is guided by three neuroscience intu-
itions: (1) Association over Isolation—memories
that co-occur should wire together, forming la-
tent pathways beyond simple semantic similar-
ity; (2) Active Consolidation—frequently accessed
memory clusters should solidify into stable knowl-
edge, similar to sleep-based consolidation; and
(3) Spreading Retrieval—recalling one memory
should naturally trigger related concepts through
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established synaptic routes.
Based on these principles (Figure 3), HeLa-Mem

operates through a continuous cognitive lifecycle:

• Online Encoding & Association: Conversa-
tion turns are encoded into the Episodic Mem-
ory Graph, where a Hebbian Learning mech-
anism dynamically strengthens connections
between co-activated memories.

• Reflective Memory Agent: Upon reaching as-
sociative thresholds, this agent identifies hub
nodes and applies Hebbian Distillation to con-
solidate them into stable semantic knowledge,
preventing noise accumulation.

• Dual-Path Retrieval: During query time,
queries activate both specific episodic de-
tails and broader semantic knowledge through
spreading activation.

3.1 Memory Storage
3.1.1 Episodic Memory Graph
Conversation turns are stored as nodes in a
weighted graph. Each node contains the origi-
nal text, a dense embedding, the timestamp, ex-
tracted keywords, and the speaker role. Edges
between nodes represent associative connections,
with weights indicating the strength of associa-
tion. Initially, consecutive turns are connected with
small weights; these weights evolve through Heb-
bian learning.

3.1.2 Semantic Memory Store
The semantic level stores distilled knowledge ex-
tracted from episodic memories: specifically, we
apply Hebbian Distillation on hub-centered clus-
ters in the episodic graph to produce distilled se-
mantic records with traceable evidence links to
their source turns.

• User Model: Stable user characteristics (e.g.,
“enjoys outdoor activities”) with confidence
scores and supporting evidence.

• Factual Memory: Extracted facts with ab-
solute timestamps, such as event dates and
relationships.

• Agent Knowledge: The agent’s established
persona, preferences, and behavioral patterns.

This serves as long-term memory that persists
beyond conversation windows.

3.2 Online Encoding & Association
Synaptic efficacy in the brain is not fixed; it is plas-
tic, evolving based on activity patterns. We emulate
this dynamic through Hebbian learning to capture
latent associations that semantic embeddings alone
might miss.

Following the neuroscience principle that “neu-
rons that fire together wire together,” edge weights
strengthen when memories are co-activated during
retrieval:

w
(t+1)
ij = (1− λ) · w(t)

ij︸ ︷︷ ︸
synaptic decay

+ η · I(vi, vj ∈ Kt)︸ ︷︷ ︸
active reinforcement

, (1)

where λ is the decay rate, η is the learning rate,
and I(·) is an indicator that the pair (vi, vj) is
co-activated in the current retrieval set Kt. This
dynamic allows frequently correlated memories
to strengthen while unused connections fade over
time.

3.3 Reflective Memory Agent
While associative learning happens during active
retrieval, long-term memory maintenance relies on
active consolidation. To prevent memory overload
and crystallize important information, we introduce
a Reflective Agent that mimics the brain’s sleep-
based consolidation process through Hebbian Dis-
tillation.

The Reflective Agent monitors the graph’s struc-
tural evolution to manage the memory lifecycle
(see Figure 4), analogous to sleep-based memory
consolidation in the brain.

Hub Detection. Nodes that have accumulated
high total edge weight through Hebbian learning
are identified as hubs. Specifically, a node vi is
flagged for consolidation if its associative strength
exceeds a threshold δhub:

D(vi) =
∑

j∈N (i)

wij > δhub. (2)

Upon detecting that a node’s accumulative
weight exceeds the threshold δhub, the agent trig-
gers Hebbian Distillation. To capture the full con-
text, the agent retrieves the hub node along with
its strongly connected neighbors. The LLM syn-
thesizes this cluster of related memories to identify
common themes and causal relationships, abstract-
ing them into declarative semantic entries. These
distilled records are stored in the Semantic Memory
Store, effectively compressing repetitive episodic
details into stable, generalizable knowledge.
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Adaptive Forgetting. This process is triggered
when a node’s status falls below critical retention
thresholds. A memory is flagged for removal only
if it simultaneously satisfies three criteria: (1) its
total edge weight is below δprune (indicating struc-
tural irrelevance), (2) its inactive duration exceeds
δage (indicating temporal dormancy), and (3) it has
zero recent access. This strict compound criterion
ensures that the system selectively removes noise
while preserving strong, albeit older, associations.

3.4 Dual-Path Retrieval
Human memory retrieval is rarely a single-step
lookup; it is a spreading activation process where
one thought triggers another. HeLa-Mem adopts a
dual-path retrieval strategy to emulate this interac-
tion between direct recall and associative spread-
ing.

Given a query, retrieval proceeds in two stages.
Base Activation. Each episodic node receives

an initial score combining embedding similarity,
temporal decay, and keyword overlap:

Sbase(vi) = (sim(q, ei) + α · keyword_match)

· γ(vi),
(3)

where sim(·, ·) denotes cosine similarity between
the query embedding q and node embedding ei,
γ(vi) = exp(−∆t/τ) is the temporal decay factor
with time constant τ , and α controls the bonus for
keyword matches.

Spreading Activation. High-scoring nodes
propagate activation through Hebbian edges:

S(vj) = Sbase(vj)+β
∑

i∈N (j)

Sbase(vi) ·wij , (4)

where N (j) denotes the neighbors of node vj in
the memory graph, wij is the Hebbian edge weight,
and β controls the spreading activation strength.
This enables retrieval of memories that are semanti-
cally distant from the query but strongly associated
with initially activated content—particularly bene-
ficial for multi-hop reasoning.

Dual-Path Ranking. The final retrieval set is
constructed by combining two ranked lists:

Rfinal = Top-k(Sbase)︸ ︷︷ ︸
base path

∪Top-m(S | v /∈ Top-k)︸ ︷︷ ︸
flip path

,

(5)
where the base path selects the top-k nodes by
Sbase, and the flip path promotes up to m ad-
ditional nodes that rank highest by spreading-
augmented score S but were not already selected.
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Figure 4: Hebbian memory graph showing the Reflec-
tive Agent’s dual role. Hub nodes (red, high degree)
are candidates for Hebbian Distillation, consolidating re-
lated memories into structured semantic knowledge. Iso-
lated nodes (gray, low degree with dashed circles) are
candidates for Adaptive Forgetting, maintaining mem-
ory efficiency.

This dual-path approach ensures retrieval of both
semantically relevant memories and associatively
linked memories that spreading activation surfaces.
Semantic memory entries are also retrieved and
merged to form the final context.

3.5 Response Generation
The LLM generates responses using the integrated
context (episodic memories and semantic knowl-
edge) along with a system prompt that establishes
the conversational role. The detailed prompt struc-
ture is provided in Appendix A.

4 Experiments

4.1 Experimental Settings
Dataset. We conduct experiments on the LoCoMo
benchmark (Maharana et al., 2024), specifically
designed for assessing long-term conversational
memory capabilities. It consists of ultra-long dia-
logues averaging 300 turns and about 9K tokens per
conversation. Questions span multiple categories
to systematically evaluate memory abilities.

Evaluation Metrics. Following prior work on
long-term conversational memory (Maharana et al.,
2024; Xu et al., 2025), we employ standard F1 and
BLEU-1 scores to evaluate performance.

Compared Methods. We compare HeLa-Mem
with representative memory methods including Lo-
CoMo (Native), ReadAgent (Lee et al., 2024),
MemoryBank (Zhong et al., 2024), MemGPT

13761



(Packer et al., 2023), A-Mem (Xu et al., 2025),
Mem0 (Chhikara et al., 2025), LightMem (Fang
et al., 2025), and MemoryOS (Kang et al., 2025).
Baseline results for GPT-4o-mini, GPT-4o, and
Qwen2.5-3b are reported from Xu et al. (2025);
results for Qwen2.5-14b are reported from Yan
et al. (2025). MemoryOS results marked with † are
reproduced by us.

Implementation Details. We evaluate HeLa-
Mem across four backbone LLMs: GPT-4o-mini,
GPT-4o (Achiam et al., 2023), Qwen2.5-14b, and
Qwen2.5-3b (Yang et al., 2024). For HeLa-Mem,
the time decay constant is set to τ = 60 days.
Episodic retrieval uses k = 10, and semantic re-
trieval uses k = 5. The Hebbian learning rate is
η = 0.02, edge decay rate λ = 0.995, spreading ac-
tivation strength β = 0.1, and spreading threshold
θ = 0.6.

4.2 Main Results
Table 1 presents the detailed performance break-
down across four different LLM backbones: GPT-
4o-mini, GPT-4o, Qwen2.5-14b, and Qwen2.5-3b.
Results show that HeLa-Mem consistently outper-
forms baselines across varying model sizes and
capabilities.

Detailed Analysis (GPT-4o-mini). Focusing on
GPT-4o-mini as a representative case, HeLa-Mem
demonstrates significant advantages. In Multi-
hop reasoning, it achieves 40.14%, outperforming
MemoryOS (38.39%) and A-Mem (27.02%). This
validates the Hebbian graph’s ability to bridge dis-
parate information pieces through learned associa-
tions.

For Temporal tasks, HeLa-Mem scores 47.29%,
surpassing MemoryOS (41.58%). The preservation
of absolute timestamps during distillation allows
accurate grounding of relative time expressions. In
Open Domain questions, it reaches 29.70%, provid-
ing useful semantic context even for topics outside
the main conversation flow. HeLa-Mem leads in
Single-hop tasks (51.89%), demonstrating that the
hierarchical retrieval approach remains effective
for straightforward factual queries.

Token Efficiency. Notably, HeLa-Mem achieves
these results using only ∼1,010 tokens on average.
This efficiency stems from the selective nature of
Hebbian retrieval, which surfaces only the most
strongly associated memories without the computa-
tional overhead of processing full context windows.

Robustness Across Backbones. To validate
stability, Table 2 summarizes the averaged perfor-

mance across all backbones. HeLa-Mem achieves
the best Average Rank of 1.25, significantly sur-
passing MemoryOS (2.25). This confirms that the
theoretical advantages of Hebbian dynamics trans-
late into robust empirical gains regardless of the
underlying LLM’s scale.

4.3 Ablation Study

To understand the contribution of each component
in HeLa-Mem, we conduct ablation experiments by
removing key modules. Table 3 presents the results
on GPT-4o-mini.

Effect of Reflective Agent. Removing the
Reflective Memory Agent causes the largest per-
formance drop (34.74% → 29.87%), with Multi-
hop reasoning suffering most severely (36.04% →
30.17%). This confirms that the meta-cognitive
component is essential for identifying high-degree
hub nodes and triggering Hebbian Distillation,
which consolidates related episodic memories into
structured semantic knowledge.

Effect of Spreading Activation. Disabling
spreading activation leads to a notable performance
decline (34.74% → 32.19%), particularly affecting
Multi-hop reasoning (36.04% → 33.88%). This
validates our dual-path design: without spreading
activation, the system degrades to a single semantic
path, failing to retrieve memories that are seman-
tically distant from the query but strongly associ-
ated through Hebbian connections, which is crucial
for multi-hop reasoning that requires bridging dis-
parate pieces of information. This underscores the
value of leveraging historically learned pathways
rather than relying solely on static semantic simi-
larity.

Effect of Adaptive Forgetting. Interestingly,
removing the forgetting mechanism shows mini-
mal impact on the current LoCoMo benchmark.
We attribute this to the limited conversation length
(∼300 turns), which does not yet saturate the mem-
ory capacity. However, forgetting is critical for
scalability in reliable agent deployment. Without
it, the memory store would grow unboundedly, in-
evitably increasing retrieval costs and introducing
noise from obsolete information. This mechanism
ensures that the system’s performance remains sta-
ble regardless of conversation duration, acting as
a garbage collection process for irrelevant associa-
tions.
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Table 1: Experimental results on LoCoMo dataset of QA tasks across four categories (Multi Hop, Temporal, Open
Domain, and Single Hop) using different methods. Results are reported in F1 and BLEU-1 (%) scores. Best
performance per model is marked in bold. Missing baselines are marked with “-” (Token Length (↓): lower values
are better; †: Reproduced results).

Multi Hop Temporal Open Domain Single Hop Token
Model Method F1 BLEU F1 BLEU F1 BLEU F1 BLEU Length (↓)

G
PT

-4
o-

m
in

i

LoCoMo 25.02 19.75 18.41 14.77 12.04 11.16 40.36 29.05 16,910
ReadAgent 9.15 6.48 12.60 8.87 5.31 5.12 9.67 7.66 643

MemoryBank 5.00 4.77 9.68 6.99 5.56 5.94 6.61 5.16 432
MemGPT 26.65 17.72 25.52 19.44 9.15 7.44 41.04 34.34 16,977
A-Mem 27.02 20.09 45.85 36.67 12.14 12.00 44.65 37.06 2,520

MemoryOS† 38.39 29.52 41.58 35.99 23.75 17.17 45.86 40.70 2,000
HeLa-Mem 40.14 31.26 47.29 41.28 29.70 23.45 51.89 46.25 1,010

G
PT

-4
o

LoCoMo 28.00 18.47 9.09 5.78 16.47 14.80 61.56 54.19 16,910
ReadAgent 14.61 9.95 4.16 3.19 8.84 8.37 12.46 10.29 805

MemoryBank 6.49 4.69 2.47 2.43 6.43 5.30 8.28 7.10 569
MemGPT 30.36 22.83 17.29 13.18 12.24 11.87 60.16 53.35 16,987
A-Mem 32.86 23.76 39.41 31.23 17.10 15.84 48.43 42.97 1,216

MemoryOS† 40.23 31.89 43.57 33.55 20.58 15.85 43.85 39.03 2,000
HeLa-Mem 39.12 29.82 50.79 44.54 24.38 19.24 49.69 44.08 1,036

Q
w

en
2.

5-
14

b A-Mem 22.09 15.28 27.19 22.05 13.49 10.74 33.75 30.04 1,300
MEM0 31.73 24.82 28.96 26.24 15.03 11.28 42.58 35.15 -

MemoryOS 38.19 29.26 32.24 27.86 20.27 15.94 46.33 41.62 -
LightMem 25.45 19.61 32.03 27.70 15.81 11.81 34.92 31.22 -

HeLa-Mem 36.59 27.02 36.08 29.91 24.22 20.23 49.95 45.15 944

Q
w

en
2.

5-
3b

LoCoMo 4.61 4.29 3.11 2.71 4.55 5.97 7.03 5.69 16,910
ReadAgent 2.47 1.78 3.01 3.01 5.57 5.22 3.25 2.51 776

MemoryBank 3.60 3.39 1.72 1.97 6.63 6.58 4.11 3.32 298
MemGPT 5.07 4.31 2.94 2.95 7.04 7.10 7.26 5.52 16,961
A-Mem 18.23 11.94 24.32 19.74 16.48 14.31 23.63 19.23 1,300

MemoryOS† 19.20 14.84 20.85 16.05 13.57 10.86 25.65 18.78 2,000
HeLa-Mem 20.12 14.59 24.79 21.35 12.24 10.24 29.51 25.91 1,072

Table 2: Averaged results across three backbone
LLMs (GPT-4o-mini, GPT-4o, Qwen2.5-3b). Avg
Rank is computed across all categories lower is better
(†Reproduced results).

Method Multi-hop Temporal Open Single Avg
F1 BL F1 BL F1 BL F1 BL Rank

LoCoMo 19.21 14.17 10.20 7.75 11.02 10.64 36.32 29.64 5.00

ReadAgent 8.74 6.07 6.59 5.02 6.57 6.24 8.46 6.82 6.38

MemoryBank 5.03 4.28 4.62 3.80 6.21 5.94 6.33 5.19 6.88

MemGPT 20.69 14.95 15.25 11.86 9.48 8.80 36.15 31.07 4.50

A-Mem 26.04 18.60 36.53 29.21 15.24 14.05 38.90 33.09 3.00

MemoryOS† 32.61 25.42 35.33 28.53 19.30 14.63 38.45 32.84 2.25

HeLa-Mem 33.13 25.22 40.96 35.72 22.11 17.64 43.70 38.75 1.25

Table 3: Ablation study on LoCoMo benchmark. Re-
sults show F1 / BLEU-1 scores (%).

Variant Multi-hop Temporal Open Single Avg
F1

F1 BL F1 BL F1 BL F1 BL

HeLa-Mem (Full) 36.04 26.56 46.23 40.48 29.50 23.55 45.04 39.80 34.74

w/o Forgetting 36.71 27.95 46.50 40.91 30.58 24.45 45.24 40.01 34.28

w/o Spreading Activation 33.88 25.57 44.36 39.62 27.76 22.28 43.34 38.33 32.19

w/o Reflective Agent 30.17 22.38 42.19 36.92 24.51 19.83 40.46 34.07 29.87

4.4 Reflective Agent: Memory Lifecycle
Management

Figure 4 illustrates the structure of the Hebbian
memory graph after encoding a multi-session con-
versation. The graph comprises 23 episodic mem-

ory nodes, where edge thickness reflects the associ-
ation strength accumulated through co-activation
during retrieval. Node appearance encodes the life-
cycle status assigned by the Reflective Agent:

Hub Nodes (Red, Solid). Ten nodes exhibit de-
gree ≥ 10, indicating dense connectivity within the
graph. These nodes tend to occupy central posi-
tions, as they serve as anchors connecting multiple
conversation threads. The Reflective Agent identi-
fies such high-degree nodes and applies Hebbian
Distillation to consolidate their associated episodic
clusters into stable semantic entries. For instance,
the node with degree 17 in Figure 4 links several
temporally dispersed discussions, making it a natu-
ral candidate for knowledge extraction.

Isolated Nodes (Gray, Dashed). Four nodes
exhibit degree < 4 and show no recent access ac-
tivity. Their peripheral positions and weak integra-
tion suggest limited relevance to the ongoing nar-
rative. The Adaptive Forgetting mechanism flags
these nodes for removal, thereby controlling graph
growth and reducing retrieval noise over extended
conversations. The remaining nine nodes (blue)
have moderate connectivity and are retained in the
episodic store.

This visualization confirms that Hebbian learn-
ing enables automated lifecycle management with-
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Figure 5: Dual-Path Retrieval for multi-hop reasoning. Given a query requiring both “career influence” and “meeting
location,” the semantic path retrieves Turn 89 (career context). The Hebbian path then propagates activation through
learned associations (edge weight 0.52) to retrieve Turn 15 (location context), which semantic similarity alone
would miss. The baseline without Spreading Activation cannot bridge these memories.

out manual annotation (see Appendix B for the
edge-weight heatmap).

4.5 Case Study: Trace Analysis of Associative
Recall

We analyze the retrieval process for a multi-hop
query: “Where did you first meet the person who
influenced your career choice?” (see Figure 5).

Historical Context. The entities “Dr. Sarah”
(Person) and “Adoption Support Conference” (Lo-
cation) appeared together in Session 1, and were
subsequently co-activated in Sessions 39 and
61. Through Hebbian learning, these repeated
co-occurrences accumulated a strong associative
weight of w89,15 ≈ 0.52 between the career advice
memory (Turn 89) and the meeting event (Turn 15).
This accumulated weight reflects the frequency and
recency of co-activation across the conversation
history.

Experimental Trace. The baseline method iden-
tifies Turn 89 (“Dr. Sarah encouraged...”) as the
top candidate due to high semantic similarity (0.82)
but fails to retrieve Turn 15 (“Met Dr. Sarah at...”)
because its low similarity score of 0.35 falls below
the retrieval threshold. This results in a “semantic
trap” where the model knows the person but not
the location.

In contrast, HeLa-Mem utilizes the Hebbian path.
Spreading activation from the retrieved Turn 89
propagates through the learned edge (0.52) to Turn
15. The final retrieval score for Turn 15 is dynami-

cally updated:

Stotal = 0.35︸︷︷︸
Semantic

+ 0.36︸︷︷︸
Hebbian

≈ 0.71 (6)

This score boost, derived strictly from historical
association, promotes Turn 15 into the active con-
text. By retrieving both the cue (Person) and the
target (Location), HeLa-Mem correctly synthesizes
the answer: “At the adoption support conference.”
This demonstrates how Hebbian associations com-
plement semantic retrieval for complex reasoning.

5 Conclusion

We introduce HeLa-Mem, a bio-inspired memory
architecture that models conversation history as a
dynamic graph driven by Hebbian learning princi-
ples. Unlike static context windows, HeLa-Mem
mimics the brain’s plasticity, where “neurons that
fire together, wire together,” enabling the sponta-
neous emergence of associative pathways for re-
trieval. Building on this foundation, our Reflec-
tive Agent distills transient episodes into structured
semantic knowledge, while Adaptive Forgetting
ensures long-term scalability. Experiments on the
LoCoMo benchmark demonstrate that this synergy
between associative retention and semantic consol-
idation yields superior performance across diverse
question types and robustness across diverse LLM
backbones. These findings suggest that incorporat-
ing neuro-symbolic dynamics offers a promising
direction for evolving static LLMs into lifelong
learning agents.
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6 Limitations

While HeLa-Mem effectively models long-term
memory consolidation, it faces a “cold start” chal-
lenge: Hebbian weights require sufficient interac-
tion history to accumulate, meaning the benefits of
associative retrieval are less pronounced in early
conversation stages. Future work may explore ini-
tializing Hebbian edges using semantic similarity
as a prior, allowing the graph structure to bootstrap
before sufficient co-occurrences accumulate. Addi-
tionally, the quality of both Semantic Memory and
Hub Detection relies on the capabilities of the un-
derlying LLM; hallucinations or reasoning errors
during the distillation process could propagate into
the long-term storage, potentially affecting future
retrieval accuracy.

7 Ethical Considerations

We use the publicly available LoCoMo benchmark
and do not collect any private user data. The pro-
posed memory architecture is intended to enhance
the consistency of LLM agents. However, we ac-
knowledge that long-term memory systems could
potentially reinforce biases present in the underly-
ing LLM if not carefully monitored. The distilled
semantic memories should be treated with the same
caution as standard LLM generations regarding ac-
curacy and bias.
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A LLM Prompts

This appendix provides the core LLM prompts used in the HeLa-Mem system.

A.1 Hebbian Distillation
The Reflective Agent uses the following prompt to extract structured knowledge from memory clusters
identified as hubs.

Prompt 1: Semantic Memory Extraction Prompt

1 System: You are a knowledge extraction engine analyzing conversation memories.
2 Extract ONLY factual information with direct evidence.
3 Output concise , structured entries.
4

5 User: Analyze the following memory cluster and extract:
6

7 1. USER CHARACTERISTICS:
8 - Observable traits (with evidence)
9 - Content preferences (with evidence)

10 - Interaction patterns
11

12 2. FACTUAL INFORMATION:
13 - Events with dates and locations
14 - Stated preferences
15 - Mentioned relationships
16

17 Format: Concise bullet points with supporting evidence.
18

19 Memory Cluster: {conversation}

A.2 Response Generation
The system uses the following prompt to generate responses using retrieved episodic and semantic
memories.

Prompt 2: Response Generation Prompt

1 System: You are an AI assistant with access to conversation history.
2 Answer questions concisely using the provided context.
3 For dates , use format "15 July 2023".
4

5 User:
6 <EPISODIC MEMORIES >
7 {episodic_context}
8

9 <SEMANTIC KNOWLEDGE >
10 {semantic_knowledge}
11

12 <USER CHARACTERISTICS >
13 {user_model}
14

15 Question: {query}
16

17 Provide an extremely concise answer using concrete entities.
18 Output only the answer content , without labels.
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B Hebbian Weight Visualization

Figure 6 shows the Hebbian edge weight ma-
trix for the first 20 memory nodes. Stronger
weights (darker colors) indicate associations
formed through co-activation. The matrix exhibits
both local associations near the diagonal and cross-
topic connections between distant nodes, demon-
strating that Hebbian learning captures semantic
relationships beyond temporal adjacency. Nodes
with red borders have high total connectivity, mak-
ing them candidates for Hebbian Distillation.
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Figure 6: Hebbian edge weight matrix for the first 20
memory nodes. Stronger weights (darker colors) in-
dicate more frequent co-activation. Nodes with red
borders have high total connectivity across multiple
memories.

C Dataset Statistics

We utilize the LoCoMo benchmark, focusing on
the long-context conversation split. Table 4 pro-
vides the detailed statistics of the 10 conversations
used in our experiments, while Table 5 details the
distribution across different question categories.

D Additional Benchmark:
LongMemEval-S

We additionally evaluate HeLa-Mem on
LongMemEval-S, a 500-item long-term con-
versational memory benchmark. We use
GPT-4o-mini as both the backbone model and
the LLM judge. For retrieval, HeLa-Mem uses
top-15 episodic memories and top-5 semantic
memories (20 total). The best setting on this
benchmark uses learning rate η = 0.02, decay
rate λ = 0.995, spreading activation strength

Table 4: LoCoMo dataset overview.

Metric Value

Number of Conversations 10
Avg. Turns per Conversation ∼ 300
Avg. Tokens per Conversation ∼ 9, 000
Total Question-Answer Pairs 1, 986

Table 5: Distribution of question types in the evaluation
set.

Category Count Percentage

Single-hop 841 42.3%
Multi-hop 282 14.2%
Temporal 321 16.2%
Open-domain 96 4.8%
Adversarial 446 22.5%

Total 1,986 100.0%

β = 0.1, spreading threshold θ = 0.4, keyword
weight 0.7, and max flipped items m = 3. In
Table 7, Single denotes the merged single-hop
group combining Single-User, Single-Asst, and
Single-Pref. Baseline numbers are reported from
Fang et al. (2025) under the same total retrieval
budget.

Table 6: Overall accuracy on LongMemEval-S.

Method ACC (%)

LangMem 37.20
MemoryOS 44.80
Mem0 53.61
FullText 56.80
NaiveRAG 61.00
A-MEM 62.60
HeLa-Mem 65.40

Table 7: Category-wise accuracy on LongMemEval-S.

Method Temporal Multi-
Session

Knowledge-
Update Single

LangMem 15.79 20.30 66.67 55.13
MemoryOS 32.33 31.06 48.72 64.74
Mem0 40.15 46.21 70.12 62.82
FullText 31.58 45.45 76.92 78.21
NaiveRAG 39.85 48.48 67.95 85.90
A-MEM 47.36 48.87 64.11 84.62
HeLa-Mem 50.38 57.14 78.21 78.85

The category-wise values are not directly averaged
to obtain the overall ACC because the category
sizes are unequal.
HeLa-Mem achieves the best overall accuracy
and the best performance on the three reasoning-
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intensive categories: Temporal, Multi-Session, and
Knowledge-Update.

E LLM Usage Statement

We use publicly available large language model
tools as writing assistants to check grammar and
polish a small number of sentences. All technical
content, claims, and contributions are conceived,
written, and verified by the authors. For schematic
figures, several icons or visual elements are refined
with the assistance of LLM-based design tools,
while the figure layout, semantics, and interpre-
tation are fully determined by the authors. Since
this paper involves LLM-related research, all model
usage that affects experiments, analysis, or results
is explicitly documented in Section Experiments.
No other parts of the manuscript are generated or
substantively rewritten by an LLM.

13769


