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Abstract

Large language model (LLM) driven multi-
agent systems have shown promise in complex
clinical reasoning, yet existing approaches rely
on static strategies and lack persistent clinical
memory, preventing self-evolving from prior
diagnostic successes and failures. We present
EMR, a self-evolving medical multi-agent sys-
tem via Experience Mining and Reuse. EMR
introduces a hierarchical clinical experience li-
brary that organizes accumulated knowledge
into three levels: clinical principles, diagnostic
patterns, and representative cases. During in-
ference, EMR emulates multidisciplinary con-
sultation: a planner agent coordinates domain-
specific department agents for specialized rea-
soning, while a summary agent synthesizes
their analyses into a final decision. Critically,
EMR automatically extracts correct diagnos-
tic insights and failure-related warnings from
multi-agent reasoning trajectories, incremen-
tally updating the experience library to guide
future cases. Experiments on medical reason-
ing benchmarks demonstrate that EMR con-
sistently outperforms state-of-the-art medical
multi-agent baselines. Further analysis reveals
that the hierarchical experience enables cross-
specialty generalization and transfer across di-
verse LLM backbones, offering a scalable and
interpretable pathway toward continually evolv-
ing intelligent medical reasoning.

1 Introduction

Recent advances in large language models (LLMs)
have substantially improved their capabilities
across a wide range of tasks, particularly in rea-
soning, planning, and tool use (Yi et al., 2025;
Li et al., 2025; Chen et al., 2026; Zhang et al.,
2026b). This progress has enabled the rise of au-
tonomous agents and subsequently stimulated the
development of multi-agent systems, where multi-
ple agents work together to address complex tasks
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Figure 1: Illustration of the experience mining and
reuse mechanism in EMR versus traditional instance-
independent reasoning.

(Significant-Gravitas, 2023; Team, 2023; Hong
et al., 2024; Chen et al., 2024b; Shi et al., 2026a).
In medical settings, such complexity often arises
from multi-symptom presentations, differential di-
agnosis, and the need for cross-department clinical
consultation (Lin et al., 2025b; Shi et al., 2026b).
In this context, multi-agent systems have been in-
creasingly explored in the medical domain, as they
can decompose complex medical problems into
coordinated reasoning processes across multiple
specialized agents (Tang et al., 2024; Kim et al.,
2024).

However, existing medical multi-agent systems
suffer from two key limitations. (1) Most current
approaches are static, relying on fixed reasoning
strategies, which often lead to recurring diagnostic
errors when facing complex or previously unseen
clinical cases (Lin et al., 2025b; Miao et al., 2026;
Spieser et al., 2025). (2) As illustrated in Figure
1, medical multi-agent systems typically treat each
task as an isolated instance, failing to learn from
past successful clinical experiences or to avoid pre-
viously encountered diagnostic mistakes (Flesch
et al., 2018). This lack of experience accumula-
tion fundamentally limits their ability to improve
robustness and reliability in medical reasoning.

We argue that the missing component is an ex-
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plicit and persistent experience abstraction. Rather
than evolving prompts (Yuksekgonul et al., 2024;
Zhang et al., 2025c¢) or workflows (Lin et al., 2025a;
Zhang et al., 2025a; Shang et al., 2024) in isola-
tion, multi-agent systems should extract reusable
knowledge from their own reasoning trajectories
and store it in a form that is transferable, scalable,
and model-agnostic. Such experience should cap-
ture not only successful reasoning strategies but
also systematic failure modes, enabling agents to
avoid repeating past mistakes (Cai et al., 2025; Wu
et al., 2025). In clinical practice, such experience
naturally corresponds to accumulated diagnostic
guidelines, common reasoning heuristics, and rep-
resentative patient cases learned from prior suc-
cesses and failures.

To this end, we propose EMR, a medical multi-
agent system with experience, which enables self-
evolving through experience mining and reuse. The
multi-agent architecture of EMR is designed to
mirror multidisciplinary clinical decision-making
workflows. Specifically, a planner agent assigns rel-
evant medical departments, department agents gen-
erate domain-specific reasoning trajectories, and a
summary agent integrates cross-department anal-
yses to produce final decisions. During the multi-
agent collaboration process, EMR automatically
mines both golden and warning experiences from
agent trajectories and incrementally updates its ex-
perience library.

Crucially, EMR organizes experience into a
three-level hierarchy—principles, patterns, and
cases—corresponding to clinical guidelines, com-
mon diagnostic heuristics, and representative pa-
tient cases, respectively. This hierarchical design al-
lows high-level medical reasoning strategies to gen-
eralize across tasks while preserving fine-grained
clinical details when needed. During inference,
agents reuse relevant experiences to guide reason-
ing, enabling the system to continuously improve
clinical reasoning performance without modifying
model parameters.

We evaluate EMR on multiple medical question
answering benchmarks. Experimental results show
that EMR consistently outperforms static multi-
agent baselines, outperforming MDAgents (Kim
et al., 2024) by 3.3%, 2.0%, and 1.5% in average
accuracy. Detailed analysis indicates that experi-
ences exhibit transferability across both different
backbone LLMs and datasets. These findings in-
dicate that explicit experience modeling provides
a practical and scalable path toward continuously

evolving medical multi-agent systems.
The main contributions are summarized as fol-
lows:

* We propose EMR, a medical multi-agent sys-
tem that supports self-evolving through expe-
rience mining and reuse within a hierarchical
experience library.

* We empirically demonstrate the effective-
ness of EMR on medical question answering
benchmarks, highlighting the complementary
roles of different experience types.

* We show that experiences mined from differ-
ent LLMs or datasets are transferable and re-
main human-readable, providing actionable
guidance for improving multi-agent reasoning
strategies.

2 Related Work
2.1 Multi-Agent Collaboration in Medical

Recent work has explored multi-agent collabora-
tion as a promising paradigm for improving LLM
performance in medical tasks. Al Hospital (Fan
et al., 2025) and Self-Evolving Multi-Agent Sim-
ulations (Almansoori et al., 2025) construct real-
istic clinical environments where multiple med-
ical agents interact, adapt, and evolve, enabling
systematic evaluation of LLMs under complex
clinical workflows. For medical reasoning and
decision-making, MedAgents (Tang et al., 2024)
and MDAgents (Kim et al., 2024) show that col-
laborative LLMs with role specialization, adaptive
coordination, and consensus mechanisms can sig-
nificantly enhance single-LLM reasoning and clini-
cal decision quality, while ReConcile (Chen et al.,
2024b) further demonstrates the benefits of con-
sensus among diverse LLMs for robust reasoning.
Beyond reasoning, ColaCare (Wang et al., 2025)
applies LLM-driven multi-agent collaboration to
electronic health record modeling, and nomadic
multi-agent systems (Dhasarathan et al., 2024) have
been used to quantify and protect privacy in dy-
namic e-healthcare settings. Overall, these studies
highlight the effectiveness of multi-agent collabo-
ration in advancing medical reasoning, simulation,
and clinical data modeling.

2.2 Experience-Driven Agent Evolution

Recently, experience-driven evolution has emerged
as a promising approach for enabling LLM agents
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Figure 2: Our proposed EMR diagram. Agents correspond to Section 3.1 and represent the multi-agent collaborative
system. Mining corresponds to Section 3.2 and focuses on analyzing multi-agent collaboration trajectories to mine
experiential knowledge. Reuse corresponds to Section 3.3, where extracted experiences are integrated into an
experience library and reused to guide subsequent tasks, enabling iterative mining and reuse.

‘/1)m ry: ...He tells the resident to leave this complication out of the operative report. h
Which of the following is the correct next action for the resident to take?...
Options: (A) Disclose the error to the patient and put it in the operative report

g (B) Tell the attending that he cannot fail to disclose this mistake ... )
Planner: You are a medical expert who specializes in categorizing medical
scenarios into specific areas of medicine...

From the perspective of a documentation expert...
...Resident physicians should insist on recording...

: distinguish between next action and final action ¥

instructions, and the resident should first express their differing opinions and try to

Summary: Option B is a reasonable "next step" because the superior has just given
persuade the superior to comply with professional ethics.

Figure 3: An illustration of EMR reasoning process.

to accumulate and reuse past interaction knowl-
edge. ExpeL (Zhao et al., 2024) stores raw trajec-
tories without structured abstraction, while Rea-
soningBank (Ouyang et al., 2025) generates par-
allel trajectories under the same model, and G-
Memory (Zhang et al., 2026a) encodes experiences
into complex graph structures. In the medical do-
main, MDTeamGPT (Chen et al., 2025) accumu-
lates consultation experiences as flat summaries
for specific agents, whereas EvolveR (Wu et al.,
2025) employs GRPO to enhance experience uti-
lization but requires additional computation and
parameter updates. Overall, these methods empha-
size experience storage or retrieval rather than sys-
tematic abstraction and hierarchical reuse within
collaborative multi-agent systems, leaving open
how accumulated experience can be structured and
transferred across diverse agents to support con-
tinuous medical reasoning improvement—an issue
we address in this work.

3 Method

In this section, we present the components of EMR.
As illustrated in Figure 3 and Figure 2, EMR inte-
grates a structured multi-agent collaboration sys-
tem with an explicit experience library, enabling
agents to evolve without updating model param-
eters. The pipeline comprises three core compo-
nents: (i) a multi-agent medical system (Section
3.1), (ii) experience mining from collaboration tra-
jectories (Section 3.2), and (iii) experience reuse
through hierarchical update and retrieval (Section
3.3).

3.1 Multi-Agent Medical System

Given a medical multiple-choice question ¢ and
options O = {o01,09,...,0x}, EMR simulates
a multi-department clinical consultation through
three types of agents: a planner agent (3.1.1), mul-
tiple department agents (3.1.2), and a summary
agent (3.1.3).

3.1.1 Planner Agent

Medical questions often span multiple clinical do-
mains, with different options requiring reasoning
from distinct diagnostic perspectives (Heist et al.,
2014; Stringer et al., 2021). Without explicit do-
main awareness, downstream agents tend toward
redundant or irrelevant exploration (Zhang et al.,
2025b; Aryal et al., 2024). To address this, we
introduce a planner agent that structures the reason-
ing space by identifying relevant medical domains
at both the question and option levels.
Specifically, the pl(aglner assigns question-level
{dy",

domains D, ,dggl)}, capturing the



core clinical specialties, and option-level domains
D, = {dgo), e dg\(;)} for evaluating options from
diverse perspectives. Incorporating retrieved prior
experience £, (Section 3.3.3), the planner leverages
accumulated patterns to improve domain assign-
ment and avoid previously observed errors. For-
mally:

Dy = LLM(q, & | rp, mq),

1
D, = LLM(q, O0,&, | rp, m0), 1

where 7, denotes the planner role, 7, and 7, are
prompts for question-level and option-level domain
identification, respectively, both incorporating do-
main taxonomies and task-specific constraints.

By decomposing the reasoning space into
domain-specific subproblems, the planner enables
downstream department agents to focus on clini-
cally relevant knowledge, laying the groundwork
for coordinated collaboration.

3.1.2 Department Agents

While the planner structures the reasoning space,
accurate medical decision-making requires in-
depth, domain-specific analysis grounded in clini-
cal knowledge and prior experience. We introduce
department agents, each emulating a medical ex-
pert specialized in a particular clinical domain.

For each domain d € D, U D,, a department
agent performs focused reasoning conditioned on
the question, candidate options, and retrieved expe-
rience:

aq = LLM(Q) Oa d7 57" | Td, 7Td)7 (2)

where r4 denotes the domain expert role, and 7y
is a domain-specific reasoning prompt guiding the
agent to incorporate both medical knowledge and
historical experience. All analyses are collected as:

A={aq|deD,uD,}. 3)

By decomposing medical reasoning into parallel,
domain-focused analyses enriched with retrieved
experience, department agents provide diverse yet
complementary perspectives for the summary agent
to integrate.

3.1.3 Summary Agent

While department agents provide parallel, domain-
specific analyses, effective medical decision-
making requires reconciling potentially comple-
mentary or conflicting viewpoints into a coherent
global judgment. We introduce a Summary Agent

that acts as a coordinating medical consultant, in-
tegrating cross-department evidence to derive the
final prediction.

Beyond simple aggregation, the summary agent
performs reflective reasoning by jointly consider-
ing the department analyses and retrieved expe-
rience, enabling it to resolve contradictions and
correct local errors using accumulated prior experi-
ences. Formally:

U, Gsum = LLM(Q» 0, -A, Er ’ Ts, 71'5), 4

where ¢ is the predicted answer, agyy the synthe-
sized analysis, 75 the summary role, and 75 an
aggregation prompt.

By jointly leveraging multi-department analy-
ses and experience retrieval, the summary agent
produces a globally consistent reasoning outcome
that reflects both distributed expert knowledge and
accumulated experiential insights.

3.2 Experience Mining

EMR enables self-evolving by explicitly mining
experiences from multi-agent collaboration trajec-
tories. This process involves trajectory generation
(3.2.1) and experience collection (3.2.2).

3.2.1 Multi-Agent Collaboration Trajectory

Generation

To support experience-driven evolution, EMR
records the entire multi-agent reasoning process as
a structured trajectory. In medical settings, learn-
ing from experience critically depends on under-
standing how decisions are made, which intermedi-
ate judgments contribute to success or failure, and
where errors originate.

For each sample, EMR produces a complete rea-
soning trajectory:

T = (Q7OaDQ?DoaA7 asuma:‘))a (5)

where the planner specifies relevant domains, de-
partment agents generate domain-specific analy-
ses, and the summary agent synthesizes cross-
department reasoning into a final decision. This
trajectory captures intermediate reasoning steps
and their organizational structure, forming the fun-
damental unit for subsequent experience mining.

To distinguish effective from erroneous reason-
ing, each trajectory is evaluated against the ground-
truth answer y. A trajectory is successful if § = v,
and failed otherwise. This binary outcome pro-
vides a supervision signal enabling EMR to extract
reusable experience from both correct reasoning
paths and informative failures.



3.2.2 Experience Collection and
Categorization

Reasoning trajectories alone do not directly consti-
tute reusable knowledge. EMR distills trajectories
into compact, transferable experience representa-
tions that abstract away case-specific details while
preserving critical reasoning signals. Learning in
medical reasoning requires leveraging both success-
ful decision patterns and informative failures that
reveal systematic weaknesses.

Given a completed trajectory 7, EMR extracts
experience entries € in natural language that en-
code reusable reasoning knowledge. We categorize
experiences into two complementary types:

* Golden Experience: distilled from success-
ful trajectories, capturing effective reasoning
strategies, diagnostic principles, and validated
decision patterns.

* Warning Experience: distilled from failed
trajectories, summarizing failure causes, mis-
leading cues, and recurring error patterns to
avoid in future reasoning.

This dual categorization allows EMR to learn
symmetrically from both successes and failures,
preventing overfitting to correct outcomes while
promoting robust error awareness. Formally:

e = Collect(r,y | re, me), 6)

where 7. denotes the collector role and . the ex-
perience mining prompt. The collector compares
the trajectory outcome with the ground-truth label
y, identifies salient reasoning behaviors or failure
modes, and abstracts them into experience entries
for long-term accumulation.

3.3 Experience Reuse

EMR supports continual evolution by systemati-
cally reusing accumulated experiences during in-
ference, comprising three components: hierarchi-
cal experience library (3.3.1), update mechanism
(3.3.2), and experience retrieval (3.3.3).

3.3.1 Hierarchical Experience Library

A key challenge in experience-driven multi-agent
systems is accumulating knowledge without uncon-
trolled growth or sacrificed generalization. EMR
adopts a hierarchical experience library £ with
three abstraction levels:

L= {ﬁprinciple’ [,pattern’ Ecase}‘ (7)
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Figure 4: The process of updating the experience library.

At the highest level, £P"“Ple stores abstract diag-
nostic rules and high-level reasoning principles.
The intermediate level LPY™ captures reusable
reasoning structures and decision templates. At
the lowest level, £%° contains concrete, context-
specific examples preserving detailed clinical rea-
soning traces. This hierarchical organization bal-
ances abstraction and specificity, enabling both
compact storage and flexible reuse.

3.3.2 Experience Update Mechanism

Given a newly generated experience e, the updater
agent determines whether and how to incorporate
it into the library. The core objective is to preserve
coherence and compactness while allowing novel
experience to accumulate. Equivalent or redundant
entries are discarded or merged rather than blindly
added.

The update process consists of three steps. First,
the updater retrieves potentially related experi-
ences:

R = Retrieve(Ly, €), 8)

where £; denotes the library at step ¢.

Second, the updater estimates semantic rele-
vance between e and R. Each experience is en-
coded into a semantic vector, and similarity is com-
puted via cosine similarity:

. e(e) - e(g
Sim(e, R) = max M, 9)
cier [le(e)]l, [le(e)]
where e(-) denotes the embedding function.
Finally, the library is updated according to:

Lig1 =
£, U {e}, if Sim(e, R) < 6,

(L:\ R) ULLM_Process(R, ¢), otherwise.
(10)
When similarity falls below 6, the experience is
considered novel and added directly. Otherwise,
the LLM determines whether to merge them into a
more compact representation or discard e if it adds
no reasoning value.



This mechanism enables scalable experience ac-
cumulation by combining lightweight similarity-
based routing with LLM-based semantic consoli-
dation, ensuring the library evolves in a structured
and reusable manner.

3.3.3 Experience Retrieval Mechanism

Accumulated experience is only valuable if effec-
tively reused during future reasoning. Rather than
statically encoding experience into model parame-
ters, EMR treats the experience library as an exter-
nal, model-agnostic knowledge source dynamically
queried at inference time.

Given a query context c, the retrieval mechanism
selects relevant experiences:

Er = Retrieve(L, ¢, k), an
where k denotes the number of retrieved entries.
Retrieval proceeds hierarchically: the agent first
identifies relevant high-level principles, then re-
trieves associated reasoning patterns, and finally
accesses concrete cases grounding abstract knowl-
edge in specific scenarios.

The retrieved experiences are injected into the
planner, department, and summary agents as exter-
nal guidance, shaping reasoning behavior without
modifying model parameters. By conditioning rea-
soning on accumulated experience, EMR enables
agents to benefit from prior successes, avoid pre-
viously observed failures, and generalize beyond
their original training distribution.

4 Experiments

4.1 Experimental Setup

Datasets. We evaluate EMR on a diverse
set of medical reasoning benchmarks, includ-
ing MedQA (Jin et al., 2021), MedMCQA (Pal
et al.,, 2022), PubMedQA (Jin et al., 2019),
MMLU (Hendrycks et al., 2020), and MMLU-
Pro (Wang et al., 2024). These datasets cover a
wide range of medical problem types, from clin-
ical decision-making to complex medical reason-
ing, providing a comprehensive testing platform
for evaluating medical multi-agent systems.

Implementation. We instantiate EMR with
Qwen3-8B (Team, 2025) and GPT-40 (Hurst et al.,
2024) to examine robustness across model scales
and architectures. The numbers of domain experts
for the question and options are setas: m = 3,n =
2. Analogous to training epochs, we set the number

of data mining iterations to 5 in our implementa-
tion. More implementation details see Appendix A.
All reported results are averaged over three inde-
pendent runs.

Baselines. We compare EMR against both single-
LLM and medical multi-agent baselines. We
use zero-shot prompting (Kojima et al., 2022)
as a single-LLM baseline. Multi-agent base-
lines include MedAgents (Tang et al., 2024)
and MDAgents (Kim et al., 2024), which
represent state-of-the-art static medical multi-
agent systems. Additionally, we compare
against experience-based reasoning methods in-
cluding ExpeL (Zhao et al., 2024), Reasoning-
Bank (Ouyang et al., 2025), G-Memory (Zhang
et al., 2026a), MDTeamGPT (Chen et al., 2025),
and EvolveR (Wu et al., 2025).

4.2 Main Results

Comparison with static multi-agent systems. Ta-
ble 1 shows that EMR consistently outperforms ex-
isting medical multi-agent systems across all LLMs
and datasets. Under Qwen3-8B, EMR raises the
average accuracy from 77.8 (MDAgents) to 81.1;
under GPT-4o, it reaches 93.9. Unlike single-LLM
baselines, EMR decomposes complex problems
and enables structured collaboration. Compared
to prior multi-agent methods, EMR introduces ex-
plicit experience mining and reuse, avoiding static
role assignment and recurring failures.

Comparison with experience-based methods.
Among experience-based approaches, EvolveR
achieves 92.7 (MedQA) and 86.5 MedMCQA) via
GRPO optimization, while MDTeamGPT reaches
88.6 on MedMCQA with flat consultation sum-
maries.  Others (ExpeL, ReasoningBank, G-
Memory) lag due to limited abstraction or adapta-
tion. EMR surpasses all, achieving 96.8 on MedQA
(+4.1) and 89.2 on MedMCQA (+0.6), with larger
gains on complex USMLE-style questions. On
MMLU-Pro (Health & Biology), EMR consistently
beats all baselines across LLMs. Notably, EMR
also boosts smaller LLMs like Qwen3-8B, closing
the gap with larger models, while still enhancing
strong LLMs such as GPT-40.e-driven reasoning
complements model capacity rather than replacing
it.



Table 1: Main results (Accuracy %) on various medical benchmarks. The datasets include MedQA (USMLE),
MedMC. (representing MedMCQA, Indian medical exams), PubMed. (representing PubMedQA, biomedical
research questions), and various subsets of MMLU and MMLU-Pro, specifically: Ant. (Anatomy), Clin. (Clinical
Knowledge), Coll. (College Medicine), Gen. (Medical Genetics), Hea. (Health), and Bio. (Biology). Bold indicates

the best performance within each backbone model group.

Method MedQA MedMC. PubMed. Ant. Clin. Coll. Gen. Hea. Bio. Avg.
Qwen3-8B
Single-LLM 70.2 66.5 72.1 68.8 71.4 69.5 73.2 60.1 65.8 68.6
MedAgents 75.4 72.3 77.2 76.5 79.1 75.8 78.4 66.5 73.6 75.0
MDAgents 77.8 75.6 80.5 78.9 81.5 772 82.1 69.5 76.8 77.8
ExpeL 76.5 73.8 79.2 77.5 80.1 76.8 80.5 68.2 75.1 76.4
ReasoningBank  77.2 74.5 79.8 78.2 80.8 77.5 81.2 68.8 75.8 77.1
G-Memory 77.8 75.1 80.2 78.8 81.4 77.8 81.8 69.2 76.3 77.6
MDTeamGPT 78.5 76.2 81.0 79.5 82.1 78.5 82.6 70.1 77.0 78.4
EvolveR 79.8 77.0 82.1 80.8 83.5 79.8 83.9 71.2 78.1 79.6

EMR (Ours) 81.0 78.8 83.5 82.2

854 80.9 84.7 73.1 80.5 81.1

GPT-40
Single-LLM 86.5 83.1 824 85.9 88.1 87.2 89.5 79.2 83.4 85.0
MedAgents 91.5 87.4 89.2 90.5 94.1 91.8 93.2 83.4 88.9 90.0
MDAgents 93.8 90.5 91.6 92.8 96.2 93.5 95.8 85.6 914 92.4
ExpeL 87.4 84.1 83.5 86.8 89.2 88.1 90.3 80.1 84.5 86.0
ReasoningBank  88.6 85.5 84.8 88.1 90.5 89.2 91.6 81.3 85.8 87.2
G-Memory 89.3 84.9 85.2 88.5 90.9 89.6 92.0 81.8 86.2 87.6
MDTeamGPT 90.1 88.6 86.5 89.4 92.1 90.8 93.1 82.9 87.5 88.9
EvolveR 92.7 86.5 88.1 91.2 93.8 92.5 94.9 84.2 89.1 90.3

EMR (Ours) 96.8 89.2 934 94.7

97.5 954 98.2 86.8 93.1 93.9

Table 2: Ablation study on MedQA and MedMC
datasets with Qwen3-8B. Exp: Experience, Pla: Planner,
Dep: Department Agents.

Method MedQA  MedMC

Acc. (%) Acc. (%)
Single-LLM 70.2 66.5
EMR (Full) 81.0 78.8
w/o Exp 74.3 71.2
w/o Exp + Pla 72.8 69.5
w/o Exp + Pla + Dep 70.5 67.8
w/o Pla + Dep 78.1 75.4

5 Ablation Study
5.1 Ablation Study on EMR Components

To assess the contribution of each EMR component,
we conduct ablation experiments by progressively
removing key modules (Table 2). Removing ex-
perience mining and retrieval (w/o Exp) causes a
6.7% drop, reducing EMR to the level of static
systems like MedAgents. This shows that multi-

agent collaboration alone is insufficient without
experience accumulation. Among all components,
experience yields the largest performance gain, un-
derscoring its central role in enabling continuous
improvement.

Table 3: Ablation study for the sub-components of the
Experience module on MedQA and MedMC datasets
with Qwen3-8B.

Method MedQA  MedMC
Acc. (%) Acc. (%)
EMR (Full) 81.0 78.8
w/o Cases 79.8 77.4
w/o Patterns 78.5 75.9
w/o Principles 76.4 73.5

Interestingly, when planner and department
agents are removed but experience is retained (w/o
Pla + Dep), EMR still maintains strong perfor-
mance, with only a 2.9% decrease compared to
the full model. This suggests that accumulated ex-



perience can partially compensate for the absence
of explicit role decomposition by directly guiding
the summary agent’s reasoning.

5.2 Ablation Study on Experience Hierarchy

We analyze the impact of different experience hi-
erarchy levels using the ablation results in Table 3.
Removing case-level experiences leads to a modest
1.2% drop, indicating that concrete historical cases
offer useful but limited guidance. Ablating pattern-
level experiences causes a larger 2.5% degradation,
suggesting that abstracted reasoning patterns are
more important for generalization across questions.
The most significant decline occurs when principle-
level experiences are removed, with a substantial
4.6% drop that brings EMR close to baseline perfor-
mance. These results confirm that principle-level
knowledge serves as the core transferable compo-
nent for robust reasoning across diverse medical
scenarios, while all three levels work complemen-
tarily to support overall system performance.

6 Analysis
6.1 Experience Transferability

Table 4 shows that experiences mined by stronger
models such as GPT-40 and DeepSeek-V3
(DeepSeek-Al, 2024) yield substantial gains when
reused by smaller models (e.g., Qwen3-8B), re-
flecting their richer medical knowledge, more reli-
able reasoning patterns, and higher-quality failure
summaries. Notably, this transferability is bidi-
rectional: even strong LLMs benefit from reusing
experiences mined by smaller models, which con-
tribute diverse diagnostic perspectives, alternative
reasoning heuristics, and complementary error pat-
terns.

Table 4: The impact of experience from different models
on other models.

w/o Exp + Qwen + GPT-40
MedQA
Qwen3 74.3 81.0 (+6.7)  83.9 (+9.6)
DeepSeek 86.2 92.5 (+6.3)  94.5 (+8.3)
MedMCQA
QOwen3 71.3 78.8 (+7.5)  81.2(+9.9)
DeepSeek 79.1 84.6 (+5.5) 86.1 (+7.0)
PubMedQA
Qwen3 76.2 83.5(+7.3) 86.2(+10.0)
DeepSeck 81.5 86.5 (+5.0) 88.4 (+6.9)

Table 5: Cross-dataset experience analysis.

Source MedQA MedMCQA
MedQA 81.0 (+6.7) 74.8 (+3.5)
MedMCQA 77.5 (+3.2) 78.8 (+7.5)

Table 5 presents a cross-dataset analysis of ex-
perience transferability. While experiences mined
from the same dataset yield the strongest improve-
ments on their corresponding benchmarks, experi-
ences extracted from one dataset also consistently
improve performance when transferred to differ-
ent datasets. This indicates that the experience
library captures generalizable medical reasoning
knowledge rather than dataset-specific heuristics.
Notably, the accumulated experiences remain effec-
tive across datasets with different question styles
and distributions, demonstrating that the experi-
ence library serves as a transferable and reusable
knowledge resource for medical multi-agent rea-
soning.

6.2 [Experience Analysis

Through qualitative analysis of mined reasoning
trajectories, we identify several recurring failure
patterns in medical multi-agent reasoning. (1) Re-
liance on parametric knowledge rather than
clinical guidelines occurs when agents default to
internally memorized facts instead of explicitly rea-
soning with authoritative diagnostic or treatment
standards. (2) Medical concept confusion is fre-
quently observed, where closely related conditions,
symptoms, or clinical terms are incorrectly con-
flated, leading to flawed intermediate reasoning. (3)
Superficial causal reasoning arises when agents
focus on surface-level correlations while failing to
identify the underlying pathophysiological cause of
a condition. Finally, (4) collective hallucination
in multi-agent collaboration emerges when mul-
tiple agents reinforce an incorrect assumption with-
out sufficient cross-verification, amplifying shared
errors instead of correcting them. Examples see
Appendix E.

7 Conclusion

We presented EMR, a self-evolving medical multi-
agent system driven by experience mining and
reuse. By organizing golden and warning expe-
riences into principle-, pattern-, and case-level
knowledge, EMR progressively improves medi-
cal reasoning quality and robustness. Experiments



across multiple medical benchmarks demonstrate
consistent gains over strong multi-agent baselines,
while ablation and transfer studies verify the ef-
fectiveness and reusability of the experience li-
brary. Overall, our results suggest that explicit
experience modeling provides a scalable and inter-
pretable framework for improving medical multi-
agent systems and experience-driven collaborative
LLM agents.

Limitations

Despite the promising performance of EMR, sev-
eral limitations remain.

First, EMR currently focuses on text-based med-
ical question answering benchmarks and does
not incorporate multimodal clinical information
such as medical imaging, laboratory signals, or
electronic health records. Real-world clinical
decision-making often depends on heterogeneous
data sources, and extending experience mining and
reuse to multimodal settings remains an important
direction for future work.

Second, the quality of the experience library is
inherently dependent on the reasoning quality of
the underlying LLMs. Although EMR can extract
both golden and warning experiences, incorrect or
hallucinated reasoning trajectories may still intro-
duce noisy experiences into the library. While the
similarity-based update mechanism partially miti-
gates this issue, more robust experience verification
and filtering strategies are still needed.

Third, the current experience retrieval mecha-
nism mainly relies on semantic similarity and hi-
erarchical abstraction, which may not fully cap-
ture complex causal relationships between medical
cases. As the experience library grows, retrieval
efficiency and long-term maintenance may also be-
come increasingly challenging.

Finally, although EMR improves reasoning per-
formance on benchmark datasets, our experiments
are conducted in controlled offline evaluation set-
tings rather than real clinical environments. The
system has not been validated for real-world med-
ical deployment, and its outputs should not be in-
terpreted as clinical advice. Future work should
investigate human-in-the-loop evaluation, clinical
safety constraints, and collaboration with health-
care professionals before practical adoption.
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A Implementation Details

For MedQA and MedMCQA, we split the datasets
evenly, using half for experience mining and the
other half for evaluation. For PubMedQA, 500
instances are used for experience mining and an-
other 500 (official test set) for evaluation. MMLU
(anatomy, clinical knowledge, college medicine,
medical genetics) and MMLU-Pro (health, biology)
are evenly split between experience mining and test-
ing, with 200 instances per selected MMLU-Pro
subset. We adopt bge-m3 (Chen et al., 2024a) as
the semantic embedding model and set the simi-
larity threshold to 0.85 (See Appendix B for more
details). The number of retrieved experience is 3.
Statistically, the cost of experience mining is ap-
proximately $5 per 100 samples (5 epochs), with
a total runtime of about 2 hours, while inference
takes around 45 seconds per sample.

B Sensitivity Analysis of Similarity
Threshold ¢

The similarity threshold 6 controls how strictly
the retriever filters historical experiences during
the update phase. A low threshold admits noisy
or irrelevant experiences, while an excessively
high threshold may leave the experience bank too
sparse to provide meaningful guidance. To de-
termine the optimal operating point, we sweep
6 € {0.70,0.80,0.85,0.90} on the MedQA and
MedMCQA validation sets using the Qwen3-8B
backbone.

Table 6: Sensitivity of the experience update mechanism
to the similarity threshold 6 and ablation on experience
types (Qwen3-8B).

Setting MedQA MedMCQA
6 =0.70 80.1 77.9
0 =0.80 80.7 78.5
0 = 0.85 (default) 81.0 78.8
0 =0.90 80.5 78.3
Golden-only 78.4 76.2
Golden + Warning (Ours) 81.0 78.8

Threshold sensitivity. As shown in Table 6,
f# = 0.85 yields the best performance on both
benchmarks (81.0 on MedQA and 78.8 on MedM-
CQA). When 6 drops to 0.70, accuracy falls by 0.9
and 0.9 points, respectively, indicating that overly



permissive retrieval introduces distractive or low-
quality experiences that mislead the reasoning pro-
cess. Conversely, raising 6 to 0.90 degrades per-
formance by 0.5 and 0.5 points, suggesting that
excessive filtering prunes useful cases and reduces
coverage of the experience bank. The sweet spot at
0.85 strikes a balance between precision and recall
of retrieved experiences.

Ablation on experience types. We further ab-
late the contribution of warning experiences. Us-
ing only golden (correct) experiences results in a
substantial drop of 2.6 points on MedQA and 2.6
points on MedMCQA compared to our full setting.
This confirms that warning experiences—capturing
failed reasoning patterns and error-prone knowl-
edge boundaries—are complementary to golden
ones. They act as guardrails that help the model
recognize and avoid previously encountered mis-
takes, thereby improving robustness on challenging
medical questions.

C Prompts

C.1 Prompt for Medical Experience
Collection from Multi-Agent Reasoning

You are a senior medical education expert specializing
in mining reusable medical experience from multi-agent
clinical reasoning trajectories.

Task Description

Given a complete multi-agent medical reasoning trajec-

tory, you are required to:

* Determine whether the final prediction is correct.

* Analyze the reasoning behaviors throughout the multi-
agent collaboration process.

 Extract structured and reusable medical experience.

Reasoning Trajectory
{trajectory_text}

Evaluation Criteria

* Ground-truth  answer:
({golden_answer})

* Model prediction: {pred_answer}

* Trajectory status: {"Successful" if is_success else
"Failed"}

{golden_answer_idx}

Experience Collection Requirements
Based on the above trajectory, please extract the follow-
ing type.

Experience Levels

Principle

High-level diagnostic rules and clinical guidelines. Sta-
ble, abstract, and broadly applicable. Limited to 30-50
words.

Pattern

Reusable reasoning templates and decision-making
structures describing how to think and analyze. Limited
to 30-50 words.

Case
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Concrete clinical scenario examples. {"Successful" if
is_success else "Failure"}-oriented analysis. Limited to
40-60 words.

Important Notes

* Analyze the complete reasoning trajectory, including
Planner, Department Agents, and Summary Agent.

¢ Pay attention to consensus formation and disagree-
ment resolution.

* Extract abstract and reusable experience rather than
restating the original question.

Output Format

{

"is_correct": "{str(is_success).lower()}",
"principle": "...",

"pattern": "...",

"case": "..."

}

C.2  Prompt for Planner Agents

You are a medical expert who specializes in categorizing
medical scenarios into specific areas of medicine. You
can leverage accumulated reasoning patterns from past
experiences to improve domain assignment and avoid
previously observed errors. You need to complete the
following steps:

1. Carefully read the medical scenario presented in
the question:

99 999

{question}
Retrieved Relevant Experience

The following experiences are retrieved from the ex-
perience library. Please consider them when assigning
domains:

Principles

{principles_str}

Patterns

{patterns_str}

Cases

{cases_str}

Note: If the above experiences are not relevant to the cur-
rent question, please ignore them; if they are valuable,
please incorporate them into your domain assignment.

2. Based on the medical scenario, classify the ques-
tion into {num_domains} different subfields of
medicine.

3. You should output in exactly the same format as:

99 999

{domain_format}

Output only the formatted result, no explanation
needed.

C.3 Prompt for Department Agent Medical
Analysis

You are a senior {department} expert with extensive clin-
ical experience and profound medical knowledge. Based
on your professional background and the retrieved rele-
vant experiences, please conduct an in-depth analysis of
the following medical multiple-choice question.
Question Information

Question:

{question}

Options:




{options}

Retrieved Relevant Experiences

The following experiences, including successful strate-
gies (Golden) and lessons from failures (Warning), have
been retrieved from the experience library. Please incor-
porate them into your analysis:

{principles_str}

{patterns_str}

{cases_str}

Note:

- Golden experiences demonstrate correct reasoning
paths and verification strategies.

- Warning experiences highlight common error patterns
and pitfalls to avoid.

- Combine both perspectives: leverage successful meth-
ods while proactively avoiding known errors.

Please use professional and rigorous medical lan-
guage, demonstrating both your expertise and clini-
cal reasoning process.

C.4 Prompt for Summary Agent

You are a senior medical diagnostic expert specializ-
ing in integrating multidisciplinary opinions to make
a final judgment. Based on the analysis from various
department experts and the retrieved relevant experi-
ences, please provide a comprehensive assessment for
this medical multiple-choice question.

Question Information

Question:

{question}

Options:

{options_str}

Departmental Expert Analyses

{all_analysis}

Retrieved Relevant Experiences

The following experiences, including successful strate-
gies (Golden) and lessons from failures (Warning), have
been retrieved from the experience library. Please refer
to these during your synthesis:

{principles_str}

{patterns_str}

{cases_str}

Note:

- Golden experiences demonstrate correct reasoning
paths and verification strategies.

- Warning experiences highlight common error patterns
and pitfalls to avoid.

- Leverage successful methods while proactively avoid-
ing known errors mentioned in Warning experiences.
Comprehensive Analysis Task

Please complete the following steps:

1. Synthesized Judgment: Weigh departmental opin-
ions according to their professional relevance. Iden-
tify diagnostic traps or common errors (referencing
Warning experiences) and apply the correct reason-
ing patterns from Golden experiences.

2. Final Answer: Clearly state the correct option (must
be one of {list(options.keys())}), summarize the core
rationale for your choice, and explain how to prevent
common mistakes related to this problem.

Output Format
Please output in the following format:
[Comprehensive Analysis]

(Provide a detailed comprehensive analysis, including
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opinion consolidation, evidence analysis, and the judg-
ment process.)

[Final Answer]

(Output only the option letter, e.g., A)

D Case Study

Question:

A junior orthopaedic surgery resident is completing a
carpal tunnel repair with the department chairman as the
attending physician. During the case, the resident inad-
vertently cuts a flexor tendon. The tendon is repaired
without complication. The attending tells the resident
that the patient will do fine, and there is no need to report
this minor complication that will not harm the patient,
as he does not want to make the patient worry unneces-
sarily. He tells the resident to leave this complication
out of the operative report. Which of the following is
the correct next action for the resident to take?

(A) Disclose the error to the patient and put it in the
operative report

(B) Tell the attending that he cannot fail to disclose this
mistake

(C) Report the physician to the ethics committee

(D) Refuse to dictate the operative report

Experts: Medical Ethics, Orthopaedic Surgery, Medical
Documentation

Analyses from various experts:

Medical Ethics Expert: Resident physicians should
insist on recording complications in the surgical record
and disclosing them to the patient. This is a direct reflec-
tion of upholding patient autonomy, ensuring medical
transparency, and fulfilling professional responsibility.
If superiors object, resident physicians should still insist
and, if necessary, seek support from the hospital ethics
committee.

Orthopaedic Surgery Expert: As a senior orthopedic
specialist, [ emphasize that the growth of resident physi-
cians includes learning to uphold professional standards
under pressure. In this case, despite pressure from supe-
riors, the correct course of action was to honestly record
and inform the patient. This protects both the patient
and the physician’s own professional integrity.

Medical Documentation Expert: From the perspec-
tive of a seasoned medical documentation expert, the
completeness of medical records is non-negotiable; any
intraoperative event must be recorded truthfully. Further-
more, honesty with the patient is central to the doctor-
patient relationship. Faced with an erroneous instruction
from superiors, the correct action is to uphold profes-
sional ethics.

Summary:

«Experience Retrieved: When ethical obligations conflict
with directives from superiors, one must distinguish
between ’process steps’ and ’final actions’.»

. Option B is a reasonable "next step" because the
superior has just given instructions, and the resident
should first express their differing opinions and try to
persuade the superior to comply with professional ethics.
If the superior still insists, the resident should record
and disclose (A), but that is a second step.

E Experience Examples

Below is a detailed example of the experience.



* Parametric Over-reliance. An agent recom-
mends immediate PCI for a STEMI patient
based on the general belief that “PCI is su-
perior,” while neglecting a critical guideline
constraint: when the expected delay to PCI
exceeds 120 minutes, fibrinolysis should be
the preferred reperfusion strategy.

Medical Concept Confusion. In a legal-
medical reasoning task, agents conflate the
regulatory definitions of hospital infection out-
break and hospital infection prevalence, re-
sulting in an incorrect judgment of the manda-
tory reporting timeframe (12 hours vs. 24
hours).

Superficial Causal Reasoning. When con-
fronted with a limb trauma case presenting
numbness and coolness, agents focus on sur-
face correlations and diagnose a nerve injury,
failing to identify the underlying pathophys-
iological cause: acute arterial occlusion, in
which neurological symptoms are secondary
to ischemia.

Collective Hallucination. During a pharma-
cology discussion, multiple agents correctly
recognize that 5-FU inhibits thymidylate syn-
thase, but reinforce each other’s false assump-
tion that its structure mimics thymine (T), col-
lectively overlooking the fact that 5-FU is a
uracil (U) analogue.

F Ablation Study on the Number of
Agents

This study investigates how the number of agents
affects the performance and experience accumula-
tion of EMR. The motivation is twofold: first, to un-
derstand whether increasing the number of agents
leads to better medical reasoning performance; and
second, to examine how agent multiplicity influ-
ences the diversity and scale of mined experience.
Since EMR relies on collaborative reasoning and
experience mining from agent trajectories, the num-
ber of agents directly controls the breadth of ana-
Iytical perspectives available during inference.

As shown in Figure 5, increasing the number
of agents generally improves accuracy across all
benchmarks, particularly when moving from a
small number of agents to a moderate scale. This
trend suggests that additional agents introduce com-
plementary medical perspectives, enabling more
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Figure 5: The impact of the number of agents on accu-
racy and experience library size. The ablation experi-
ments are conducted on the Qwen3-8B model and the
MedQA dataset.

comprehensive exploration of diagnostic hypothe-
ses and reducing reasoning blind spots. However,
performance gains gradually saturate as the num-
ber of agents continues to grow, indicating dimin-
ishing returns once sufficient analytical coverage
is achieved. Beyond performance, increasing the
number of agents substantially enlarges the experi-
ence library by enriching the diversity of reasoning
trajectories, particularly when scaling from a small
number of agents.

G Ablation Study on Retrieved
Experience Size

As shown in Figure 6, increasing the number of
retrieved experience blocks improves performance
in the early stage, with the most significant gains
observed when NV increases from 1 to 3. This sug-
gests that a small set of diverse and highly relevant
experiences is sufficient to effectively guide multi-
agent reasoning by reusing successful diagnostic
strategies and avoiding previously identified failure
patterns.

Notably, the diminishing performance gains be-
yond this range indicate that EMR benefits more
from the quality and abstraction level of reused
experience than from sheer quantity. Since experi-
ences in EMR are distilled into reusable principles
and patterns, a limited number of experience blocks
can already provide strong guidance, reflecting an
efficient form of experience reuse rather than sim-
ple memory retrieval. From a clinical perspective,
this trend aligns with human medical reasoning,
where a few representative guidelines or prior cases
often suffice to inform diagnosis, while excessive
prior information may introduce redundancy or dis-
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Figure 6: The impact of the number of retrieved expe-
riences on performance. The ablation experiments are
conducted using the Qwen3-8B model on the MedQA,
MedMCQA, PubMedQA, and Health (MMLU-Pro)
datasets.

traction. These findings further suggest that EMR
achieves self-evolving not by increasing inference-
time context indiscriminately, but by progressively
mining and reusing compact, high-level experience
that remains effective even under limited retrieval
budgets.

H Effect of Experience Library Size

We evaluate EMR over multiple experience accu-
mulation epochs, where newly collected experi-
ences from agent reasoning trajectories are incre-
mentally merged into the experience library. We
track both the growth of the experience library and
the corresponding test accuracy to examine how
medical reasoning performance evolves with accu-
mulated clinical experience.

As shown in Figure 7, test accuracy consistently
improves as the experience library expands across
epochs. Performance gains are particularly pro-
nounced in the early epochs, indicating that newly
mined experiences effectively capture high-value
clinical knowledge, such as common diagnostic
reasoning patterns and frequently observed fail-
ure modes, which can be immediately reused to
guide subsequent medical decision making. As the
number of epochs increases, the discovery rate of
novel and informative clinical experiences gradu-
ally decreases, leading to a slower growth of the
experience library. Correspondingly, performance
improvements become more moderate and eventu-
ally stabilize. This saturation effect suggests that
EMR progressively distills the most salient medi-
cal experience embedded in agent trajectories, after
which additional accumulation primarily yields re-
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Figure 7: The size of the experience library varies with
the number of mining epochs. The analysis experiments
are conducted on the Qwen3-8B model and the MedQA
dataset.

dundant or marginal clinical guidance.

I Computational Cost & Efficiency
Analysis

As shown in Table 7, both the token consump-
tion and inference latency of EMR remain fully
practical, while consistently outperforming exist-
ing medical multi-agent baselines in efficiency.
Our multi-agent architecture is intentionally de-
signed to be lightweight and efficient. Although in-
spired by MedAgents, EMR removes the expensive
multi-round discussion mechanism commonly used
for consensus-reaching, and instead introduces an
experience-based conflict resolution strategy. Dur-
ing the entire collaborative reasoning process, the
experience module consumes only around 300 addi-
tional tokens and requires approximately 2 seconds
for retrieval.

In contrast, RECONCILE and MDAgents rely
on more complex collaborative pipelines involv-
ing iterative reporting or multi-round discussions,
which inevitably result in substantially higher to-
ken usage and longer inference time. These results
demonstrate that explicit experience reuse can im-
prove reasoning quality without introducing exces-
sive computational overhead.

J Generalizability of EMR

To further evaluate the generalizability of the pro-
posed experience mechanism, we integrate EMR
into existing medical multi-agent frameworks. To
our knowledge, this is the first attempt to incorpo-
rate an explicit experience mining and reuse mech-
anism into medical multi-agent systems. Impor-
tantly, EMR is not restricted to a specific architec-
ture and can be naturally extended to any multi-
agent framework capable of collecting reasoning
trajectories.



Table 7: Efficiency comparison of different methods.

Method Avg. Tokens / Sample  Avg. Time / Sample (s)
Single-LLM (CoT) 200 5
MedAgents (Tang et al., 2024) 1500 18
RECONCILE (Chen et al., 2024b) 2500 33
MDAgents (Kim et al., 2024) 1900 23
EMR (Ours) 1200 15

As shown in Table 8, integrating EMR consis-  soning.

tently improves the performance of both MDA-
gents and RECONCILE on MedQA and MedM-
CQA under the GPT-40 backbone. Specifically,
MDAgents improves from 93.8 to 96.5 on MedQA
and from 90.5 to 92.7 on MedMCQA after incor-
porating EMR. Similarly, RECONCILE achieves
gains of 2.7 and 2.4 points, respectively.

These results suggest that the benefits of expe-
rience mining and reuse are architecture-agnostic
and can serve as a general enhancement strategy
for collaborative medical reasoning systems.

Table 8: Generalizability of EMR under the GPT-40
backbone.

Furthermore, prior methods generally retrieve
only a few similar instances in a flat manner. EMR
instead adopts hierarchical retrieval, progressively
retrieving high-level principles, reasoning patterns,
and representative cases, thereby enabling both
broad reasoning guidance and detailed clinical
grounding during inference.

L Sensitivity to Experience Library Size
and Quality

As shown in Table 10, EMR remains robust under
both limited and noisy experience settings, consis-
tently outperforming standard multi-agent systems
even when the experience library is significantly

constrained or partially corrupted.

When only 20% of the original experience li-
brary is retained, EMR still achieves 76.8 on

Method MedQA MedMCQA
MDAgents (Kim et al., 2024) 93.8 90.5
MDAgents (w/ EMR) 96.5 92.7
RECONCILE (Chen et al., 2024b) 92.1 88.2
RECONCILE (w/ EMR) 94.8 90.6

MedQA and 75.4 on MedMCQA, substantially ex-
ceeding the performance of the system without

K Comparison with Prior
Experience-Based Methods

As shown in Table 9, the hierarchical experience
library in EMR differs fundamentally from prior
experience-based methods in both representation
and retrieval strategy, enabling a unified framework
that balances generalization and specificity.
Existing approaches typically rely on storing raw
reasoning trajectories or flat experience summaries,
which often suffer from limited abstraction abil-
ity and weak transferability across tasks. In con-
trast, EMR organizes experience hierarchically into
principles, patterns, and cases. Principle-level ex-
periences capture abstract and transferable diag-
nostic knowledge, improving generalization across
diverse medical reasoning scenarios. Pattern-level
experiences encode reusable reasoning structures,
while case-level experiences preserve detailed clin-
ical contexts that directly support fine-grained rea-
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experience. Even under the extreme setting where
only 10% of experiences are available, EMR pre-
serves strong reasoning capability, indicating that a
small number of high-level principles and reusable
reasoning patterns already provide substantial guid-
ance for medical decision-making.

We further evaluate robustness under noisy ex-
perience conditions by injecting irrelevant or low-
quality experiences into the library. Although per-
formance gradually declines as noise increases,
EMR remains relatively stable, achieving 79.3
under 20% noise and 78.4 under 40% noise on
MedQA. This robustness mainly stems from the
hierarchical organization and experience merging
mechanism, which mitigate the influence of noisy
or redundant experiences through semantic consol-
idation and abstraction.

These findings suggest that EMR does not rely
solely on large-scale memory accumulation. In-
stead, the principle-level abstraction and hierarchi-
cal refinement mechanisms enable the system to
preserve strong reasoning performance even under



Table 9: Comparison with prior experience-based methods.

Aspect Prior Methods EMR (Ours)

Representation Raw trajectories / flat summaries Hierarchical (principles, patterns, cases)
Generalization Limited Strong (via principles)

Detail Learning Indirect Direct (via cases)

Retrieval Few instances Hierarchical retrieval

sparse or imperfect experience conditions.

Table 10: Sensitivity to experience library size and qual-
ity using the Qwen3-8B backbone.

Setting MedQA MedMCQA
Full EMR 81.0 78.8
Limited Exp (20%) 76.8 754
Limited Exp (10%) 76.3 74.7
Noisy Exp (+20% noise) 79.3 76.9
Noisy Exp (+40% noise) 78.4 75.0
w/o Experience 75.3 72.1

M Potential Risks

Although EMR is designed as a research frame-
work for improving medical multi-agent reasoning,
several potential risks should be acknowledged.

First, EMR may generate incorrect or mislead-
ing medical reasoning due to hallucinations, incom-
plete knowledge, or flawed collaboration among
agents. Since the experience library accumulates
knowledge from model-generated trajectories, er-
roneous reasoning patterns may propagate across
future inferences if not properly filtered.

Second, the reuse of historical experiences may
introduce bias amplification. Experiences mined
from benchmark datasets or particular LLMs may
overrepresent certain medical reasoning styles, dis-
ease distributions, or clinical assumptions, po-
tentially reducing robustness when applied to di-
verse real-world populations or uncommon clinical
cases.

Third, EMR may increase users’ overreliance
on Al-generated medical suggestions. Although
the system improves reasoning consistency, it is
not a substitute for licensed medical professionals.
Incorrect outputs in high-stakes clinical settings
could lead to harmful medical decisions if used
without expert supervision.

Fourth, experience storage and retrieval mecha-
nisms may raise privacy and security concerns in
practical deployments involving real patient data.
While our experiments only use publicly available
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benchmark datasets, extending EMR to real-world
clinical environments would require strict compli-
ance with medical data protection regulations and
careful anonymization of stored experiences.
Finally, the multi-agent collaboration process
substantially increases computational cost and in-
ference latency compared to single-agent systems,
which may limit scalability and accessibility in
resource-constrained healthcare environments.
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