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Abstract

In team collaboration scenarios, memory is het-
erogeneous and continually evolving. Team
memories capture collective decisions, pro-
tocols, and current consensus, while individ-
ual memories preserve member-specific ob-
servations, execution traces, and intermediate
progress. Existing memory-augmented sys-
tems typically retrieve from all stored mem-
ories as a flat pool, ranking them by semantic
relevance, importance, or recency without mod-
eling hierarchical structure or evolving valid-
ity. As aresult, they often surface semantically
relevant but outdated or conflicting memories,
especially individual memories that no longer
align with current team consensus, instead of
prioritizing currently valid memories. This
is particularly problematic when collaborative
LLM agents answer user questions, since their
responses should be grounded in valid mem-
ories. We propose HiCoMER, a framework
for hierarchical collaborative memory man-
agement and validity-aware retrieval in LLM
agents. HICoMER first maintains the validity
of team and individual memories and then re-
trieves memories that remain valid, rather than
retrieving directly from all stored memories. It
consists of three components: a Hierarchical
Memory Conflict Updater, a Validity-Aware
Memory Retriever, and a Memory-Grounded
Answer Generator. To evaluate HICOMER,
we construct two new datasets for memory-
grounded question answering in collaborative
settings. Experiments on both datasets show
that HICoMER consistently outperforms strong
baselines by reducing outdated retrieval, pre-
serving current team consensus, and improving
downstream QA quality.

1 Introduction

Large language model (LLM) agents are increas-
ingly moving beyond single-turn assistance to-
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Figure 1: Illustration comparing existing methods and
our proposed HICOMER.

ward long-horizon collaboration in shared envi-
ronments (Boiko et al., 2023; Gao et al., 2024).
In these settings, memory is heterogeneous and
hierarchical: team memories record collective de-
cisions and protocols, while individual memories
capture member-specific observations and execu-
tion traces (Shuster et al., 2022). Agents may re-
trieve semantically relevant but invalid memories,
overlooking current team consensus. For exam-
ple, when asked “How should we synthesize Com-
pound A?”, an agent may select a past individual
experiment log while ignoring a team-level update
banning Compound A due to toxicity. Existing
memory-augmented systems (Lewis et al., 2020;
Packer et al., 2023) retrieve from a flat pool based
on semantic similarity or recency, failing to capture
hierarchical conflicts or evolving validity, as shown
in Figure 1.

Moreover, collaborative memories are often pro-
duced in temporally aligned groups. A single meet-
ing or experiment cycle may generate both team-
level decisions and multiple individual records,
some of which may conflict with the current con-
sensus. Memory management must therefore ac-
count for both within-group hierarchical conflicts
and cross-time validity changes.
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To address these challenges, we propose
HiCoMER, a hierarchical collaborative memory
framework. HICoOMER maintains memory valid-
ity and performs validity-aware retrieval through
three components: a Hierarchical Memory Con-
flict Updater, a Validity-Aware Memory Retriever,
and a Memory-Grounded Answer Generator. This
ensures agents prioritize currently valid memo-
ries. We construct two new datasets for memory-
grounded question answering in collaborative set-
tings. Experiments show that HICOMER consis-
tently reduces outdated retrieval, preserves team
consensus, and improves downstream QA quality.

Our contributions are as follows:

* We formalize the problem of hierarchical
memory conflict in collaborative LLM set-
tings, where both team and individual memo-
ries may evolve over time, and semantically
relevant memories can become invalid under
the current consensus.

* We propose HiCoMER, a hierarchical col-
laborative memory framework that maintains
memory validity and performs conflict-aware,
validity-aware retrieval. HICOMER consists
of three components: a Hierarchical Memory
Conflict Updater, a Validity-Aware Memory
Retriever, and a Memory-Grounded Answer
Generator, which together enable agents to
prioritize currently valid memories.

* We construct two new datasets for memory-
grounded question answering in collabora-
tive environments. Experiments demonstrate
that HICOMER consistently improves retrieval
safety, consensus preservation, and down-
stream QA performance over strong baselines.

2 Related Work
2.1 Long-Term Memory Retrieval

Retrieval-augmented generation (RAG) grounds
LLM outputs on retrieved evidence and is widely
used in knowledge-intensive NLP (Lewis et al.,
2020). Many works improve the retrieval back-
bone, including dense retrievers for open-domain
QA such as DPR (Karpukhin et al., 2020), latent-
retrieval pretraining like REALM (Guu et al.,
2020), and large-scale retrieval-augmented pretrain-
ing as in RETRO (Borgeaud et al., 2022). On
the reader side, fusion-based architectures such
as FiD (Izacard and Grave, 2021) and end-to-end
retrieval-augmented models like Atlas (Izacard

et al., 2023) enhance robustness and integration.
Complementary IR advances include late interac-
tion models like ColBERT (Khattab and Zaharia,
2020), sparse expansion models like SPLADE (For-
mal et al., 2021), and query-side augmentation
such as HyDE (Gao et al., 2023b). Self-reflective
pipelines like Self-RAG critique retrieved evidence
and generations to improve faithfulness (Asai et al.,
2024). Agent-oriented systems treat memory as a
persistent, growing corpus with write/read policies,
e.g., MemGPT (Packer et al., 2023) and interactive
generative agents (Park et al., 2023). Despite these
advances, most approaches optimize flat relevance
signals and do not explicitly model hierarchical
validity or authority, which is central to our setting.

2.2 Hierarchical Consistency under Conflicts

Conflict resolution is often studied through contra-
diction detection, entailment reasoning, and factual
verification. NLI datasets like SNLI and MultiNLI
provide supervision for entailment and contradic-
tion (Bowman et al., 2015; Williams et al., 2018),
and adversarial benchmarks such as ANLI stress-
test robustness (Nie et al., 2020). Fact verification
datasets like FEVER formalize consistency as veri-
fying claims against evidence (Thorne et al., 2018).
For generation, approaches include FactCC (Krys-
cifiski et al., 2020), QAGS-style QA checks (Wang
et al., 2020), and broader evaluations like Truth-
ful QA (Lin et al., 2022) and TRUE (Honovich et al.,
2022). Post-hoc detection and correction methods
include SelfCheckGPT (Manakul et al., 2023), iter-
ative retrieval-revision pipelines like RARR (Gao
et al., 2023a), and fine-grained factual scoring such
as FActScore (Min et al., 2023). However, these
works mostly resolve conflicts at generation or eval-
uation time, rather than as write-time operations on
evolving memories. In collaborative environments,
conflicts are frequently asymmetric: team decisions
and SOP updates can invalidate many individual
logs even if semantically similar to future queries.
HiCoMER addresses this by organizing collabora-
tive memories as time-aligned groups, performing
trainable maintenance over hierarchical and tempo-
ral conflicts, and learning a validity-aware retrieval
function over the maintained memory bank.

3 Methodology
3.1 Framework Overview

HiCoMER is a collaborative memory framework
for long-horizon LLM agents operating in team
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Figure 2: Overall framework of HICoMER. The framework consists of three modules: Hierarchical Memory
Conflict Updater, Validity-Aware Memory Retriever, and Memory-Grounded Answer Generator.

environments. In collaborative settings, memory is
inherently heterogeneous: Team memories capture
shared decisions, protocols, and current coordina-
tion state, while Individual memories record local
observations, execution traces, and intermediate
progress. Memory retrieval should therefore not
rely solely on semantic relevance, because seman-
tically relevant memories may already be outdated
or conflict with other memories under the current
collaborative state. This issue becomes particu-
larly severe when agents retrieve directly from raw
stored memories without explicitly modeling the
distinct functions of Team and Individual memo-
ries or maintaining the memory bank to resolve
outdated and conflicting memories. To address
this problem, HICOMER explicitly models collab-
orative memory at both the Team and Individual
levels and maintains the memory bank to preserve
a valid collaborative memory state for downstream
question answering.

As illustrated in Figure 2, HICOMER consists
of three modules. The first module, Hierarchical
Memory Conflict Updater, maintains the memory
bank under two types of conflict: same-time hierar-
chical conflict between Team and Individual mem-
ories in the current group, and cross-time conflict

between the current maintained Team/Individual
memories and previously stored memories. The
second module, Validity-Aware Memory Retriever,
ranks candidate memories by combining semantic
relevance with maintained memory-state signals, so
that retrieval is guided not only by textual relevance
but also by whether a memory remains valid under
the current collaborative state. The third module,
Memory-Grounded Answer Generator, produces
the final response based on the retrieved memories
after a lightweight conflict-resolution step.

Unlike conventional memory-augmented sys-
tems that retrieve directly from raw stored mem-
ories, HICOMER explicitly models Team and In-
dividual memories and maintains their evolving
validity over time. This design allows the frame-
work to reduce the retrieval of conflicting or out-
dated memories and ultimately generate answers
grounded in currently valid memories rather than
raw historical accumulation.

3.2 Hierarchical Memory Conflict Updater

This module maintains the collaborative memory
bank by resolving outdated and conflicting mem-
ories under the hierarchical structure of Team and
Individual memories. Its goal is to preserve a
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valid collaborative memory state for downstream
retrieval and answer generation.

At each time step ¢, HICOMER receives a time-
aligned memory group

Gt — MtTeam U ‘Z\lendividual7 (1)

where M,*™ contains collective records such as
meeting resolutions, protocol updates, and super-
visor instructions, while M/"dividual contains indi-
vidual records such as execution logs, observations,
failed attempts, and intermediate progress. Dur-
ing maintenance, each memory is associated with
both its original content and its maintained content,
so that HICoMER preserves the historical record
while updating the currently valid memory view
used by downstream modules.

HiCoMER first identifies a bounded set of rele-
vant historical memories, because the current group
is unlikely to affect the entire historical memory
bank and exhaustively comparing against all past
memories would be computationally inefficient.
Specifically, it constructs a textual query ¢;"** from
the current Team and Individual memories and re-
trieves the Top- K most relevant memories from the
previously stored bank:

where M .; denotes all Team and Individual mem-
ories stored before time ¢, g/'*" is constructed from
the current group Gy, and s4(-,-) is a dense se-
mantic retrieval model that computes the relevance
between the current-group query and each his-
torical memory. H; contains the Top-K histor-
ical Team/Individual memories with the highest
retrieval scores.

Given the current group G and the retrieved his-
torical candidates H;, the updater performs main-
tenance at two levels. The first level updates the
current group itself. Within G, Team and Indi-
vidual memories may express inconsistent states.
HiCoMER therefore performs an intra-group hier-
archical update that revises the current Individual
memories under the coordination signal provided
by the current Team memories, yielding a main-
tained current-group state:

ét _ MtTeam U ]/\Ztlndividual’ 3)

where ét denotes the maintained version of the
current group after conflict resolution. In this stage,
the Team memories are treated as the authoritative

coordination state at time ¢, and the updater revises
Individual memories when they are incompatible
with that state.

The second level updates the retrieved historical
candidates. HICOMER uses the maintained current-
group state ét, which consists of the current Team
memories and the updated current Individual mem-
ories, to perform an inter-group hierarchical up-
date over the historical candidates in H;. This
step revises previously stored Team and Individual
memories whose maintained content has become
outdated or conflicting under the current state.

We instantiate the updater with a lightweight
instruction-tuned LLM and train it to generate struc-
tured maintenance decisions rather than free-form
outputs. For each target memory, the model pre-
dicts three elements: a relation label, an action
label, and a revised maintained text when revi-
sion is required. The relation label is drawn from
{compatible, neutral, contradiction}, and the ac-
tion label is drawn from {keep, revise}. When the
predicted action is “revise"”, HICOMER updates the
maintained content.

We train the updater in two stages. We first
perform supervised fine-tuning on structured main-
tenance supervision, so that the model learns to
produce the desired decision format and content.
We then further optimize it using Group Relative
Policy Optimization (GRPO) (Shao et al., 2024).
Given an input context u, the policy samples a set
of candidate structured outputs

y(u):{g17"'7gG}7 (4)

which are scored by a deterministic reward
R(ﬂv ’U,) = M PBcons + A2 Rrev + A3Rpmt,  (5)

where R.ons measures consistency with the gold
maintained state, R,., encourages necessary but
minimal revision, and Ry, enforces schema-valid
output. In this way, GRPO encourages the updater
to generate maintenance decisions that are accurate,
concise, and structurally valid.

3.3 Validity-Aware Memory Retriever

This module retrieves memories that are not only
semantically relevant to the query but also valid un-
der the current maintained collaborative state. Its
goal is to reduce the retrieval of outdated or con-
flicting memories while preserving evidence that
remains useful for downstream answer generation.
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Given a user query g and the maintained memory
bank M, after processing groups up to time ¢,
HiCoMER first retrieves a high-recall candidate set

Rt(Q) = TOmeGMgt Tw(q, m)7 (6)

where 7y (-, -) is a dense retrieval model that mea-
sures the semantic relevance between the query and
each maintained memory, and R;(q) contains the
top-N candidate memories returned by the first-
stage retriever.

HiCoMER then reranks each candidate memory
m € Ry;(q) using two complementary signals.

The first is a semantic relevance score

Ssem(Qv m) = fw(% m)> )

where f,(-,-) is a cross-encoder reranker that
jointly encodes the query and the candidate mem-
ory for fine-grained relevance scoring.

The second is a validity-aware score that reflects
whether a candidate memory remains usable under
the current maintained state. For each candidate
memory, HICOMER considers its maintained con-
tent, its source type (Team or Individual), and its
most recent maintenance time. Let h, and A2t
denote the dense representations of the query and
the maintained content of memory m, respectively.
HiCoMER then constructs a feature vector

v(g,m) = [A2A™ hy © KR e(ep,); T, (8)

where e(c;, ) is a trainable embedding of the mem-
ory type ¢, € {Team,Individual}, and 7, is a
normalized timestamp feature derived from the lat-
est maintenance time of m. A lightweight MLP
produces the validity-aware score

Sval(q, m) = go(v(q,m)). )

HiCoMER combines these two signals into a
unified retrieval score:

SﬁnaI(Qa m) = Ssem (Q) m) +A-log U(Sval(% m)) )

(10)
where A controls the contribution of the validity-
aware component. The final retrieved evidence is
obtained by ranking candidate memories in R;(q)
according to Sgpnai(q, m).

We train the retriever after obtaining maintained
memory states from Section 3.2. For each query ¢,
we construct pairwise ranking instances consisting
of a positive memory m™ and a negative memory
m~, where m™ is a gold supporting memory that

remains valid under the maintained state, while
m~ is an outdated, conflicting, or semantically
similar but non-valid competitor. The retriever is
optimized with a pairwise ranking objective

exp(s™)
exp(st) + exp(s‘)) - b

Lrctr = — 1Og (

so that the validity-aware scorer learns to rank cur-
rently valid memories above outdated or conflicting
alternatives.

At inference time, HICoOMER first retrieves a
candidate set using the dense retriever and then
reranks the candidates using the unified score
Stnal(¢, m). The resulting ranked memories are
passed to the downstream answer generator.

3.4 Memory-Grounded Answer Generator

This module generates the final answer from the re-
trieved memories. Its goal is to produce responses
grounded in the retrieved evidence while suppress-
ing residual conflicts that may still remain among
the top-ranked candidates.

Given a user query ¢q and the ranked memory
set returned by the retriever, a lightweight conflict-
resolution step is applied over the retrieved evi-
dence. Although Module I and Module II already
reduce outdated and conflicting memories, residual
inconsistency may still remain when multiple mem-
ories are semantically relevant to the same query
but reflect different collaborative states.

To address this issue, each retrieved memory is
assigned a priority score based on its source type,
maintained validity, and maintenance time:

P(m) = « - I[¢y, = Team)]
+ 8- I Valid(m)]
+ v - NormTime(t¢9%),

(12)

where «, /3, and «y are positive weights, c,,, denotes
the memory type, and NormTime (%) is the nor-
malized maintenance-time score. If two retrieved
memories have contradictory maintained contents,
the memory with higher priority is retained. De-
tailed conflict-resolution rules are provided in Ap-
pendix A. The resulting evidence set is then passed
to the answer generator.

The generator receives the query together with
the resolved evidence set and produces the final
response based solely on this evidence.
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Table 1: Detailed statistics.

Statistic ALI PROTAC Total
Candidate papers 30 30 60
Retained papers 27 26 53
Valid groups 908 873 1,781
Memory documents 8,917 8,801 17,718
Injected conflicts 317 304 621
Same-time conflicts 189 181 370
Cross-time conflicts 128 123 251
Train papers 19 18 37
Validation papers 3 3 6
Test papers 5 5 10

4 Experiments

4.1 Dataset

Existing datasets lack explicit hierarchical con-
flicts and temporally-aligned team versus individ-
ual memories, which are crucial for evaluating
memory maintenance and validity-aware retrieval
in collaborative long-horizon tasks. To address this
gap, we construct two new datasets corresponding
to two biomedical collaboration settings: Acute
Lung Injury (ALI) and PROTAC platform (PRO-
TAC).

The ALI dataset focuses on sepsis-related thera-
peutic development, where conflicts are primar-
ily driven by safety-sensitive protocol updates,
treatment discontinuation, and endpoint revisions.
The PROTAC dataset models linker-free PRO-
TAC platform development under N-end rule con-
straints, with conflicts arising more often from
target-strategy revisions, assay replacements, and
platform-level design invalidations.

The detailed dataset statistics are summarized
in Table 1. The full construction process is pro-
vided in Appendix B, and illustrative examples are
provided in Appendix C.

4.2 Baselines and Evaluation Metrics

We compare HiCoMER against a diverse set
of baselines covering standard semantic retrieval
pipelines such as flat RAG, hybrid RAG, and
rerank RAG; recency-based memory control meth-
ods; agentic and hierarchical memory frameworks
including MemGPT-style agents (Packer et al.,
2023) and G-Memory (Zhang et al., 2025); and
reflection- or production-oriented systems that
rely on generation-time reasoning without ex-
plicit memory-bank maintenance, such as Self-
RAG (Asai et al., 2024) and MemO (Chhikara et al.,

2025). These baselines are chosen to test whether
hierarchical conflict resolution can be addressed
by stronger semantic matching alone, by recency
heuristics, by existing long-horizon memory mech-
anisms, or by generation-time reflection without
explicit memory maintenance. We also include
ablated variants of HICoOMER to isolate the contri-
butions of the Hierarchical Memory Conflict Up-
dater and the Validity-Aware Memory Retriever.
For fairness, all methods are evaluated on the same
grouped memory stream and query interface, and
system-level baselines are adapted to the same re-
trieval settings. Full baseline definitions are pro-
vided in Appendix D.

Performance is evaluated at three levels. For
the Hierarchical Memory Conflict Updater, we
measure structured maintenance quality using Con-
flict F1 and Maintenance Accuracy. For upstream
maintained-state retrieval, we use Outdated Re-
trieval Rate at 5 (ORR @5) to quantify the reduction
of outdated memory retrieval, Consensus Reten-
tion Rate at 5 (CRR@5) to evaluate preservation
of authoritative Team consensus, and NDCG at 10
(NDCG@10) to measure overall executable rank-
ing quality. Finally, for the full HICOMER pipeline,
we report ROUGE-L and Decision F1 to evalu-
ate whether improvements in maintained-state re-
trieval translate into more accurate and executable
memory-grounded answers. Detailed metric defini-
tions are provided in Appendix D.

4.3 Implementation Details

We evaluate HICOMER on the ALI and PROTAC
datasets under two backbone settings. In the strong-
backbone setting, both the Hierarchical Memory
Conflict Updater and Memory-Grounded Answer
Generator use Llama-3.1-8B. In the lightweight set-
ting, both use Qwen2.5-3B-Instruct. The Validity-
Aware Memory Retriever is shared across settings.
All experiments use the same grouped memory
streams, query interface, and downstream prompt
templates to ensure fair comparison.

Training proceeds sequentially. First, the up-
dater is trained on structured maintenance instances
to learn hierarchical memory conflict resolution.
The trained updater generates maintained memory
states for the training split, which are then used to
train the Validity-Aware Memory Retriever with
a pairwise ranking objective. At inference, main-
tained memories are retrieved and reranked for ex-
ecutability, and the top memories are passed to the
answer generator.
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Table 2: End-to-end evaluation of the full HICOMER pipeline on the ALI dataset using Llama-3.1-8B as the
backbone for the Hierarchical Memory Conflict Updater and the Memory-Grounded Answer Generator. Retrieval
metrics ORR@5, CRR@5, and NDCG@ 10 measure maintained-state retrieval quality, while answer-level metrics
ROUGE-L and Decision F1 assess how well the pipeline converts maintained and retrieved memories into final

memory-grounded responses.

Method ORR@5(]) CRR@5 (1) Decision F1 (1) ROUGE-L (1) NDCG@10 (1)
Standard & Semantic Retrieval

Flat RAG 45.83 51.94 41.67 35.38 42.76
Hybrid RAG 41.92 55.68 44.27 37.14 45.31
Rerank RAG 37.57 61.83 48.88 40.47 51.86
Multi-Agent & Hierarchical Memory

G-Memory 29.74 68.91 53.79 44.82 57.63
Agentic Memory (Park) 32.81 64.66 52.14 43.58 54.77
Reflection & Production Systems

Self-RAG 35.12 62.57 55.23 45.97 53.64
MemGPT-style Window 23.79 49.08 46.97 41.73 48.88
MemO 28.63 70.84 57.36 47.48 59.27
HiCoMER (Llama-3.1-8B) 14.18 84.87 64.61 52.93 68.74

4.4 Results

We first present the main results on the ALI dataset,
our primary in-domain evaluation setting. To as-
sess effectiveness under a stronger backbone, we
evaluate HHCoMER with Llama-3.1-8B for both
the Hierarchical Memory Conflict Updater and
the Memory-Grounded Answer Generator. We
also evaluate a lighter deployment-oriented setting
using Qwen2.5-3B-Instruct to test the robustness
of the framework under constrained compute and
memory budgets.

Tables 2 and 3 report the end-to-end perfor-
mance of HICoMER. Retrieval-oriented metrics
ORR @5, CRR@5, and NDCG@10 primarily mea-
sure maintained-state retrieval quality, capturing
the joint effect of the Hierarchical Memory Conflict
Updater and the Validity-Aware Memory Retriever.
Answer-level metrics ROUGE-L and Decision F1
further evaluate how improvements in retrieval
translate into higher-quality memory-grounded re-
sponses. Using Qwen2.5-3B-Instruct, HICOMER
maintains strong performance, demonstrating that
the maintenance-and-retrieval design is robust to
smaller backbone models. Gains are observed in
both maintained-state retrieval and final response
quality.

Overall, HICoMER substantially reduces out-
dated or non-validity-aware retrievals while bet-
ter preserving authoritative Team consensus. This
leads to improved executable ranking and stronger
downstream responses. The consistent gains across

both Llama-3.1-8B and Qwen2.5-3B-Instruct sug-
gest that improvements stem from the framework
design rather than backbone scale. These results
highlight that semantic relevance alone is insuf-
ficient in hierarchical collaborative memory set-
tings: neither stronger semantic matching, recency
heuristics, nor generation-time reflection can fully
replace explicit memory maintenance and validity-
aware retrieval. Further component-level evalua-
tion of the Hierarchical Memory Conflict Updater
on held-out structured maintenance instances is
provided in Appendix E.

Additional results on the PROTAC dataset and
extended per-baseline analyses are provided in Ap-
pendix F.

4.5 Ablation Study

To quantify the contribution of each major mod-
ule in HICoMER, we conduct a full-pipeline abla-
tion study on the ALI dataset. We remove each of
the three core modules individually: the Hierarchi-
cal Memory Conflict Updater, the Validity-Aware
Memory Retriever, and the Memory-Grounded An-
swer Generator. Table 4 reports both retrieval-
oriented metrics and answer-level metrics to assess
how degradations in upstream modules propagate
to final response quality.

Removing either the updater or the validity-
aware retriever leads to substantial drops in both
maintained-state retrieval metrics and final re-
sponse quality, confirming that these upstream mod-
ules are critical for end-to-end performance. Re-
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Table 3: End-to-end evaluation of HHCOMER on the ALI dataset using Qwen2.5-3B-Instruct for both the Hierarchical
Memory Conflict Updater and the Memory-Grounded Answer Generator. Retrieval metrics ORR@5, CRR @5, and
NDCG@10 assess maintained-state ranking, while answer-level metrics ROUGE-L and Decision F1 measure the
quality of memory-grounded responses under a smaller backbone.

Method ORR@5 (]) CRR@5 (1) Decision F1 (1) ROUGE-L (1) NDCG@10 (1)
Standard & Semantic Retrieval

Flat RAG 46.57 50.86 39.43 33.57 41.93
Hybrid RAG 43.04 54.88 42.16 35.61 44.36
Rerank RAG 38.76 60.43 46.48 38.92 50.37
Multi-Agent & Hierarchical Memory

G-Memory 31.03 67.12 50.84 42.69 55.87
Agentic Memory (Park) 34.08 63.04 49.58 41.76 53.41
Reflection & Production Systems

Self-RAG 36.77 60.93 52.09 43.46 51.94
MemGPT-style Window 24.46 47.18 44.19 39.54 46.72
Mem0O 30.18 68.37 53.88 44.87 57.12
HiCoMER (Qwen2.5-3B-Instruct) 16.07 82.34 60.28 49.81 66.08

Table 4: Ablation study on the ALI dataset. ORR@5, CRR@5, and NDCG @ 10 measure maintained-state retrieval
quality, while ROUGE-L and Decision F1 assess memory-grounded response quality. Each row shows the effect of
removing a single module from the full HICOMER pipeline.

ORR@5 CRR@5 NDCG@10 ROUGE-L Decision F1

Variant

Full HiICoMER (Llama-3.1-8B) 14.18
w/o Hierarchical Memory Conflict Updater ~ 30.42
w/o Validity-Aware Memory Retriever 29.16
w/o Memory-Grounded Answer Generator 14.18

84.87 68.74 52.93 64.61
71.63 58.91 46.86 55.94
70.31 57.12 45.97 54.83
84.87 68.74 47.62 56.48

moving the answer generator also degrades final
response metrics, highlighting its role in converting
retrieved memories into high-quality answers. Ad-
ditional ablation analyses on the PROTAC dataset
are provided in Appendix G.

4.6 Human Evaluation

We conduct a human evaluation to assess the prac-
tical performance of our proposed method. Seven-
teen participants with research experience, includ-
ing Ph.D. students, master’s students, and junior re-
search assistants, evaluated 10 report-writing tasks
each, yielding a total of 170 evaluation instances.
For each task, participants evaluated outputs gen-
erated under the same scenario by HICoOMER and
MemO. To reduce potential evaluation bias, the
outputs were presented in randomized order, and
participants were not informed which method pro-
duced each output.

We evaluate the outputs of HICOMER and Mem0O
in terms of two aspects, Memory Precision and
Intervention Usefulness. Memory Precision mea-
sures the relevance and accuracy of retrieved con-
text, while Intervention Usefulness measures the

Table 5: Human evaluation results on simulated system
utility, based on 170 evaluation instances. Memory Pre-
cision measures the relevance and accuracy of retrieved
context, and Intervention Usefulness measures the ac-
tionability of the generated suggestions.

Method Memory Precision Intervention Usefulness
MemO 3.73 3.68
HiCoMER 4.11 4.04

actionability of the generated suggestions. Partici-
pants rated each aspect on a 5-point scale, with a
score of 5 indicating the highest performance.

The human evaluation results are reported in
Table 5. HiICoMER received higher ratings than
MemO on both aspects of Memory Precision and
Intervention Usefulness, suggesting that it provides
more accurate memory support and more action-
able suggestions in realistic scientific collaboration
scenarios.

5 Conclusion

We present HICOMER, a hierarchical collaborative
memory framework for long-horizon LLM agents.
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HiCoMER models team-level and individual-level
information, maintains memory consistency with
a trainable hierarchical conflict updater, retrieves
currently valid memories via a validity-aware
scorer, and generates final answers grounded in
the maintained evidence. Experimental results on
the datasets constructed in this work show that
HiCoMER substantially reduces outdated retrieval
while preserving valid memory states, improv-
ing downstream tasks and yielding higher-quality,
memory-grounded answers and positive human
evaluation outcomes. Our results further suggest
that effective long-term memory management re-
quires not only storing and retrieving historical in-
formation, but also identifying which memories re-
main valid as the collaborative context evolves. Fu-
ture work includes richer conflict structures, multi-
level supersession, and robustness under noisier or
asynchronous memory streams.

Limitations

While HICOMER demonstrates consistent improve-
ments in hierarchical memory maintenance and
validity-aware retrieval, a few limitations should be
noted. First, noisy, incomplete, or misaligned Team
or Individual records could affect maintenance ac-
curacy and downstream answer quality. Finally, our
current evaluation focuses on biomedical collabo-
ration scenarios. Future work will extend testing to
additional domains.

Ethical Statement

HiCoMER is designed for research and simula-
tion of collaborative memory management in LLM
agents and does not directly interact with human
subjects or sensitive patient data in deployed set-
tings. All datasets used in this work are derived
from publicly available scientific publications and
are reverse-simulated to avoid exposing identifiable
human data.

For the human evaluation, participants were re-
cruited voluntarily from research-experienced in-
dividuals and performed scenario-based tasks on
simulated data only. No private or sensitive in-
formation was used, and all participant data were
anonymized. Participants provided informed con-
sent and were debriefed after the evaluation.
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A Detailed Conflict Resolution in Answer
Generation

Given two retrieved memories m; and m;,
HiCoMER checks if their maintained contents are
contradictory:

maint

Contradict(z;,; maint) _

Y m]

(13)

If no contradiction is detected, both memories
are retained. If a contradiction exists, the memory
with the higher priority is retained:
if Contradict(x;nlj‘int,xnmliint) =1

VAN P(ml) > P(mj)

m; = my;

(14)

The final evidence set for answer generation is
then defined as

C* ={m € Ri(q) | #m' € Ri(q) such that
m' = m}.
15)

All else being equal, this procedure yields the
following preference order in common cases:

* Team memories are preferred over Individ-
ual memories when their maintained contents
conflict.

* Among memories of the same type, those that
remain valid under the maintained state are
preferred over invalid or outdated ones.

¢ If both memories have the same type and va-
lidity, the memory with the more recent main-
tenance time is preferred.

After conflict resolution, each memory in C*
is serialized with its source type, maintenance
time, and maintained content, and the resulting
structured evidence set is passed to the instruction-
following LLM for final answer generation.

B ALI and PROTAC Dataset
Construction Details

This appendix provides full details on the construc-
tion of the ALI and PROTAC datasets. For each do-
main, we start with a candidate pool of 30 PubMed

papers. After paper-level eligibility screening, 27
ALI papers and 26 PROTAC papers are retained.
Each retained paper is reverse-simulated into a 12-
week collaborative lifecycle, divided into event
windows spanning 48—72 hours. Each event win-
dow corresponds to a grouped memory unit con-
taining Team memories, which encode collective
decisions, protocol-level constraints, and authori-
tative consensus, and Individual memories, which
capture local execution traces, observations, and
intermediate progress.

Hierarchical conflicts are explicitly injected, in-
cluding same-time conflicts within a single event
window and cross-time conflicts spanning multi-
ple windows. ALI contains 317 injected conflicts
(189 same-time, 128 cross-time), and PROTAC
contains 304 injected conflicts (181 same-time, 123
cross-time). To reduce document-level leakage,
train/validation/test splits are organized by source
paper: ALI uses 19/3/5 and PROTAC uses 18/3/5.
Both datasets support six query types: fact lookup,
procedure validation, conflict diagnosis, risk warn-
ing, next-step decision, and protocol consistency
checking. GPT-5 is used for reverse simulation,
query-answer generation, and evidence-trace an-
notation. Across valid groups, each contains on
average 2.1 Team memories and 7.8 Individual
memories, totaling 9.9 documents per group.

C Illustrative examples

[lustrative examples for the ALI and PROTAC
datasets are provided in Table 6.

D Baseline Definitions and Metric Details

To evaluate HICOMER’s handling of hierarchical
memory conflicts, we compare it against several
baseline categories. All baselines are evaluated on
the same grouped memory stream and query in-
terface to ensure differences reflect memory main-
tenance and retrieval strategies rather than input
format or generation capacity.

* Standard retrieval and semantic matching:
Flat RAG ranks candidates by dense seman-
tic similarity. Hybrid RAG combines dense
and sparse (BM25) retrieval. Rerank RAG ap-
plies a cross-encoder to rerank Hybrid RAG
candidates. These provide strong semantic
matching baselines.

* Recency-based memory control: MemGPT-
style Window retains only the most recent
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Table 6: Illustrative examples.

Conflicting Individual/ His-
torical Memory

Query

Week 4 lab log: prepared Com-
pound X for follow-up efficacy
testing; Week 2 protocol note:
expand Compound X testing
if preliminary efficacy remains
stable.

Should the team proceed with
the planned Compound X
follow-up experiment?

Dataset Team Memory

ALI Week 4 team decision: dis-
continue Compound X due
to elevated toxicity in the pi-
lot cohort.

PROTAC Week 6 platform update: re-

place the original degrada-
tion assay with the N-end-

Week 6 experiment log: con-
tinued using the previous
degradation readout; Week 4

Is the current validation result
directly usable under the latest
platform protocol?

rule-based validation work-
flow for downstream screen-
ing.

design note: prioritize the ear-
lier target-screening route.

Table 7: Component-level evaluation of the Hierarchical Memory Conflict Updater on held-out structured mainte-
nance instances from ALIL Conflict F1 measures the accuracy of predicting conflict relations, while Maintenance
Accuracy measures the correctness of structured memory updates.

Model Conflict F1 Maintenance Accuracy
Rule-based Updater 46.13 53.38
Qwen2.5-3B Zero-shot 57.84 60.57
Qwen2.5-3B with SFT 77.18 81.47
Qwen2.5-3B with SFT and GRPO 83.57 87.31
Llama-3.1-8B Zero-shot 61.68 64.93
Llama-3.1-8B with SFT 81.76 85.36
Llama-3.1-8B with SFT and GRPO 87.88 91.17

memories within a fixed active window, simu-
lating recency-focused memory management.

applies deterministic revise rules. Qwen?2.5-
3B Zero-shot uses direct structured prompting
without training. Qwen2.5-3B + SFT applies
supervised fine-tuning. Qwen2.5-3B + SFT +
GRPO is the full trainable updater. Llama-3.1-
8B Zero-shot/SFT/SFT+GRPO provide larger-
backbone variants for robustness evaluation.

* Agentic and hierarchical memory systems:
Agentic Memory scores candidates by rele-
vance, recency, and static importance. G-
Memory organizes memories hierarchically
and performs structured retrieval over the

shared memory pool. Metrics are defined to assess multiple dimen-

« Reflection and production memory frame-  S1ons of performance:

works: Self-RAG applies generation-time re-
flection to assess whether retrieved memories
remain valid. MemO is a production memory
infrastructure adapted to the shared-memory
benchmark.

» Updater-specific metrics: Conflict F1 mea-
sures accuracy in predicting conflict relations.
Maintenance Accuracy measures exact-match
correctness of relation and action labels.

e Retrieval-oriented metrics: ORR@K (Out-
dated Retrieval Rate) is the fraction of re-
trieved memories labeled outdated or non-
executable. CRR@K (Consensus Retention
Rate) is the recall of authoritative Team mem-
ories. NDCG@ 10 evaluates ranking quality

¢ Internal HICoMER variants: HiCoMER
without validity-aware retrieval retains the
maintenance module but ranks memories
solely by semantic similarity.

» Updater-only baselines: Rule-based Updater
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with higher gain assigned to valid supporting
memories.

* Answer-level full-pipeline metrics: ROUGE-
L measures textual overlap between generated
and gold answers. Decision F1 evaluates cor-
rectness on decision-oriented queries, includ-
ing risk warnings, next-step decisions, and
protocol consistency checks.

Conflict F1 and Maintenance Accuracy primar-
ily assess the updater, ORR@5, CRR@5, and
NDCG @10 reflect the combined effect of the up-
dater and the validity-aware memory retriever, and
ROUGE-L and Decision F1 evaluate the end-to-end
quality of memory-grounded answer generation.

E Updater Evaluation

We evaluate the Hierarchical Memory Conflict Up-
dater on held-out structured maintenance instances
derived from the ALI dataset. This component-
level evaluation measures whether the updater can
correctly predict conflict relations and structured
maintenance actions.

The results show that the trained updater sub-
stantially outperforms rule-based maintenance, in-
dicating that hierarchical memory updating can-
not be reduced to standard contradiction detection
alone. Reward-based GRPO optimization further
improves structured executable-state maintenance,
yielding consistent gains over zero-shot and SFT-
only settings.

F Results on PROTAC Dataset

We present the full main results on the PROTAC
dataset in this appendix. As in the main text, the ta-
bles report end-to-end evaluations of the complete
HiCoMER pipeline. Metrics ORR@5, CRR@5,
and NDCG@ 10 primarily capture the combined
effect of the Hierarchical Memory Conflict Up-
dater and Validity-Aware Memory Retriever, while
ROUGE-L and Decision F1 assess the final re-
sponse quality produced by the Memory-Grounded
Answer Generator.

The evaluation on the PROTAC dataset demon-
strates that HICOMER consistently reduces out-
dated retrieval and preserves valid memory states
under complex, evolving workflow constraints. Im-
provements in maintained-state retrieval translate
into higher-quality, memory-grounded responses,
reflecting the effective coordination of hierarchical
memory maintenance and validity-aware retrieval.

Overall, these results indicate that HICOMER pro-
vides a robust and effective framework for manag-
ing dynamic collaborative memories in mechanism-
driven platform settings.

G Ablation Study on the PROTAC
Dataset

To further assess module contributions across
datasets, we conduct an ablation study on the PRO-
TAC dataset. Each of the three core HICoMER
modules is removed individually: the Hierarchi-
cal Memory Conflict Updater, the Validity-Aware
Memory Retriever, and the Memory-Grounded An-
swer Generator. Table 10 reports retrieval-oriented
and answer-level metrics to evaluate how module
removals affect maintained-state retrieval and final
response quality.

Removing either the updater or the validity-
aware retriever results in significant drops across
both retrieval and answer-level metrics, confirming
that these upstream modules are essential for end-
to-end performance. Removing the answer gener-
ator also reduces response quality, demonstrating
its role in converting retrieved memories into high-
quality answers. These results complement the ALI
dataset ablation study and show consistent module
contributions across datasets.
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Table 8: End-to-end evaluation of the full HICOMER pipeline on the PROTAC dataset using Llama-3.1-8B as the
backbone for the Hierarchical Memory Conflict Updater and the Memory-Grounded Answer Generator. Retrieval
metrics ORR@5, CRR @5, and NDCG @ 10 measure maintained-state retrieval quality, while answer-level metrics
ROUGE-L and Decision F1 assess how well the pipeline converts maintained and retrieved memories into final
memory-grounded responses.

Method ORR@5 (]) CRR@5 (1) Decision F1 (1) ROUGE-L (1) NDCG@10 (1)
Standard & Semantic Retrieval

Flat RAG 48.12 48.73 38.66 33.81 40.68
Hybrid RAG 44.79 52.14 41.08 35.23 43.37
Rerank RAG 40.66 57.58 45.42 38.17 49.09
Multi-Agent & Hierarchical Memory

G-Memory 31.84 64.77 50.31 42.38 54.34
Agentic Memory (Park) 34.87 61.92 48.79 41.14 51.83
Reflection & Production Systems

Self-RAG 37.88 60.71 51.63 43.76 50.42
MemGPT-style Window 25.47 45.63 43.18 38.86 45.74
Mem0O 30.69 66.53 53.07 45.12 55.48
HiCoMER (Llama-3.1-8B) 15.37 82.74 62.79 51.43 66.81

Table 9: End-to-end evaluation of HHICOMER on the PROTAC dataset using Qwen2.5-3B-Instruct for both the
Hierarchical Memory Conflict Updater and the Memory-Grounded Answer Generator. Retrieval metrics ORR @5,
CRR @5, and NDCG @ 10 assess maintained-state ranking, while answer-level metrics ROUGE-L and Decision F1
measure the quality of memory-grounded responses under a smaller backbone.

Method ORR@5 (]) CRR@5 (1) Decision F1 (1) ROUGE-L (1) NDCG@10 (1)
Standard & Semantic Retrieval

Flat RAG 48.97 47.63 36.88 31.94 39.47
Hybrid RAG 45.74 50.82 39.42 33.76 42.03
Rerank RAG 41.48 56.07 43.61 36.87 47.58
Multi-Agent & Hierarchical Memory

G-Memory 33.02 63.09 47.86 40.58 52.46
Agentic Memory (Park) 35.93 59.97 46.82 39.53 50.63
Reflection & Production Systems

Self-RAG 39.06 58.88 49.18 41.74 48.66
MemGPT-style Window 26.08 43.87 40.76 36.83 44.19
Mem0O 31.87 64.66 50.73 42.93 53.88
HiCoMER (Qwen2.5-3B-Instruct) 17.58 79.83 58.12 48.17 63.96

Table 10: Ablation study on the PROTAC dataset. ORR@5, CRR@5, and NDCG @ 10 measure maintained-state
retrieval quality, while ROUGE-L and Decision F1 assess memory-grounded response quality. Each row shows the
effect of removing a single module from the full HICOMER pipeline.

Variant ORR@5 CRR@5 NDCG@10 ROUGE-L Decision F1

Full HiCoMER (Llama-3.1-8B) 15.37 82.74 66.81 51.43 62.79
w/o Hierarchical Memory Conflict Updater ~ 31.26 70.94 57.63 45.98 54.86
w/o Validity-Aware Memory Retriever 30.11 69.82 56.34 45.21 53.91
w/o Memory-Grounded Answer Generator 15.37 82.74 66.81 46.58 54.97
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