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Abstract

Breakthroughs in large language models are
accelerating the evolution of medical artificial
intelligence from standalone models to multi-
agent systems. To organize this landscape,
we propose a hierarchical taxonomy spanning
Level 0 to Level 5. Given that foundational
Level 0 to Level 2 architectures face cognitive
and collaborative bottlenecks in complex clini-
cal workflows, this survey focuses primarily on
the architectural paradigm shift between Level
3 and Level 4. Specifically, we examine how
systems transition from static Level 3 collabo-
ration based on predefined roles to Level 4 self-
evolving architectures that iteratively refine in-
ternal strategies through interactive feedback.
Concurrently, we explore governance frame-
works required to ensure system safety and
trustworthiness under stringent clinical stan-
dards. Finally, we highlight that the capacity
to dynamically generate agents and reconstruct
collaborative topologies based on real-world
scenarios will be essential for surpassing cur-
rent capability limits. Building on this concept,
we envision a Level 5 medical Al landscape
defined by evolutionary agent swarms. To help
researchers continuously track this field, our up-
dated GitHub repository is publicly available.

1 Introduction

The rise of large language models (LLMs) is re-
shaping medical Al To clarify this rapidly evolv-
ing technical landscape, we propose a hierarchi-
cal taxonomy from Level 0 to Level 5 (LO-L5).
While LO (isolated medical LLMs) and L1-L2
(tool-augmented single agents) excel at standard-
ized clinical tasks, they encounter severe bottle-
necks in complex environments (He et al., 2025).
During long-horizon reasoning, single agents ex-
hibit two critical vulnerabilities. First, they are
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prone to severe context collapse. In demanding
tasks like rare disease diagnosis, the inability to
simultaneously manage information extraction and
logical reasoning often causes early critical symp-
toms to be overshadowed, severely degrading accu-
racy (Chen et al., 2025b; Li et al., 2025b). Second,
unsupervised single agents are highly susceptible
to anchoring bias (Ke et al., 2024), frequently over-
relying on initial observations to reinforce early
misjudgments and amplify hallucinations.

To overcome these limitations, medical Al
is shifting toward medical multi-agent systems
(MMAS). This corresponds to L3 (static collab-
oration) and L4 (adaptive evolution) in our tax-
onomy. Instead of monolithic models, MMAS
strategically decompose complex clinical work-
flows across a network of expert agents (Kim et al.,
2024b). This shift echoes the recent concept of
Harness Engineering', emphasizing role special-
ization and collaborative environment design over
micro-managing reasoning steps. Using distributed
reasoning and agentic context engineering, MMAS
manage cognitive workloads to prevent context col-
lapse and mitigate single points of failure. Ulti-
mately, this enables the transition from static coor-
dination to dynamic adaptive evolution.

Despite this critical shift, existing literature re-
mains confined to foundational levels. As system-
atically compared in Table 1, prior surveys predom-
inantly cluster within the LL0-L3 range, focusing
on static paradigms without mechanisms for adap-
tive evolution. Furthermore, current multi-agent re-
search severely lacks collective safety mechanisms
to prevent cascading errors across interconnected
nodes. To bridge these dual gaps in engineering
practice and safety governance, this paper explicitly
targets the L3-L.4 domain. By detailing the tran-
sition from static collaboration to dynamic adapta-
tion, we aim to provide systematic insights into the
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Table 1: Comparison of our work with representative surveys. Key: @ Comprehensive; © Partial; O Little to no coverage.

Ref. Domain Level Core Focus Workflow & Evolution Governance & Safety
Stat. Mechanism Stat. Target

(Xi et al., 2025) General L1-3 Agent Ecosystems ©  Social Sim. ©  Social Risks

(Li et al., 2024b) General L3 System Infrastructure © Unified Framework O Intrinsic Constraints

(Guo et al., 2024) General L3 Simulation © Game Feedback @) Emergence Focus

(Lacerda et al., 2025) Medical LO Evaluation Taxonomy O Discrim. vs. Gen. () Robustness & Fairness

(He et al., 2025) Medical LO-1 Model Lifecycle O Static App. ®  Data Ethics

(Xiao et al., 2025) Medical LO-1 Multimodal O Static Dataset O Accuracy Focus

(Wang et al., 2025c)  Medical L1-3  Architectures & App. ©  Static Collaboration ©  Hallucination

(Zhao et al., 2025) Medical L2-3 Task Taxonomy (D) Pipelines O  Compliance

(Zhi et al., 2025) Medical L2-3 Cognitive Architectures  ©  Strategic Planning ©  Verifiability

Ours Medical L3-5 Clinical Teams @® Adaptive Evolution @  Collective Safety

trajectory toward LS medical agent swarms.

The structure of the paper is organized as follows.
§ 2 focuses on the architectural evolution from L3
static collaboration to L4 adaptive evolution, inte-
grating discussions on knowledge utilization strate-
gies and evaluation benchmarks. Subsequently,
§ 3 explores safety and privacy governance specifi-
cally for L3-L4 systems, building robust defensive
frameworks from both internal model and external
human perspectives. Finally, § 4 looks ahead to-
ward LS, discussing the open challenges faced by
evolutionary medical agent swarms endowed with
collective intelligence. Additionally, the formal no-
tations and strict boundary definitions for LO-L5
are further detailed in Appendix A and B.

Our main contributions are threefold:

* Evolution-Centric Taxonomy. We formalize
a hierarchical taxonomy (L0-L5) for MMAS,
spotlighting the critical transition from static
collaboration (L.3) to adaptive evolution (L4).

» Unified Governance Perspective. Rather
than treating architecture and safety in iso-
lation, we integrate evaluation, knowledge
utilization, and governance into a cohesive
framework. This bridges engineering design
with clinical accountability from both agent-
centric and human-centric standpoints.

* Prospective Swarm Frontier. We introduce
L5 as an exploratory frontier featuring run-
time topological self-organization. This con-
cept addresses open-ended medical complexi-
ties through safety-constrained agent genera-
tion and topology reconstruction.

2 Multi-Agent Medical AI Systems

This section analyzes the architectural transition
from L3 to L4 (illustrated in Figure 1), examining

the knowledge utilization strategies and evaluation
benchmarks essential for collaborative reliability.

2.1 Level 3: Static Multi-Agent Collaboration

Constrained by cognitive ceilings (Lopez et al.,
2025) and hallucination risks (Pal et al., 2023),
individual LL.Ms underperform in complex medi-
cal tasks (Croxford et al., 2025). MMAS resolve
this bottleneck through role specialization and dis-
tributed reasoning. The L3 stage is characterized
by a fixed agent configuration with predefined roles
and immutable communication topologies, main-
taining invariant persistent system states across in-
dependent medical tasks. Crucially, although L3
architectures can accommodate intricate session-
bound workflows, such as multi-round debates, in-
context retrieval, or prompt-level adaptation, any
resulting adaptive gains cannot be carried over to
other independent tasks. Based on coordination
mechanisms and decision-making authority, we
classify these L3 systems into four archetypes: Hi-
erarchical, Debate, Parallel, and Hybrid.

Hierarchical. Centralized architectures employ
dedicated coordinators for systematic task decom-
position and strategic delegation, mirroring emer-
gency department triage systems. Illustrating this
approach, CLH (Motzfeldt et al., 2025) adopts a
multi-stage medical coding pipeline, distributing
clinical snippets and diagnostic chapters to paral-
lel agents before final synthesis. Further advanc-
ing this centralized paradigm, KG4Diagnosis (Zuo
et al., 2025a) explicitly proposes a “two-tier hier-
archical architecture” where a general practitioner
agent leads the initial assessment, task decomposi-
tion, and expert assignment. This pattern provides
clear accountability in structured workflows, but
creates potential single points of failure that com-
promise system reliability.

Debate. Peer-to-peer architectures achieve con-

25531



Foundational

Intelligence Level 3: Static Collaboration

! Level O: Medical LLM ! &% ﬁ f‘
i : | e
| ® £ i ZIEUf:

&-0-@ oW e

”””””””””””” Role Specialization

eieis | 42 1B N 9t

' Hierarchical Dabafe Parallel HY%"'d 1

| Level 2: Tool-Augmented ; Interaction Architecture //'

Single Agent

B+ @+m .
FoSe o] o g
i @_‘_’l‘_'_@_i_@ i Agent System

Workflow Integration

Collaborative & Self -Evolving Intelligence

Swarm

Level 4: Self-Evolving Systems Intelligence

(Tokens
Clmlcal

Environment

Adaptive
Evolution

Level 5: Emergent
Swarm Intelligence
On-demand recruitment

_°Q

Agent Sysfem

Evolutionary
Signals

Observation
(Feedbacks)

Dynumlc edge rewiring

8 '
W v =N Lk
Cooperative Evolution SFT } Curren Nerwié State ﬁ %‘:
2 ¢ = dem s e W BNt
5 £ e '{ 19l g gk /g o
2 O8O 43¢ < !%- =D {Reconstructed Network State wh |
=) B w - e -_______________-_- -
2 = Positive 3 I"*EMCT'OH Trumed Feedback-driven pruning
.E Sharéd Context Cases = £H— H
E  Adversarial Evolution .2 Agentic RL ‘&<z 02 & B
£ £ Y
g - q/_ g @ } i Nerwoék “State~ A_J|
I e
& gf’g g CHD 2@ P ‘“\ et
- rerehes
z & Envirorment  Medical i i

Inter-agent Failure Feedback
Agents 5
Conflict Cases g  Pruned Netwark State

Figure 1: Overview of the proposed LO-L5 evolutionary taxonomy for MMAS.

sensus through iterative critique rather than hi-
erarchical control, mirroring clinical multidisci-
plinary team (MDT) meetings. For instance,
MedARC (Miao et al., 2026) utilizes structured
inter-agent debate and confidence-aware aggrega-
tion to deepen reasoning via multi-round refine-
ment. Similarly, for complex oncology decisions,
MDT cancer cases (Kim et al., 2025) simulates
human consultations via predefined role-based di-
alogues. Notably, sparse debate topologies can
optimize the performance-cost tradeoffs in such
setups (Li et al., 2024c). Although systematic
adversarial verification enhances robustness, this
paradigm incurs high coordination costs and may
fail to converge promptly in time-critical scenarios.

Parallel. Independent specialists generate au-
tonomous judgments prior to centralized synthesis,
mirroring independent double reading in radiology.
For instance, MoMA (Gao et al., 2025) deploys
expert agents to independently process and sum-
marize non-textual modalities (e.g., imaging and
lab tests) for a central aggregator to yield clinical
predictions. Similarly, CARE-AD (Li et al., 2025b)
uses multidisciplinary agents to independently eval-
uate longitudinal clinical records across various
Alzheimer’s disease dimensions before final ag-
gregation. While effectively balancing autonomy
and structured synthesis for standardized tasks, this
architecture underperforms on complex reasoning
chains that require dynamic interactions.

Hybrid. Hybrid architectures integrate hierar-
chical triage with distributed collaboration. For
example, MedLA (Ma et al., 2026) uses special-
ized agents to guide parallel nodes in building logic
trees for iterative debate, while MAC (Chen et al.,
2025b) employs a supervisor agent to oversee doc-

tor agents in repeated consensus-seeking debates.
Similarly, ColaCare (Wang et al., 2025¢) intro-
duces a MetaAgent to orchestrate domain-specific
agents, bridging structured EHR modeling with
multi-round LLM consultations. This pattern ex-
cels in multi-stage workflows requiring both rout-
ing efficiency and distributed expertise, despite its
high configuration complexity.

Beyond Static Limits? While the four patterns
above demonstrate effective collaboration, they
are constrained by predefined structures and foun-
dation model limitations. By introducing adap-
tive evolution, MMAS can break these bottlenecks.
This represents a fundamental leap in system in-
telligence rather than a simple reconfiguration of
workflows. The following section explains how
MMAS transition from static task decomposition
to continuous evolution through two core update
paths: non-parametric and parametric.

2.2 Level 4: Adaptive Evolution

At L4, explicit feedback updates persistent, cross-
episode reusable states including memory, coor-
dination policies, or model parameters within a
fixed topology to achieve quantifiable adaptation
gains. This boundary separates L.4 from L3 sys-
tems where feedback-driven mechanisms, such as
multi-round debates or prompt-level routing, re-
main transient and evaporate upon task completion.
This encompasses non-parametric tracks like coop-
erative and adversarial co-evolution alongside para-
metric tracks driven by Supervised Fine-Tuning
(SFT) and Agentic Reinforcement Learning (RL).

2.2.1 Non-Parametric Update Path

Cooperative Evolution. Cooperative evolution
refers to the progressive improvement of MMAS
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through repeated task execution and workflow ad-
justment toward shared clinical objectives without
updating the underlying language model parame-
ters. Agent Hospital (Li et al., 2024a) instantiates
this idea in a virtual hospital composed of doctor,
nurse, and patient agents, where doctor agents iter-
atively manage large-scale synthetic cases, thereby
refining their diagnostic and treatment decision-
making capabilities. (Zhuang et al., 2025) further
model MMAS collaboration as a searchable work-
flow graph and leverage performance feedback to
reorganize effective diagnostic pipelines, allowing
collaboration structures to evolve within a bounded
workflow space. Similarly, MedChain (Liu et al.,
2025b) combines sequential clinical evaluation
with retrieval-augmented feedback, enabling agents
to reuse effective decision trajectories across cases
and stabilize knowledge-supported clinical work-
flows. Beyond conventional diagnosis and treat-
ment, BioMedAgent (Bu et al., 2026) extends coop-
erative evolution to biomedical data analysis, where
multiple LLM agents learn to invoke, combine,
and reuse bioinformatics tools through interactive
exploration and memory retrieval. Collectively,
these studies suggest that inter-agent interactions
can be transformed into reusable experience, opti-
mizing clinical workflows and stabilizing effective
decision-making processes.

Adversarial Co-evolution. Unlike purely coopera-
tive setups, adversarial co-evolution utilizes uncer-
tainty and disagreement to generate error-sensitive
feedback. Current literature investigates two pri-
mary mechanisms. First, increasing external task
difficulty drives policy optimization. For exam-
ple, EvoPatient (Du et al., 2025) utilizes a patient
agent that presents progressively complex clinical
cases, forcing the doctor agent to improve its medi-
cal inquiry and diagnostic reasoning under uncer-
tainty. Second, internal divergence between mod-
els provides a corrective signal. The MCC frame-
work (Sun et al., 2026) implements this approach
by triggering multi-round adversarial debates when
model responses diverge, using heterogeneous peer
critique to identify flaws in initial responses and
reach a validated consensus. Through these mech-
anisms, conflicting outputs and reasoning errors
serve as operational feedback signals that guide the
refinement of multi-agent systems.

2.2.2 Parametric Update Path

SFT. Evolution in MMAS can also be consolidated
through SFT. Existing studies can be broadly di-

vided into system-level capability consolidation
and agent-level role specialization. For instance,
WSI-Agents (Lyu et al., 2025) maintains an MLLM
zoo of fine-tuned, pathology-specific multimodal
models that are dynamically invoked by special-
ized expert agents to generate clinical responses in
whole-slide image analysis. MRGAgents (Wang
et al., 2025a) focuses on agent-level specializa-
tion by decomposing medical report generation
into disease- and finding-specific subtasks and
fine-tuning specialist agents. PatientVLM Meets
DocVLM (Lokesh et al., 2026) uses pre-diagnostic
conversations between patient and doctor vision-
language models to construct training samples, en-
abling diagnostic models to reason jointly over
visual evidence and patient complaints. Overall,
SFT serves as a parametric mechanism, stabilizing
domain-specific agent capabilities.

Agentic RL. Beyond supervised consolidation,
agentic RL enables MMAS to optimize behavior
through goal-directed interaction and reward feed-
back under clinical uncertainty. Existing methods
can be categorized by whether MAS serves as a
training scaffold for improving target agents or as
the direct object of reinforcement learning.

The first category improves agents through
multi-role interaction or executable task environ-
ments. DoctorAgent-RL (Feng et al., 2026) builds
a physician—patient interaction environment to train
doctor agents in sequential questioning and diag-
nostic decision-making. Doctor-R1 (Lai et al.,
2026) introduces an experiential reinforcement
learning framework within a closed loop of doctor,
patient, and evaluator agents, improving inquiry
ability through rewards for both clinical decisions
and communication quality. MedVR (Jiang et al.,
2026) trains a medical visual reasoning agent via
annotation-free reinforcement learning, distilling
reward signals from multi-agent agreement.

The second category treats the MAS itself as the
optimization target, focusing on joint decision poli-
cies and coordination structures. LA-CDM (Bani-
Harouni et al., 2026) formulates diagnostic hy-
pothesis generation, auxiliary examination selec-
tion, and diagnostic convergence as an optimiz-
able sequential decision process, enabling adaptive
behavior under incomplete information and con-
strained examination costs. MMedAgent-RL (Xia
et al., 2026) further applies reinforcement learn-
ing to system-level multimodal consultation, using
curriculum-guided training to optimize coordina-
tion between triage and attending agents and to in-
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tegrate specialist opinions across clinical domains.
Overall, agentic RL transforms interaction feed-
back into policy-level adaptation, enabling MMAS
to optimize inquiry strategies, specialist coordina-
tion, and multimodal clinical reasoning.

Lab to Clinic? Most existing studies evaluate
MMAS in simulated environments (e.g., virtual
hospitals or task sandboxes). Consequently, per-
formance gains often reflect overfitting to task for-
mats or evaluator preferences rather than genuine
clinical reasoning. For L4 systems, the core ques-
tion is not simply whether they adapt, but whether
this adaptation is clinically meaningful and trans-
ferable. Given the complex heterogeneity of real-
world healthcare, future MMAS must prove that
strategies learned in controlled settings can reli-
ably generalize to open clinical workflows through
rigorous multi-center hospital validation.
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Figure 2: Knowledge Utilization in MMAS.

2.3 Knowledge Utilization

Knowledge utilization is essential for both L3 and
L4 systems to achieve reliable collective intelli-
gence. To overcome knowledge isolation, reason-
ing conflicts, and cognitive discontinuity, existing
methods employ knowledge sharing, evidence arbi-
tration, and knowledge synchronization (Figure 2).
These mechanisms reflect shared strategies across
static and evolving paradigms.

Knowledge Sharing. To overcome knowledge
isolation across specialized clinical roles, MMAS
establish structured information exchange. For in-
stance, MedAgentSim (Almansoori et al., 2025)
utilizes iterative interactions to share diagnostic
hypotheses and experiential cues. Building upon
this, CARE (Li et al., 2025a) incorporates struc-
tured medical knowledge and shared intermediate
reasoning states to align evidence during inference.
This foundational sharing mitigates role isolation
and forms the basis of collective cognition.

Knowledge Conflict. Non-evidence-driven
methods, such as debate or consensus paradigms,
can produce conflicts during parallel reasoning (Gu

*

Table 2: Taxonomy of MMAS evaluation benchmarks.
denotes single-agent benchmarks for multi-agent capabilities.

Type }Z):,:ll::st:g: Benchmarks Ref.
Foundational MedHELM* (Bedi et al., 2026)
Knowledge CMExam™ (Liu et al., 2023)
S Complex MedXpertQA*  (Zuo et al., 2025b)
E Reasoning MedAgentsBench  (Tang et al., 2025)
% Clinical MedAgentBoard (Zhu et al., 2025a)
Workflow MedAgentBench®  (Jiang et al., 2025)
AgentClinic (Schmidgall et al., 2024)
Safety & HealthBench™ (Arora et al., 2025)
Multi-turn LLMEval-Med* (Zhang et al., 2025c¢)
MedSafetyBench (Han et al., 2024)
3MDBench (Sviridov et al., 2025)
_. Multimodal Neural-MedBench® (Jing et al., 2026)
S Integration MedThink-Bench™  (Zhou et al., 2025)
Lj TumorChain™ (Li et al., 2026b)
£ FaultPoint (Liu et al., 20252)
g MedAgentAudit (Gu et al., 2025)
R Failure MAS-AFA (Zhang et al., 2025d)
Attribution MedAgentSim (Almansoori et al., 2025)
MedKGEval™* (Yu et al., 2025b)

et al., 2025). To address the aforementioned chal-
lenges, recent studies use structured and auditable
frameworks that control knowledge flow, add crit-
ics, and anchor decisions in evidence (Feng et al.,
2025). These designs improve reliability, fairness,
and interpretability in MMAS.

Knowledge Synchronization. To tackle cogni-
tive discontinuity, MMAS should coordinate partic-
ipants’ cognitive states across the interaction pro-
cess rather than relying on reconciliation at the final
stage during collaborative reasoning. For instance,
KAMAC (Wu et al., 2025) employs a knowledge-
gap-driven paradigm that iteratively identifies miss-
ing knowledge and dynamically introduces comple-
mentary experts to guide case-specific convergence.
The approach achieves process-level iterative align-
ment, thereby enabling coherent collective reason-
ing and reliable decision making.

How to Unify? Despite recent progress, knowl-
edge utilization remains fragmented, as most ap-
proaches address isolated aspects of collaboration
rather than modeling it as a unified process. Fu-
ture research should move further by developing
holistic frameworks that jointly optimize sharing,
arbitration, and synchronization to ensure clinically
accountable decisions.

2.4 Static and Dynamic Evaluation Paradigms

MMAS evaluation spans two complementary
paradigms (Table 2): static benchmarks for capa-
bility verification and dynamic environments for
interactive proficiency, highlighting the shift from
individual accuracy to collaborative reliability.

I. Static Benchmarking. Static benchmarks pro-
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vide rigorous standardized assessment through
carefully structured tasks under closed system
states. Table 2 systematically categorizes system
capabilities across three dimensions:

a. Foundational Knowledge. This dimension eval-
uates the macro-level medical domain expertise
of individual agents. MedHELM (Bedi et al.,
2026) aligns models with clinical practice using
a multi-dimensional taxonomy of complex real-
world tasks. Furthermore, CMExam (Liu et al.,
2023) enhances evaluation authenticity via a robust,
five-dimensional expert-annotated system covering
disease groups and clinical departments.

b. Complex Reasoning. At the micro-level, evalua-
tion shifts to logical rigor and consistency. Bench-
marks like MedXpertQA (Zuo et al., 2025b) quan-
tify fine-grained professional reasoning capabili-
ties via expert-curated questions and exhaustive
trajectory verification. Additionally, MedAgents-
Bench (Tang et al., 2025) assesses system perfor-
mance in navigating complex medical logic.

c. Clinical Workflow. This dimension evalu-
ates agent orchestration across clinical pathways.
Benchmarks like MedAgentBench (Jiang et al.,
2025) and MedAgentBoard (Zhu et al., 2025a)
leverage EHR-based prediction and virtual-EHR
workflow settings to assess workflow automation,
calibrating task completeness and overhead trade-
offs to ensure agent actions mirror authentic clini-
cal operations.

Limitations. Static evaluation lacks authentic
clinical noise, fails to model realistic time pressure,
and leaves specific collaborative attributes, such as
inter-agent communication efficiency and consen-
sus quality, unmeasured in these frameworks.

II. Dynamic Evaluation. Dynamic evaluation
assesses complex emergent collaborative behav-
iors and real-time decision-making performance of
multi-agent systems under authentic clinical noise.
a. Safety Benchmarks. AgentClinic (Schmidgall
et al., 2024) simulates a comprehensive clinician,
patient, and moderator ecosystem to test adap-
tive decision-making. HealthBench (Arora et al.,
2025) defines foundational safety baselines, while
LLMEval-Med (Zhang et al., 2025c) introduces
an expert verification system based on real-world
cases to measure clinical utility. Furthermore, Med-
Safetybench (Han et al., 2024) benchmarks the
safety robustness of medical large language models
against adversarial prompt injections and malicious
instructions through quantified attack metrics.

b. Multimodal and Reasoning. For heterogeneous
data integration, 3MDBench (Sviridov et al., 2025)
evaluates multi-agent telemedical consultation ca-
pabilities. Neural-MedBench (Jing et al., 2026)
establishes agent reasoning fidelity baselines in
neurology, informing critical lower-bound expec-
tations for collaborative diagnostic performance.
Meanwhile, MedThink-Bench (Zhou et al., 2025)
and TumorChain (Li et al., 2026b) enable rigorous
scrutiny of logical coherence and reasoning trajec-
tory traceability under expert-level complexities.
c. Failure Attribution and Audit Pipelines. This
dimension conducts causal analysis via conversa-
tional flow auditing. Fault Point (Liu et al., 2025a)
identifies decision vulnerabilities within reason-
ing. MedAgentAudit (Gu et al., 2025) and MAS-
AFA (Zhang et al., 2025d) identify systemic risks,
including critical information loss or severe consen-
sus misalignment, by auditing detailed inter-agent
communication, which are issues often masked by
final accuracy metrics. Finally, MedAgentSim (Al-
mansoori et al., 2025) and MedKGEval (Yu et al.,
2025b) utilize multi-agent simulation and knowl-
edge graph-driven evaluation, respectively, to quan-
tify information gathering efficiency and guideline
alignment, effectively mitigating knowledge degra-
dation during multi-turn clinical interactions.
How to Evaluate? Evaluations must transcend
the “final answer” black-box paradigm by introduc-
ing in-depth metrics that gauge distributed medical
decision-making processes in L3 and L4. Detailed
metrics are deferred to Appendices C and D.

3 Safety, Privacy and Ethics

The evolution from L3 to L4 bolsters capabilities
but introduces complex interaction risks. To mit-
igate these systemic hazards and establish safety
boundaries for L5, robust governance is essential.
We construct a comprehensive governance frame-
work covering safety, privacy, and ethics by inte-
grating agent-centric and human-centric views
(Figure 3). Detailed clinical threat modeling is
provided in Appendix E.

3.1 Agent-Centric View

This perspective treats risks as inherent algorithmic
and behavioral vulnerabilities, mitigating them by
embedding safeguards and normative constraints
directly into the agents’ technical core.

Safety challenges in MMAS stem from uninten-
tional risks (e.g., hallucination propagation, syco-
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Figure 3: Safety, privacy and ethics risks in MMAS.

phancy, and collusion (Zhu et al., 2025b)) and
intentional attacks (e.g., jailbreaking and poison-
ing). Both exploit collaborative workflows to prop-
agate misinformation, fundamentally degrading
clinical reliability. To mitigate these risks, current
research converges on two paradigms. First, static
Role-Specific Oversight deploys guardian agents to
monitor system integrity and manage anomalous
peers, as demonstrated by MedSentry’s psychomet-
ric profiling (Chen et al., 2025a). Second, dynamic
Iterative Verification enforces reliability through
adversarial debate to eliminate single points of
failure (Tang et al., 2024), external knowledge
grounding against injection risks (Gilbert et al.,
2024), and continuous internal auditing for self-
correction (Dhuliawala et al., 2024).

Privacy risks in MMAS stem from frequent col-
laborative information exchange. To prevent unau-
thorized disclosure, agent communication must en-
force information minimization. Key strategies in-
clude Role-Based Access Control (RBAC) (Yaqub
et al., 2025), which restricts information flows via
the least privilege principle, and Multi-Agent Fed-
erated Learning (MAFL) (Zhang et al., 2025a),
which preserves data sovereignty by sharing model
gradients or intermediate states instead of raw
records. Additionally, Differential Privacy (DP)
and anonymizer agents (Wiest et al., 2025) mathe-
matically and semantically desensitize communica-
tion through statistical noise injection and Person-
ally Identifiable Information (PII) redaction.

Ethics risks primarily stem from amplified socio-
demographic biases and ambiguous traceability in
clinical decision-making. Current research miti-
gates these through three main approaches. First,
Algorithm Debiasing utilizes adversarial training
to mathematically isolate clinical reasoning from
sensitive attributes, minimizing demographic infer-
ence errors (Omiye et al., 2023). Second, Trace-
ability is enhanced by embedding evaluator agents
to establish audit trails, enabling clinicians to scru-

tinize intermediate Al suggestions (Baldoni et al.,
2023). Third, Value Alignment embeds care ethics
into MMAS objectives to promote empathetic,
patient-aligned behavior over statistical metrics.

3.2 Human-Centric View

Conversely, this view attributes risks to misaligned
human-agent dynamics and institutional gaps, re-
solving them via robust human-Al partnerships.

Safety risks stem from misaligned human-Al
collaboration, such as overreliance and insufficient
oversight, which can legitimize errors and cause
misdiagnoses. Mitigating these requires Human-
in-the-Loop and Human-in-Power mechanisms to
ensure agents augment rather than replace clini-
cians (Johri et al., 2025). Accordingly, feasible
human-Al collaborative paradigms have been de-
veloped for high-risk scenarios, including explicit
design principles for diabetes treatment (Burgess
et al., 2023) and the SepsisLab system for sepsis
diagnosis (Zhang et al., 2024).

Privacy risks in MMAS stem from unclear data
governance, leading to unauthorized exposure of
sensitive patient information and erosion of clin-
ical trust. Thus, prioritizing Responsible Data
Governance is essential. This approach mandates
strict Regulatory Compliance with acts such as
the Health Insurance Portability and Accountabil-
ity Act and the General Data Protection Regu-
lation (Said et al., 2023), which necessitate the
deployment of advanced technical safeguards to
protect high-dimensional clinical data from re-
identification. Complementarily, it integrates flex-
ible Participatory Boundary Setting, empowering
stakeholders to define data sharing protocols based
on their cultural values (Kim et al., 2024a).

Ethics challenges in MMAS largely stem from
unclear accountability and marginalized patient val-
ues. To address this, research advocates for Par-
ticipatory Governance, a paradigm that restores
the system’s moral legitimacy by involving human
stakeholders. This paradigm spans the entire devel-
opment lifecycle, encompassing upstream Human-
centric Dataset creation to address foundational
ethical pitfalls (Mittal et al., 2024), while integrat-
ing downstream Participatory Auditing to rigor-
ously ensure the transparency and contestability of
Al alignment (Wieczorek et al., 2025).
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4 Towards Emergent Swarm Intelligence

What is L5? Unlike the mature, literature-
synthesized L3 and L4 paradigms, L5 represents
an exploratory frontier currently lacking large-scale
clinical validation. It introduces runtime topologi-
cal self-organization, enabling dynamic agent gen-
eration or deletion, automated rewriting of task
decompositions, and execution-time topology re-
construction under explicit safety-constrained con-
trol. This prospective vision adapts general-domain
breakthroughs. For instance, the Codex subagent
workflow utilizes a fan-out/fan-in process?, while
AutoAgents pioneers task-driven generation (Chen
et al., 2024). Similarly, GPTSwarm models agents
as optimizable graphs (Zhuge et al., 2024), and
AFlow continuously refines workflows via feed-
back (Zhang et al., 2025b), collectively guiding
future medical systems to reorganize dynamically
around shifting patient risks.

How it works? To overcome previous structural
bottlenecks and achieve dynamic reorganization,
LS swarms utilize three topology-level operations:
a. On-demand recruitment. Rather than invok-
ing fixed experts, an LS system recruits sub-agents
dynamically based on case complexity, evidence
gaps, and uncertainty. While knowledge-gap expan-
sion (§2.3) offers a precursor, it remains confined
within predefined boundaries. Frameworks like
TDAG (Wang et al., 2025d) address this through
dynamic task decomposition and real-time agent
generation. LS extends this capacity to fill clinical
gaps by continuously integrating specialized nodes
into an evolving reasoning graph.

b. Dynamic edge rewiring. L5 dynamically selects
agents based on tasks and determines the commu-
nication topology. Unlike bounded architectures
(§2.1, §2.2), it enables runtime reconstruction of
communication edges. Autoregressive graph gener-
ation (Li et al., 2026a) drives this transition toward
fully searchable collaboration graphs through auto-
mated topology design. Furthermore, NetSafe (Yu
et al., 2025a) shows that communication topology
and connectivity affect the propagation of adversar-
ial behavior, providing design evidence for safer
interaction graphs.

¢. Feedback-driven pruning. When a pathway
lacks evidence or triggers safety risks, the system
terminates branches. In multi-agent communica-
tion, Safesieve (Zhang et al., 2026) exemplifies
this via progressive, experience-driven pruning to

2h’ttps ://developers.openai.com/codex/subagents.

minimize token overhead. Unlike the bounded op-
timization of L4 systems (§2.2), integrating execu-
tion feedback with clinical constraints enables LS
to prune and reorganize the collaboration graph.
What’s next? Looking ahead, we envision three
potential medical scenarios where swarm architec-
tures are particularly applicable:

a. Complex comorbidity MDT. For patients with
complex comorbidities or rare diseases, conflict-
ing specialty guidelines create severe reasoning
dilemmas. Frameworks like Rareagents (Chen
et al., 2026) demonstrate the clinical utility of au-
tonomous multidisciplinary teams. An LS swarm
builds on this by dynamically restructuring its
agent network around primary conflicts to miti-
gate polypharmacy risks. This addresses systemic
conflicts by globally reconstructing responsibility
boundaries and evidence pathways.

b. Emergency and critical care. In dynamic set-
tings like emergency triage and ICUs, traditional
pipelines struggle under strict time constraints.
Flowchart-guided multi-agent systems (Liu et al.,
2026) demonstrate how specialized agents can ef-
fectively coordinate urgent clinical decisions. L5
swarms scale this capacity by rapidly reconstruct-
ing collaborative logic based on real-time vital
signs to form a fast-response loop across triage,
diagnosis, and intervention.

¢. Precision medicine. Traditional systems in on-
cology and multi-omics stall when cross-modal
evidence is missing or conflicting. CASSIA (Xie
et al., 2025) demonstrates multi-agent cell annota-
tion using specialized validation nodes. LS swarms
expand this by discovering evidence gaps, gener-
ating analytical nodes, and rewiring the network
based on conflict intensity.

Overall, L5 medical swarms promise to elimi-
nate single-point systemic failures and cascading
error propagation in L3/L4 systems. Combining
dynamic generation with graph search fosters re-
silient collective intelligence for open-ended tasks.

5 Conclusion

This paper systematically charts the evolution of
medical multi-agent systems by proposing an L0-
LS hierarchical taxonomy. We detail the critical ar-
chitectural shift from L3 static collaboration to L4
adaptive evolution, alongside essential knowledge
utilization and evaluation paradigms. To ensure
clinical trustworthiness, we establish a dual gover-
nance framework that integrates agent-centric safe-
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Table 3: Literature search and selection protocol.

Table 4: Venue distribution of the final corpus (92 works).

Stage Component Protocol Category Venue group Count
Google Scholar, PubMed, Semantic Scholar, Nature, NPJ, NEJM family 19
. Journals X
Sources and arXiv, supplemented by backward and Cell and other journals 12
forward citation tracing.
NeurIPS, ICLR, ICML 16
. Jan. 2023—Aug. 2026; earlier highly relevant or ACL, EMNLP, CoNLL 12
Search  Period seminal works are also included. Conferences AAAL TJCAI 3
Search queries combine medical and clinical CHI, MICCAI MLHC and others 15
Queries termlqology W.lth LLM agent kgywords, . Preprints arXiv, TechRxiv 10
spanning multi-agent collaboration, evolution,
evaluation, and safety. Total 9
Core MMAS methods, evaluations, and
Inclusion contextual studies on taxonomy, benchmarks,
and governance. .
cut-off date. The resulting corpus should there-
Selection Preprints  Lircetly relevant preprints when no fore be viewed as a representative synthesis rather
peer-reviewed version was available.
. than an exhaustive systematlc review. To mltlgate
Exclusion Non-LLM MAS; non-agent medical LLMs; .. . . . .
low-relevance, duplicate, or superseded studies. this limitation, our companion repository will be
Retrieved records were deduplicated, screened updated to track subsequent works.
. by title and abstract, closely examined for core
Corpus  Screening

content, and supplemented with searches for
related literature.

guards and human-centric oversight against safety,
privacy, and ethical risks. Ultimately, we conceptu-
alize LS evolutionary swarms as the next frontier
for complex clinical tasks. By bridging engineering
design with clinical accountability, this survey pro-
vides a clear roadmap toward a safe and dynamic
“Human-AI Symbiosis” in healthcare.

Survey Methodology

This section summarizes the literature collection
and screening protocol, including the search period,
sources, query scope, selection criteria, and screen-
ing process. We prioritized peer-reviewed publica-
tions, while retaining recent preprints when they in-
troduced directly relevant MMAS methods, bench-
marks, or emerging mechanisms, as this is a rapidly
evolving research area in which important devel-
opments often appear before formal peer review.
Retrieved records were deduplicated, screened by
title and abstract, and subsequently assessed in full
text, with backward and forward citation tracing
used to identify additional relevant studies. The
corresponding details are presented in Table 3.4.

Limitations

MMAS is a rapidly evolving field. As a result, this
concept-driven survey may not capture every re-
cent development. We prioritized peer-reviewed
and accepted publications, while retaining publicly
accessible and directly relevant preprints when no
peer-reviewed version was available by the search
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A Definitions

A.1 Task Formulation

Before formalizing the specific multi-agent archi-
tectures, we must first clarify the temporal scope
of the system. Lett = 1,2,...,7T denote the dis-
crete evolutionary step (e.g., encountering the ¢-th
clinical case or training iteration), explicitly distin-
guished from the internal reasoning turns within a
single case. At step ¢, the system receives a clinical
input z; and generates a decision y;. The efficacy
of this decision is evaluated by a global clinical
utility function Q(yy, ¢, Yy ), in Which v, de-
notes the ground truth, yielding a feedback signal
r¢. The fundamental distinction between static and
evolutionary architectures lies in their response to
this feedback across steps. In static systems (L0-
L3), the persistent internal states remain strictly
frozen across cases, precluding the ability to learn
from r;. Conversely, in evolutionary multi-agent
systems (L4-L5), the core objective is to maximize
the expected clinical utility over time by continu-
ously updating their persistent states (e.g., param-
eters, experience memory, or topology) driven by
the cross-turn feedback 7.

A.2 System Formalization

We formulate the Medical Multi-Agent System
(MMAS) as a compact tuple M = (N, &,G,Q),
where N is the set of candidate agents, & is the set
of external medical tools, G denotes the broader
collaborative topology space, and {2 is the utility
function. To mathematically isolate the dimensions
of system evolution, we strictly decouple the sys-
tem’s variables into persistent and transient states.
At any evolutionary step ¢, the persistent system
state is characterized by S; = (O, My, ¥y, Gy),
corresponding to the underlying model parameters,
the cross-case global experience memory, the coor-
dination policy (e.g., routing weights or scheduling
rules), and the active collaborative topology instan-
tiated from G, respectively. Conversely, during the
inference process for a specific case x;, the system
generates transient states, including local observa-
tions o; ; for agent 7 and a working memory 7; stor-
ing multi-step reasoning trajectories. This decou-
pled modeling is motivated by the need to precisely
formalize the architectural leaps from L0 to LS5:
the evolutionary levels can thus be strictly defined
by tracking which components of .S; remain stati-
cally frozen and which are progressively unlocked
for dynamic, feedback-driven updates. Formally,

the system’s conditional decision-making policy is
denoted as 7(- | transient states; persistent states),
mapping case-specific observations to clinical de-
cisions under the parameterization of the current
architectural constraints.

B Formalization of the Evolutionary
Levels in MMAS

Building upon the decoupled state representation
introduced above, this section mathematically for-
malizes the six levels of MMAS (L0-L5). We
characterize this architectural evolution along two
distinct trajectories. The first trajectory (spanning
L0 to L3) entails the progressive activation of sys-
tem components, expanding the inference capac-
ity through transient working memory 7, external
tools £, and multi-agent networks . The second
trajectory (spanning L4 to L5) dictates a deeper
paradigm shift: the systematic relaxation of static
constraints. This marks the fundamental transi-
tion from permanently frozen architectural states
to adaptive, feedback-driven dynamic variables.

B.1 LO Isolated Medical LLMs

The LO architecture represents the foundational
paradigm of isolated, open-loop inference. For-
mally, the decision process is modeled as:

yr ~ (- | 745 00) (1)

The system consists of a single agent (JA/| = 1)
operating strictly as a static mapping function from
clinical input to output. Completely isolated from
external tools and evaluation feedback, the persis-
tent states remain strictly unchanged across evolu-
tionary steps (Si+1 = S¢). Consequently, the sys-
tem relies entirely on its initial pre-trained weights
Oy and is intrinsically incapable of accumulating
experience or rectifying prior misdiagnoses.

B.2 L1 Autonomous Cognitive Single Agent

The L1 architecture advances to an autonomous
cognitive paradigm by introducing multi-step inter-
nal reasoning. The process is modeled as:

Ye ~ (- | 24,715 O0) 2)

By augmenting the agent with a transient working
memory 7, the system can decompose complex
clinical queries into intermediate reasoning steps
(e.g., chain-of-thought) within a single case. How-
ever, it still lacks external tool access and cross-
case learning mechanisms, meaning its persistent
state remains frozen across cases (S;+1 = Sy).
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B.3 L2 Tool-Augmented Agent

The L2 architecture embodies a reasoning coupled
with tool invocation paradigm. The decision pro-
cess can be formulated as:

Y ~ ﬂ'( ‘ Tt, Tt; @078) (3)

By activating the external medical toolset (€ # (),
the agent can ground its reasoning in external
knowledge bases or clinical calculators, thereby
mitigating hallucinations and improving single-
case accuracy. Nevertheless, the absence of a
global utility function (2 = ()) precludes closed-
loop feedback, and the system state remains static
across cases (Syy+1 = St).

B.4 L3 Static Collaborative Multi-Agent

The L3 architecture shifts the paradigm to dis-
tributed joint inference through static multi-agent
collaboration. Formally, the joint decision-making
process can be modeled as:

Yt ~ Tioint (- | {04t ien's T3 ©0, Yo, E, Go) (4)

At this level, the system expands to a collabora-
tive network (JN| > 1). Agents synthesize local
observations o; ; under a predefined collaborative
topology G (e.g., hierarchical, debate, or parallel
structures) and a fixed coordination policy Wq. Al-
though ¥y may execute conditional routing based
on the specific case x;, the underlying architec-
tural rules and model parameters do not learn from
outcomes. The persistent state remains strictly con-
stant across cases (Sy+1 = S;). Thus, dynamic
routing among predefined templates is classified
as L3 unless the system fundamentally updates its
coordination policy through feedback.

B.5 14 Adaptive Evolutionary Multi-Agent

The L4 architecture introduces a feedback-driven
adaptive paradigm, breaking the static constraints
on the system’s internal capabilities. The evolution-
ary process is formulated as:

Ty = Q(Z/n Tt, yz('rue)
Oty1, Myp1, Viq1 < Update(©y, My, Uy | ry)

Yi+1 ~ Tjoint (- | {04141 iens Tes1s
Op1, Myy1, Y441, E,Go)
)
With the clinical utility function €2 activated, the
system establishes a closed-loop learning mecha-
nism. Driven by the evaluation feedback r;, the

system persistently updates its underlying model
parameters (O, via SFT or Agentic RL), accu-
mulates global experience memory (M), and
optimizes its coordination policy (¥+,1). However,
the defining limitation of L4 is that these continu-
ous adaptations occur strictly within a constrained
organizational structure; the collaborative topol-
ogy G itself remains permanently fixed.

B.6 LS5 Medical Multi-Agent Swarms

LS5 represents the ultimate paradigm of emergent
swarm intelligence, characterized by open-ended
topological self-organization. The system evolu-
tion can be modeled as:

Tt = Q(ytv T, y;‘ue)

Op41, Mig1, Vg < Update(Oy, My, Uy | )

Gis1 ~ Fseif—org(G, Gty o1, Myg1,14)

Yt+1 ~ 7Tjomt(' | {0i7t+1}i€/\/a7—t+1;

Ot+1, Mit1, Vit1,E, Gip)
(6)

At this frontier, the system completely lifts the
structural constraint on the collaborative topology.
Beyond optimizing parameters or policies, an L5
system possesses the capability to spontaneously re-
construct its active topology G¢41 from the broader
structural space G. Guided by the specific complex-
ity of the incoming case x4y and historical feed-
back r, the self-organizing operator Fge;f—org dy-
namically executes on-demand expert recruitment,
edge rewiring, and inefficient branch pruning. This
allows the system to seamlessly adapt its organiza-
tional form to address open-ended, highly complex
clinical scenarios.

B.7 Level Boundaries

To eliminate qualitative ambiguity, we establish
definitive boundaries between taxonomy levels
based on three dimensions: agent cardinality, cross-
case state persistence, and topological mutability.

From L0 to L1: The boundary requires activat-
ing a transient working memory. While LO oper-
ates as a single-step mapping function, L1 intro-
duces multi-step internal cognitive reasoning, such
as chain-of-thought, to resolve a single clinical case.
It remains a single-agent system without external
tools or cross-case memory.

From L1 to L2: The transition requires activat-
ing external environments or clinical tools. Cru-
cially, all forms of single-agent evolution are fully
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contained within L2. Any feedback-driven op-
timization, including cross-task single-model re-
inforcement learning, autonomous single-agent
prompt tuning, or experience memory updates, re-
mains classified as L2 if the system excludes con-
current agent-to-agent interaction.

From L2 to L3: The demarcation requires multi-
agent joint inference under a frozen cross-case state.
L3 systems utilize a fixed agent set, fixed role allo-
cation, and a fixed communication topology. Op-
erational designs like multi-round inter-agent de-
bates, in-context retrieval-augmented generation,
human-in-the-loop prompt adaptation, or template-
based dynamic routing are strictly transient states
if cleared after a single case. Because L3 leaves all
persistent configurations unchanged across tasks, it
represents a static multi-agent framework.

From L3 to L4: The boundary marks the tran-
sition from a frozen configuration to a continuous
evolutionary trajectory. A system qualifies as L4
if and only if it concurrently satisfies four criteria:
a continuous feedback source from a global clin-
ical utility function, persistent updates to system
states (including model parameters, global experi-
ence libraries, or coordination rules) across distinct
patient cases, cross-episode reusability of learned
behaviors, and a verifiable, positive adaptation gain.
However, L4 adaptation occurs strictly within a per-
manently fixed organizational topology.

From L4 to L5S: The definitive boundary lies
in relaxing the fixed-topology constraint. While
L4 optimizes internal states within a rigid graph,
L5 executes runtime, open-ended structural self-
organization. An L5 swarm is uniquely char-
acterized by runtime agent generation or dele-
tion, execution-time communication edge rewiring
based on real-time clinical risks, automated rewrit-
ing of task decomposition graphs, and topological
control under explicit safety constraints to prevent
adversarial error propagation.

C Static Coordination Metrics (L3)
C.1 Necessity and Rationale

Conventional evaluation paradigms predominantly
treat MMAS as a black box, focusing exclusively
on the accuracy of the final output. However, for L3
static multi-agent systems, this outcome-oriented
approach is fundamentally insufficient. High fi-
nal accuracy can easily mask severe internal inef-
ficiencies, such as redundant token consumption,

suppressed minority expert opinions, or forced con-
sensus driven by dominant agents rather than clin-
ical evidence. To address this, it is necessary to
establish a suite of white-box coordination metrics.
Our design rationale is to deconstruct the collab-
orative process into measurable dimensions: we
first quantify the baseline clinical utility to ensure
medical safety, and then introduce communication
efficiency to evaluate the operational cost-benefit
ratio. Furthermore, we formalize consensus qual-
ity and contribution attribution to rigorously au-
dit whether inter-agent interactions genuinely yield
positive clinical gains and to identify specific fail-
ure nodes. Through these metrics, we aim to an-
swer not just whether an L3 system works, but how
efficiently and justifiably it collaborates.

C.2 Notations

This level audits whether a predefined collabora-
tive architecture yields measurable clinical value.
Following Appendix A and B, NV denotes the agent
set, 7 the clinical task space, x; the case input, y;
the joint decision, € the clinical utility function,
and S; = (O, My, ¥y, Gy) the persistent system
state. At the L3 level, model parameters, mem-
ory, coordination policy, and the bounded topology
set remain statically locked (S;+1 = Sy). Addi-
tionally, we introduce D7 as the task distribution
over T, y; as the expert-validated reference an-
swer for ¢, Jy as the expected clinical utility of
the static L3 system, C(y; | ¥y, G;) as the com-
putational or communication cost of producing y,
Neomm &S communication efficiency, Qcons as con-
sensus quality, y; ; as agent ¢’s independent local
decision, A; as agent ¢’s marginal contribution, and
Yp\; as the joint decision after removing agent :.

C.3 Foundational Clinical Utility

Recent medical agent systems show that static col-
laboration can improve clinical question answering
and medical reasoning when expert roles, retrieval,
and verification modules are fixed during inference.
LINS improves evidence-traceable medical Q&A
through a retrieval-augmented agentic workflow,
while MedAgents uses role-specialized medical
agents to conduct multi-round zero-shot reason-
ing before producing a final decision (Wang et al.,
2025b; Tang et al., 2024). Therefore, the L3 system
is evaluated through expected clinical utility:

Jo = Egyonr [yt e, 97)] - (N
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Here, Q(y:, 2+, yr) evaluates the clinical value of
decision y; for case x; against reference answer y;,
including diagnostic correctness, safety, guideline
consistency, interpretability, actionability, and risk-
adjusted benefit. The joint decision is generated by
the static L3 policy:

Yt ~ Tioint (- | {0t Fiens 75 ©0, W0, €, Go) (8)
C.4 Communication Efficiency

Multi-agent communication introduces token us-
age, message passing, model calls, latency, and de-
ployment cost. In clinical-scale workloads, orches-
trated medical agents can sustain accuracy while
using substantially fewer tokens than a single over-
loaded agent (Klang et al., 2026). MDAgents fur-
ther shows that assigning collaboration structures
according to medical task complexity can avoid
unnecessary interaction for simpler cases while
preserving specialist discussion for harder deci-
sions (Kim et al., 2024b). We therefore define:

_ EthDT [Q(ytu T, y;)] )

T By Oyt [ W, GOl

The cost C(y; | ¥y, G¢) may include token count,
inter-agent messages, model invocations, latency,
monetary cost, and clinical workflow burden. Thus,
Neomm quantifies the expected clinical utility per
unit of operational overhead.

C.5 Consensus Quality

Collaboration is necessary only when the joint
decision improves on individual local decisions.
MedARC demonstrates that structured debate, iter-
ative revision, and confidence-aware aggregation
can improve medical QA reliability (Miao et al.,
2026). SMR-Agents similarly simulates multidis-
ciplinary consultation for medical visual question
answering, using expert-agent peer review to re-
fine both the answer and its rationale (Wang et al.,
2026). Let n = [N/, and let y; ; denote the in-
dependent decision of agent ¢ based on its local
observation. Consensus quality is:

Qcons = EmeT Q(ytv Lt, y;)

o (10)
- Z Q(Yi b, 1, yt*)] :

i=1
If Qcons > 0, collaboration provides positive utility
gain. If Q.ons =~ 0, the collaborative structure is

weakly justified. If Qcons < 0, interaction may
amplify errors or induce harmful consensus.

C.6 Contribution Attribution and Failure
Tracking

Medical multi-agent systems require attribution be-
cause final-answer accuracy can hide flawed col-
laboration, suppressed minority opinions, or in-
formation loss during synthesis. MedAgentAudit
explicitly diagnoses collaborative failure modes
in medical multi-agent systems (Gu et al., 2025).
WSI-Agents provides a complementary pathology
setting in which task allocation and verification
modules make component roles auditable across
multimodal whole-slide-image tasks (Lyu et al.,
2025). Motivated by counterfactual attribution, the
marginal contribution of agent 7 is:

Ai = ]ExtN’DT [Q(ytu Tt, y:)]

o an
- ExthT [Q(yt\'u Tt Yt )] '

Here, y;; is the joint decision produced after re-
moving agent ¢ while preserving the remaining
protocol. Positive A; indicates useful contribution,
near-zero A; indicates redundancy, and negative A;
indicates that the agent may introduce noise, bias,
hallucinated evidence, or harmful reasoning. This
metric supports node ablation, communication-link
auditing, and clinical failure tracing.

D Adaptive Evolution Verification (L4)

D.1 Necessity and Rationale

As medical multi-agent systems transition from
L3 to L4 adaptive evolution, the evaluation dimen-
sion must fundamentally shift from "static snap-
shots" to "dynamic trajectories.” Traditional met-
rics are inherently state-agnostic and fail to capture
a system’s capacity to learn, adapt, or regress over
repeated clinical encounters. Evaluating an L4
system requires verifying not only that it adapts
to feedback, but that this adaptation is clinically
meaningful and robust against overfitting to spe-
cific institutional workflows. Therefore, our design
rationale focuses on capturing the temporal and
distributional dynamics of the system. We intro-
duce simulated learning curves to track the per-
time-step evolutionary gain, mathematically dis-
tinguishing genuine cognitive accumulation from
evolutionary stagnation or catastrophic forgetting.
To further prevent the illusion of progress caused
by environment-specific shortcuts, we formalize
cross-dataset transfer metrics. By measuring the
cross-task utility gap, we ensure that the policies
and memories evolved in the source distribution
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can reliably generalize to target clinical environ-
ments, thereby guaranteeing the safety and scala-
bility of L4 systems in real-world deployments.

D.2 Notations

At L4, environmental feedback drives cross-turn
updates to parameters, global memory, or coordi-
nation policy. Feedback is defined as:

e = QYe, T4, Yy)- (12)

Accordingly, L4 may involve A©, AM, or AW,
but remains bounded by the predefined topology
set Gp. Open-ended reconstruction of collaborative
topology belongs to LS rather than L.4. Addition-
ally, we introduce .J; as the expected clinical utility
under state Sy, AJ; as the per-time-step evolution-
ary gain, Dy, and Dy as source and target task
distributions, J.. and Ji4; as their corresponding
utilities, and I'y¢;, as the cross-task utility gap.

D.3 Simulated Learning Curves

Adaptive medical agents should be evaluated across
repeated encounters rather than only on one-shot
cases. Doctor-R1 trains an Al doctor agent through
experiential reinforcement learning in a multi-agent
interactive environment, optimizing both clinical
decision-making and inquiry behavior (Lai et al.,
2026). MedAgentSim builds a self-evolving doctor—
patient—-measurement simulation in which agents
refine diagnostic strategies through multi-turn inter-
actions and experience-based retrieval (Almansoori
et al., 2025). We define the expected clinical utility
at state S as:

Jt - ]E:ENDT [Q(ytvxvy* ’ St)] . (13)

After a state update driven by A, the per-time-step
evolutionary gain is:

1

At

1

= < (Eounr (20257 | S1)

— By [QUye—1,2,y% | Si—1)] )
(14)
Thus, AJ; > 0 indicates beneficial adaptation,
AJ; = 0 indicates stagnation, and AJ; < 0 in-
dicates possible degradation or forgetting.

AJy (Jp — Je—1)

D.4 Cross-Dataset Transfer

Internal evolution does not guarantee that a medi-
cal agent policy transfers beyond its source setting.

MedAgentGym provides a scalable agentic train-
ing environment spanning 129 biomedical task cat-
egories and multiple real-world biomedical scenar-
ios, making cross-task evaluation central to policy
evolution (Xu et al., 2026). CASSIA further shows
how a modular multi-agent biomedical analysis
system can be tested across heterogeneous bench-
mark datasets and specialized biological contexts
while retaining interpretability and quality assess-
ment (Xie et al., 2025). Let:

Jsrc — ExNDSTC [Q(yta Z, y*)] ) (15)

tht = E(ENDtgt [Q(yh z, y*)] ) (16)
where D, is the source distribution on which the
system primarily evolves, and Dy is a target dis-
tribution such as a new hospital, disease group, or
external dataset. The cross-task utility gap is:

= Jsrc - tht
= EJ;NDS,.C [Q(yt7 T, y*)]
B

Alarge I 4, indicates possible overfitting to source
tasks, institutional workflow, or feedback-specific
shortcuts. This metric should be reported with
Jigt, because a small gap is meaningful only when
target-domain utility is clinically sufficient.

Fgen
(17)

E Threat Modeling

We introduce threat modeling (Xiong and Lager-
strom, 2019) to map abstract security risks to spe-
cific clinical attack paths. Specific analysis of the
methods which attackers employ to disrupt diagnos-
tic consensus or pilfer sensitive data within clinical
workflows serves to identify distinct attack vectors.
This analysis not only enables architects to em-
bed defense mechanisms during the design phase
by identifying adversarial patterns, but also lays a
logical foundation for constructing robust system
security arrangements in subsequent steps.

Safety Threats:  Attackers exploit consensus
mechanisms via hijacking, launching Sybil attacks
to generate counterfeit nodes that override genuine
experts through numerical superiority, thus under-
mining treatment plans. Another path is clinical
RAG poisoning, where attackers infiltrate backend
external knowledge bases to tamper with critical
medical guidelines or medication parameters. Up-
stream agents retrieve incorrect information and
formulate flawed plans, which downstream agents
tend to accept out of collaborative inertia, leading
to cascading errors and adverse medical events.
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Privacy Threats:  Attackers exploit MMAS’s
dependence on frequent agent interactions for data
theft. Malicious entities may impersonate legiti-
mate nodes to query clinical agents. Due to the
lack of granular verification, these agents may leak
complete medical records. Even without raw data,
attackers can conduct inference attacks by inter-
cepting dialogue history and intermediate reason-
ing. By correlating details like symptoms, drug
preferences, or transfers, they can reconstruct pa-
tient identities and undisclosed illnesses.

Ethics Threats:  Attackers manipulate the value
alignment mechanism to seek illicit interests.
Agents may engage in profit-driven collusion, rec-
ommending unnecessary high-priced examinations
while deliberately downplaying side effects, de-
priving patients of their right to informed consent.
Another threat is discriminatory feedback injection,
where attackers poison memory or feedback loops
with biased fake data. Agents internalize these
biases through fine-tuning, leading to systematic
discrimination in future diagnoses.

What’s the Fix? The above threat analysis indi-
cates that MMAS introduces collective risks stem-
ming from dynamic interactions, which are dis-
tinct from the isolated risks of single-agent sys-
tems. While defenses targeting individual models
remain important, they often fail to fully address
these complex system-level challenges. Therefore,
we need to construct a governance framework from
two complementary dimensions. The agent-centric
view aims to enhance the collaborative robustness
within the system through technical means. The
human-centric view strives to ensure external clini-
cal supervision and ethical alignment through pro-
cess design. This dual-perspective approach forms
the core logic of the security governance solutions
presented in subsequent chapters.

F Literature Taxonomy

Figure 4 summarizes the works reviewed in Sec-
tion 2. Specifically, it groups the cited papers into
four branches: L3 collaborative medical agents,
L4 adaptive medical agents, knowledge utilization,
and benchmarks.
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Evaluating clinical Al summaries with large language models as judges (Croxford et al., 2025)
Clinical entity augmented retrieval for clinical information extraction (Lopez et al., 2025)
Med-halt: Medical domain hallucination test for large language models (Pal et al., 2023)

Background / Single-Model Limits

Code like humans: A multi-agent solution for medi
Kgddiagnosis: A hierarc]

I coding (Motzfeld et al., 2025)
I multi-agent lim framework with knowledge graph enhancement for medical diagnosis (Zuo et al, 2025a)

MedARC: Adaptive multi-agent refinement and collaboration for enhanced medical reasoning in large language models (Miao et al., 2026)
Exaluation of Multi-Agent LLMs in Multidisciplinary Team Decision-Making for Challenging Cancer Cases (Kim et al., 2025)
Improving multi-agent debate with sparse communication topology (Li et al., 2024¢)

L3: Static Multi-Agent
Collaboration

MoMA: a mixture-of-multimodal-agents architecture for enhancing clinical prediction modelling (Gao et al., 2025)
CARE-AD: a multi-agent large language model framework for Alzheimer's disease prediction using longitudinal clinical notes (Li et al., 2025b)

Medla: A logic-driven multi-agent framework for complex medical reasoning with large language models (Ma et al., 2026)
Enhancing diagnostic capability with multi-agents conversational large language models (Chen et al., 2
ColaCare: Enhancing electronic health record modeling through large language model-driven multi-agent collaboration (Wang et al., 2025¢)

Agent hospital: A simulacrum of hospital with evolvable medical agents (Li et al., 2024a)

Learning to be a doctor: Searching for effective medical agent architectures (Zhuang et al., 2025)
MedChain: Bridging the Gap Between LLM Agents and Clinical Practice with Interactive
Empowering Al Data Scientists Using a Multi-Agent LLM Framework with Self-Ey

Cooperative Evolution

equence (Liu et al., 2025b)
olving Capabilities for Autonomous, Tool-Aware Biomedical Data Analyses (Bu et al., 2026)

Non-Parametric Update

s O Lims can simulate standardized patients via agent coevolution (Du et al., 2025)
Adversarial Co-evol o e 2 ¢ )

odel A debate intelligence framework for enhancing medical reasoning in large language models (S

n etal., 2026)

WSI-Agents: A Collaborative Multi-agent System for Multi-modal Whole Slide Image Analysis (Lyu et al, 2025)
Mrgagents: A multi-agent framework for improved medical report generation with med-Ivims (Wang et al., 2025a)
PatientVLM Mects DocVLM: Pre-Consultation Dialogue Between Vision-Language Models for Efficient Diagnosis (Lokesh et al., 2026)

Supervised Fine-Tuning

Doctoragent-rl: A multi-agent collaborative reinforcement learning system for multi-turn clinical dialogue (Feng et al., 2026)
Doctor-R1: Mastering Clinical Inquiry with Experiential Agentic Reinforcement Learning (Lai et al, 2026)
MedVR: Annotation-Free Medical Visual Reasoning via Agentic Reinforcement Learning (Jiang et al., 2026)

Agentic RL as Training Framework

Agentic RL as Optimization Target

Language Agents for Hypothesis-driven Clinical Decision Making with Reinforcement Learning (Bani-Harouni et al., 2026)
MMedAgent-RL: Optimizing Multi-Agent Collaboration for Multimodal Medical Reasoning (Xia et al., 2026)

Accurate insights, trustworthy interactions: Designing a collaborative ai-human multi-agent system with knowledge graph for diagnosis prediction (Li et al., 2025a)

Multi-agent Simulations for Realistic Clinical Interactions (Almansoori et al., 2025) ]

Reviewed Literature
in Section 2 and Appent

Knowledge Conflict / Evidence Arbitration

MedAgentAudit: Diagnosing and Quantify
ents: Unid

UCAg il Convergence for Visual Evidence Anchored Multi-Agent Medical Decision-Making (Feng et al., 2025)

ing Collaborative Failure Modes in Medical Multi-Agent Systems (Gu et al., 2025) ]

y izati HA 4 ‘Adaptive Collaboration of LLMs for Enhancing Medical Decision-making (Wu et al., 202

Holistic evaluation of large language models for medical tasks with MedHELM (Bedi et al
Benchmarking large language models on cmexam-a comprehensive chinese medical exam dataset (Liu et al., 2023

Foundational Knowledge

MedXpertQA: Benchmarking Expert-Level Medical Reasoning and Understanding (Zuo et al., 2025b)

Static Benchmarking thinking models and agent frameworks for complex medical reasoning (Tang et al., 2025,

Complex Reasoning

Clinical Workflow [+ 1

Multi-Agent Collaboration with Conventional Methods for Diverse Medical Tasks (Zhu et al., 2025a)
ntBench: a virtual EHR environment to benchmark medical LLM agents (Jiang et al., 2025)

Agentclinic: a multimodal agent benchmark to evaluate ai in simulated clinical environments (Schmidgall et al., 2024)
Healthbench: Evaluating large language models towards improved human health (Arora et al., 2025)

I-Med: A Real-world Clinical Benchmark for Medical LLMs with Physician Validation (Zhang et al., 2025¢)
bench: Evaluating and improving the medical safety of large language models (Han et al., 2024)

Safety & Multi-turn

3mdbench: Medical multimodal multi-agent dialogue benchmark (Sviridov et al., 2025)

Beyond Classification Accuracy: Neural-MedBench and the Need for Deeper Reasoning Benchmarks (Jing et al., 2026)
Automating expert-level medical reasoning evaluation of large language models (Zhou et al., 2025)

TumorChain: Interleaved Multimodal Chain-of-Thought Reasoning for Traceable Clinical Tumor Analysis (Li et al., 2026b)

Dynamic Evaluation |+ Multimodal Integration

Examining the Vulnerability of Multi-Agent Medical Systems to Human Interventions for Clinical Reasoning (Liu et al., 2025a)
MedAgentAudit: Diagnosing and Quantifying Collaborative Failure Modes in Medical Multi-Agent Systems (Gu et al., 2025)

Which Agent Causes Task Failures and When? On Automated Failure Attribution of LLM Multi-Agent Systems (Zhang et al., 2025d)
MedAgentSim: Self-evolving Multi-agent Simulations for Realistic Clinical Interactions (Almansoori et al., 2025)

Medkgeval: A knowledge graph-based multi-turn evaluation framework for open-ended patient interactions with clinical llms (Yu et al., 2025b)

Failure Attribution

Benchmarks and Evaluation

LINS: A general medical Q&A framework for enhancing the quality and credibility of LLM-generated responses (Wang et al., 2025b)
MedAgents: Large Language Models as Collaborators for Zero-shot Medical Reasoning (Tang et al., 2024)

Orchestrated multi agents sustain accuracy under clini

ale workloads compared to a single agent (Klang et al., 2026)
MDAgents: An Adaptive Collaboration of LLMs for Medical Decision-Making (Kim et al., 2024b)

MedARC: Adaptive multi-agent refinement and collaboration for enhanced medical reasoning in large language models (Miao et al., 2026)
SMR-Agents: Synergistic medical reasoning agents for zero-shot medical visual question answering with MLLMs (Wang et al., 2026)

MedAgentAudit: Diagnosing and Quantifying Collaborative Failure Modes in Medical Multi-Agent Systems (Gu et al, 2025)
WSI-Agents: A Collaborative Multi-agent System for Multi-modal Whole Slide Image Analysis (Lyu et al., 2025)

ing Cli

with Experiential Agentic Reinforcement Learning (Lai et al., 2026)
& Multi-agent Simulations for Realistic Clinical Interactions (Almansoori et al, 2025)

MedAgentGym: A Scalable Agentic Training Environment for Code-Centric Reasoning in Biomedical Data Science (Xu et al., 2026)
CASSIA: A multi-agent large language model for automated and interpretable cell annotation (Xie et al., 2025

Figure 4: Taxonomy tree of the core literature, organized into four main branches: L3 static multi-agent collaboration, L4
adaptive evolution, knowledge utilization, and benchmarks/evaluation metrics.
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