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Abstract

Large Language Models (LLMs) are increas-
ingly being used as autonomous agents in high-
stakes domains, yet their behavior in com-
plex, real-world environments remains under-
explored. This survey introduces the concept of
Al hospitals—LLM-driven multi-agent ecosys-
tems that simulate clinical workflows and sup-
port a wide range of medical applications. We
review 70+ recent studies and propose a taxon-
omy covering core components and application
areas. By analyzing how these systems inte-
grate language, knowledge, and interaction in
dynamic settings, we highlight AT hospitals as
a powerful testbed for evaluating LLMs beyond
static benchmarks. We also outline open chal-
lenges in aligning LLM behavior with clinical
reasoning, safety, and patient-centered goals,
offering a roadmap for the future at the inter-
section of NLP and healthcare.

1 Introduction

Over the past decade, natural language processing
(NLP) and artificial intelligence (AI) have achieved
significant advances across tasks such as transla-
tion, summarization, and question answering. In
recent years, Large Language Models (LLMs) have
emerged as a transformative force, demonstrat-
ing strong generalization, reasoning, and interac-
tion capabilities. Beyond text generation, LLMs
are increasingly being deployed as autonomous
agents capable of decision-making and collabora-
tion in real-world systems. A promising exam-
ple of this shift is the Al hospital: a multi-agent
simulation framework in which LLMs act as di-
verse clinical agents—doctors, nurses, patients, re-
searchers—within simulated hospital environments.
These systems go beyond static benchmark eval-
uation by enabling dynamic, interdisciplinary as-
sessments of agent behavior in clinical decision-
making, education, mental health support, and col-
laborative research. Despite growing interest, re-
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Figure 1: Overview of the LLM-based multi-agent Al
Hospital. Figure 2 & 3 present the taxonomy of core
components and applications. Table 2 and 3 in the ap-
pendix outline the key challenges and future directions.

search on Al hospitals remains fragmented. Ex-
isting studies often focus on isolated multi-agent
applications, lacking a unifying framework to con-
nect them. To date, no prior survey has systemat-
ically examined these efforts through the lens of
Al hospitals, nor analyzed their core components,
applications, and open challenges.

This survey addresses this gap by organizing 70+
recent studies into a structured taxonomy across
three dimensions: 1) Core Components: Ana-
lyzing the fundamental elements of Al hospitals,
including agent roles, interaction patterns, tool
integration, memory management, and reasoning
mechanisms. 2) Applications: Investigating how
Al hospitals contribute to simulating specific med-
ical scenarios, solving complex tasks, evaluating
agents, and generating synthetic data for training
medical Al systems. 3) Key Challenges & Future
Directions. By providing a cohesive framework,
this work aims to strengthen collaboration between
NLP and healthcare communities and to recontex-
tualize LLMs as agents within real-world systems.



2 Core Components

2.1 Agent Roles

Patient-Centered Agents are designed to sim-
ulate patients with different demographic back-
grounds, health conditions, and communication
abilities. Patient Agent supports various appli-
cations in Al hospitals, such as clinical training,
patient education, and medical history collection.
Many works (Bao et al., 2024; Wang et al., 2023a)
focus on enhancing the realism of patient agents.
Recent studies (Du et al., 2024; Li et al., 2024d; Yu
et al., 2024; Liu et al., 2025) also leverage evolu-
tionary learning, fine-tuning techniques, Chain-of-
Thought (CoT), and Retrieval-Augmented Genera-
tion (RAG) to enhance patient agents’ consistency,
realism, and role-playing stability while reduc-
ing hallucinations. Psychological Patient Agent
(PPA) simulates mental health conditions for Al-
driven treatment training (Wang et al., 2024b; Wei
et al., 2024a). Unlike general patient agents, PPAs
must replicate mood changes, cognitive distortions,
and treatment resistance, with studies focusing on
authenticity through expert-guided prompt engi-
neering (Louie et al., 2024), structured cognitive
modeling (Wang et al., 2024d), and simulations fos-
tering adaptive communication (Chen et al., 2023b).
Resident Agents model general populations transi-
tioning into patient agents when ill, autonomously
navigating healthcare processes while also support-
ing public health simulations and epidemiologi-
cal modeling by incorporating disease progression,
healthcare-seeking behavior, and policy interven-
tions (Li et al., 2024b; Williams et al., 2023).

Medical Professional Agents can perform tasks
such as patient consultation, medical history col-
lection, clinical reasoning, diagnostic decision-
making, emotional support, care coordination, and
auxiliary examinations. General Doctor Agent
, often called primary care physician (PCP), per-
forms initial patient assessments and oversees
the diagnostic process. Several studies have ex-
plored various aspects of these agents, including
their questioning strategies (Liu et al., 2025), au-
tonomous learning for diagnostic optimization (Du
et al., 2024), reasoning in clinical conversa-
tions (Johri et al., 2023), adaptive multi-agent col-
laboration (Kim et al., 2024), the role of PCP in di-
agnosis (Wang et al., 2024a), and their integration
into Al hospital environments (Fan et al., 2024).
Specialist Agent represents domain-specific medi-
cal experts such as cardiologists, radiologists, and

Task-Focused Collaboration

Expert-Guided Decision-Making

Medical Student &

Medical Examiner

Iterative Problem Optimization

Auaneg
J

SUaBy parajua)

—(Aulomated Knowledge Integration]

Role-Based Coordination

§ 2.2 Interaction Patterns

Multi-Round Interactive Debate

Retrieval Systems

Knowledge Graphs

[s]uoﬁv [BUOISSDJOI [EIIPIN ]
|

Medical Decision Trees

Smart Devices & Sensor Data
Goal-Driven
Reasoning

S3[0Y WIBY 1T §

LLM-as-KB

Multi-Modality Processing

§ 2.3 Tool Integration

Computational Reasoning

[smoﬁv Somuweay 1y ]

Other Tools for Clinical
Decision Support

Other Tools for
Biomedical Research

[
( Al Hospital Core Components Taxonomy]
1

PASISSY-TY

Internal Memory

SIuadY yoreasay

Long-Term Memory

External Memory

Dynamic
Updatin

Short-Term Memory
Multi-Agent Shared
‘Working Memory

Figure 2: Taxonomy of Al hospital core components.

External Feedback
Self Feedback

Swsiueyoay Suroseay 6T §
§ 2.4 Memory Management

hematologists, for handling complex cases and con-
tributing expert knowledge to diagnostic and treat-
ment decision-making. Specialist agents require
high-precision reasoning, deep medical expertise,
and the ability to collaborate effectively in multi-
disciplinary team (MDT). Many works (Chen et al.,
2024e; Kim et al., 2024) highlight the benefits of
structured expertise, domain-specific knowledge,
and coordinated decision-making in the AI Hos-
pital. Therapist Agent provides emotional sup-
port, psychological intervention and psychother-
apy (Wang et al., 2024b; Qiu and Lan, 2024; Chen
et al., 2023b). Nurse Agent facilitates triage, basic
care and patient coordination (Bao et al., 2024; Li
et al., 2024b). Medical Technician Agents aid
diagnostic procedures, ensuring accurate test re-
sults (Schmidgall et al., 2024b). Medical students
& Examiner agent Simulate clinical training to
improve medical history collection and diagnostic
skills (Li et al., 2024d; Yao et al., 2024b).

Medical AI Teamwork Agents collaborate to
tackle complex Al hospital tasks beyond a single
agent’s capacity. They handle information extrac-
tion, reasoning, and decision-making in disease
analysis, diagnosis, patient triage, medical plan-
ning, and final decisions. Goal-Driven Reason-
ing Agent coordinates multi-step reasoning using



structured pipelines, dual-agent frameworks, and
symbolic reasoning (Yu et al., 2024; Hong et al.,
2024; Shi et al., 2024b). Clinical Judge Agent en-
sures Al-driven diagnoses meet accuracy, effective-
ness, and guideline adherence (Johri et al., 2023;
Yue et al., 2024a). Critic Agent refines reasoning,
mitigates biases, and enhances reliability through
structured feedback (Ke et al., 2024; Hong et al.,
2024). Planning Agent decomposes tasks, opti-
mizes workflows, and improves triage and struc-
tured conversations (Yue et al., 2024a; Shi et al.,
2024a). Decision Agent mediates conflicting as-
sessments and synthesizes insights for coherent,
evidence-based diagnoses (Tang et al., 2023; Wang
etal., 2024g). Recording Agent logs key medical
insights (Ke et al., 2024; Yu et al., 2024).
Al-Assisted Research Agents optimize new
knowledge discovery, research support, and sci-
entific review. Research Planning Agent plays
a crucial role in structuring research tasks and en-
suring efficient problem decomposition in complex
domains, leveraging hierarchical decision-making
and adaptive optimization to refine research strate-
gies and enhance scientific impact (Swanson et al.,
2024; Xiao et al., 2024). Research Executor
Agent facilitates clinical research by assisting in
hypothesis testing, statistical analysis, and exper-
iment interpretation, leveraging domain-specific
expertise to optimize research workflows and min-
imize execution failures (Swanson et al., 2024;
Xiao et al., 2024). Scientific Critic Agent is re-
sponsible for assessing the quality and validity of
Al-generated solutions, ensuring reliable decision-
making in research and clinical settings(Xiao et al.,
2024). Database Agent is designed to retrieve,
manage, and integrate medical information for im-
proved decision-making (Shi et al., 2024b).

2.2 Interaction Patterns

Al Hospital employs different interaction patterns
to enhance efficiency, reliability, and decision-
making. Task-Focused Collaboration decom-
poses complex medical tasks into structured sub-
tasks for efficiency and consistency. Modular archi-
tectures follow predefined workflows to accomplish
tasks, such as the ERRG workflow (Extract, Re-
trieve, Rewrite, Generate) (Li et al., 2024d). Multi-
agent systems like AlPatient(Yu et al., 2024), Clin-
icalAgent (Yue et al., 2024a), and EHRAgent (Shi
et al., 2024b) assign roles and execute tasks se-
quentially to enhance reasoning and decision-
making. Expert-Guided Decision-Making en-

sures Al-driven medical decisions are clinically
reliable. Multiple studies (Du et al., 2024; Chen
et al., 2024e; Kim et al., 2024; Tang et al., 2023)
emphasize expert integration in decision-making,
research, and medical education, ensuring domain
expertise and consensus validation. Iterative Prob-
lem Optimization (IPO) refines problem-solving
through feedback loops. Al agents iteratively adjust
queries (Yu et al., 2024), refine diagnostic interac-
tions via conversational and reflection-based correc-
tions (Du et al., 2024; Bao et al., 2024), and critique
each other’s reasoning (Tang et al., 2023). Program-
ming agents iteratively enhance code accuracy (Shi
et al., 2024b). Automated Knowledge Integra-
tion (AKI) merges diverse medical knowledge and
patient data for accurate, context-aware decision-
making. Techniques include knowledge-enhanced
retrieval (Shi et al., 2024a), memory-based inte-
gration (Liao et al., 2024), and Directed Acyclic
Graph (DAG)-based structuring (Du et al., 2024).
Multi-modal approaches combine structured and
unstructured EHR data, sensor inputs, and medical
evidence (Yang et al., 2024a), while team-based
models apply adaptive fusion (Wang et al., 2024a),
confidence validation (Lu et al., 2024), and struc-
tured reasoning (Hong et al., 2024). Role-based
Coordination assigns Al agents specific roles (e.g.,
physicians, therapists, or patients) to simulate med-
ical interactions and enhance diagnosis, training,
and decision-making (Du et al., 2024; Wang et al.,
2024b; Qiu and Lan, 2024). Multi-disciplinary Al
teams integrate specialists’ insights into compre-
hensive diagnoses (Wang et al., 2024g; Chen et al.,
2024e). Systems like AgentClinic (Schmidgall
et al., 2024b) and Agent Hospital (Li et al., 2024b)
expand role-based Al applications to triage, recep-
tion, and follow-ups. Multi-Round Interactive
Debate fosters structured discussions where Al
agents critique, resolve disagreements, and refine
conclusions (Fan et al., 2024; Li et al., 2023b; Kim
et al., 2024). Approaches employ voting (Tang
et al., 2023), debate strategies (Smit et al., 2023),
and confidence-based stopping (Lu et al., 2024).
Al-driven research teams apply debate mechanisms
to synthesize findings (Swanson et al., 2024).

2.3 Tool Integration

In AT hospitals, agents use diverse tools to enhance
efficiency and accuracy. For example, Retrieval
systems ensure rapid access to medical knowl-
edge by dynamically retrieving patient records and
evidence-based guidelines, aiding both patient and



doctor agents in contextual reasoning (Du et al.,
2024; Kim et al., 2024). Knowledge graphs struc-
ture medical knowledge into interconnected net-
works, enabling Al systems to navigate relation-
ships between symptoms, treatments, and med-
ical histories for informed decision support (Li
et al., 2024d; Yu et al., 2024; Chen et al., 2024e).
Medical decision trees provide structured diag-
nostic pathways, ensuring Al-driven recommen-
dations align with established clinical guidelines
and expert knowledge (Yang et al., 2024a; Li
et al., 2023a). LLM-as-KB transforms LLMs
into dynamic knowledge repositories, allowing
Al to synthesize medical insights beyond static
databases (Yue et al., 2024a; Frisoni et al., 2024).
Smart devices and sensor data integration facil-
itate real-time health monitoring, merging wear-
able data with EHR insights to enhance predic-
tive analytics and personalized care (Yang et al.,
2024a; Abbasian et al., 2023). Multi-modality
processing tools enable Al hospitals to integrate
textual, visual, and sensor data, improving tasks
such as radiology interpretation and decision tree-
based diagnostics (Li et al., 2024d; Yang et al.,
2024a; Li et al., 2024a). Computational reason-
ing tools equip Al with logical inference and code
execution capabilities, supporting automated clini-
cal research and data-driven modeling (Wang et al.,
2024f; Hong et al., 2024). Finally, some other clin-
ical decision support tools optimize diagnostic
accuracy by leveraging external APIs, existing pre-
dictive models/systems, and structured reporting
systems (Wang et al., 2024a; Li et al., 2024a). And
some other biomedical research tools accelerate
drug discovery and genomic analysis, enabling Al-
powered advancements in computational biology
and molecular medicine (Swanson et al., 2024; Jin
et al., 2023; Liu et al., 2024).

2.4 Memory Management

Al Hospital leverages structured memory manage-
ment for adaptive learning and decision-making.

Long-Term Memory (LTM) retains knowledge
across sessions, integrating internal model updates
and external databases for enhanced reasoning. In-
ternal Memory embedded in the model parameters
serves as a foundational knowledge repository for
the agent to support zero-shot and few-shot tasks.
For example, Li et al. (2024d) leverages the in-
herent common-sense knowledge within LLMs to
supplement missing information in clinical case
graphs, ensuring the generation of plausible at-

tributes based on pre-existing knowledge. Wang
et al. (2024e) integrates internal memory by fine-
tuning ChatGPT with real patient clinical records,
resulting in more accurate adverse event and drug
predictions. External Memory supplements Al
hospital systems with structured knowledge from
databases, knowledge graphs, and retrieval sys-
tems while enabling real-time adaptation. Static
Storage maintains long-term, structured knowl-
edge, such as NIH resources for disease-specific
agents (Wang et al., 2024a), CCD for patient his-
tory (Wang et al., 2024d), and structured ESI manu-
als (Lu et al., 2024). Medical knowledge databases,
textbooks, and diagnostic guidelines serve as stable
references (Yang et al., 2024a; Shi et al., 2024a;
Yue et al., 2024b), while drug knowledge graphs
and clinical trial registries support evidence-based
decision-making (Chen et al., 2024e; Yue et al.,
2024a; Liu et al., 2024). Dynamic Updating in-
tegrates real-time knowledge via retrieval systems
and APIs, refining Al behavior with expert feed-
back (Louie et al., 2024), synchronizing clinical
guidelines (Yang et al., 2024a), and leveraging
PubMed or GitHub updates (Wang et al., 2024f).
Additionally, long-term memory enhances task ex-
ecution by retrieving past cases (Shi et al., 2024b;
Schmidgall et al., 2024b; Bao et al., 2024), preserv-
ing user preferences like recurring health concerns
for personalized responses.

Short-Term Memory (STM) and Multi-Agent
Shared Working Memory (WM) serve comple-
mentary roles in Al hospitals and medical dialogue
systems, ensuring context retention, reasoning con-
sistency, and collaborative decision-making. STM
is a temporary, agent-specific memory that main-
tains coherence during task execution but is cleared
afterward (Liu et al., 2025). Medical dialogue sys-
tems use dialogue history, entity extraction, or sum-
maries to mitigate forgetfulness and enhance rea-
soning. In contrast, WM is a globally shared mem-
ory facilitating knowledge synchronization, feed-
back integration, and structured reasoning across
agents. It supports dynamic inference buffers, exe-
cution trace retention, and cross-agent coordination.
For instance, Lu et al. (2024) updates summary
reports for diagnostic consistency, while Hong
et al. (2024) structures symbolic inference steps.
WM also optimizes iterative decision-making (Kim
etal., 2024; Xiao et al., 2024), reducing redundancy
by storing shared task outcomes (Xiao et al., 2024).
Feedback integration enhances refinement, as seen
in expert voting (Tang et al., 2023), meta-doctor



consolidation (Wang et al., 2024g), and structured
critique cycles (Swanson et al., 2024).

2.5 Reasoning Mechanisms

Direct: derives conclusions through structured
logic without external feedback. Single-path fol-
lows a linear progression, where each step builds
on the previous one, as seen in ERRG (Li et al.,
2024d), cognitive conceptualization maps (Wang
et al., 2024d), ClientCAST (Wang et al., 2024b),
and medical diagnostic frameworks like MDA-
gents (Kim et al., 2024) and expert systems (Yan
et al., 2024). CoT-based approaches include Agent-
Clinic (Schmidgall et al., 2024b), Al nurse simula-
tors (Bao et al., 2024), CoT-driven coding (Wang
et al., 2024f), least-to-most reasoning in clin-
ical agents (Yue et al., 2024a), and Chain-of-
Diagnosis models (Chen et al., 2024d). Multi-path
enables parallel inference for flexible decision-
making, integrating multi-agent systems like
EvoPatient (Du et al., 2024), RareAgents (Chen
et al., 2024e), MDAgents (Kim et al., 2024), and
MedAgents (Tang et al., 2023). Other methods
leverage multi-agent collaboration (Wang et al.,
2024¢g), expert self-consistency (Li et al., 2024c¢),
and symbolic reasoning (Wang et al., 2024a; Hong
et al., 2024). Additionally, LLM planners (Liu
et al., 2024) generate parallel solutions before val-
idation, while simulated medical research meet-
ings (Swanson et al., 2024) synthesize discussions
into optimal decisions.

Feedback-Based: adjusts reasoning by integrat-
ing feedback to refine. External Feedback en-
hances Al agents by incorporating real-time data,
expert input, and structured resources, enabling
agents to refine their understanding through inter-
actions and external tools (Chen et al., 2024d; Johri
et al., 2023). Medical consultation systems iter-
atively update diagnoses through patient interac-
tions, while decision-making agents query external
resources like Phenomizer and DrugBank for real-
time clinical knowledge (Li et al., 2024c). Self
Feedback enables Al agents to refine reasoning in-
ternally by evaluating logic, correcting inconsisten-
cies, and iteratively improving outputs (Louie et al.,
2024; Yu et al., 2024). Reflection-based techniques
such as Reflection CoT and self-play mechanisms
further enhance Al models by structuring error
analysis and collaborative discussions (Schmidgall
et al., 2024b). Applications extend to code genera-
tion, drug discovery, medical research, and medical
exam question generation (Wang et al., 2024f).

3 Applications

3.1 Simulating Specific Scenarios

Clinical Workflow Simulation employs multi-
agent to model patient care, from consultation to
diagnosis. Some works simulate the full consulta-
tion workflow, where patient, doctor, and evaluator
agents interact. Liu et al. (2025) segmented con-
sultations into four stages and identifies the weak-
est stage as the limiting factor, akin to Liebig’s
law. Johri et al. (2023) proposed CRAFT-MD, us-
ing doctor agents interacting with structured pa-
tient agents and an automatic grading system. Li
et al. (2024c) developed MEDIQ, integrating ab-
stention strategies, rationale generation, and self-
consistency to refine diagnosis. Fan et al. (2024) in-
troduced Al Hospital, where doctor agents engage
in multi-round discussions, mediated by a Cen-
tral Agent to resolve disagreements. Schmidgall
et al. (2024b) presented AgentClinic, a multimodal
benchmark incorporating cognitive biases and in-
complete information to evaluate LLM-based doc-
tor agents. Another direction expands simulations
beyond consultation to the entire patient journey.
Bao et al. (2024) developed PIORS, an outpatient
reception system using a Service Flow-aware Med-
ical Scenario Simulation framework to enhance
department recommendations. Li et al. (2024b) pro-
posed Agent Hospital, a fully autonomous system
covering disease onset to recovery. Its MedAgent-
Zero framework enables doctor agents to refine
their diagnostic accuracy via case-based learning
and RAG, mirroring real-world physicians’ itera-
tive knowledge refinement and boosting medical
evaluation performance. Given the communication-
centric nature of mental health care, a large body
of work also focuses on Psychological Counsel-
ing and Mental Health Interaction, which can
be viewed as a specialized form here. Exam-
ples include Roleplay-doh (Louie et al., 2024),
which turns expert feedback into behavior rules;
PATIENT-V (Wang et al., 2024d), which incor-
porates CBT principles; and Chen et al. (2023b),
which aligns interactions with DSM-5 criteria.

Multi-Disciplinary Medical Team Simulation
replicates real-world medical teams’ collaborative
processes, optimizing communication, informa-
tion sharing, and decision-making for complex
clinical scenarios. For rare disease, Chen et al.
(2024e) introduced RareAgents, where a patient
agent presents symptoms, an attending physician
agent assembles an MDT, and specialists iteratively
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refine diagnoses using dynamic memory and medi-
cal toolkits. Similarly, Kim et al. (2024) proposed
MDAgents, employing a hierarchical collaboration
strategy where a single doctor handles simple cases,
while MDTs, moderated by an external knowledge-
integrating agent, address complex ones. Tang
et al. (2023) introduced MEDAGENTS, structur-
ing MDT collaboration into four phases—expert
recruitment, independent analysis, collaborative
consultation, and final decision-making—to en-
hance reasoning without training. In EHR model-
ing, Wang et al. (2024g) proposed ColaCare, where
DoctorAgent processes structured EHR data with
medical guidelines, while MetaAgent refines clini-
cal decisions through iterative assessments, improv-
ing predictive modeling by integrating numerical
predictions with textual reasoning.

Simulated Patients for Medical Education im-
prove student training in communication, clinical
reasoning, and diagnosis within a controlled setting.
Advances in LLM-driven simulations enhance fi-
delity and interactivity. Du et al. (2024) introduced
EvoPatient, a multi-agent framework where doctor-
patient agents iteratively co-evolve using RAG and
personality traits. Wei et al. (2024a) proposed
MEDCO, integrating structured training, interdisci-
plinary collaboration, and multimodal inputs with
memory and peer discussion modules. For assess-
ment, Mehandru et al. (2024) proposed AI-SCE for
process-focused training, while Yao et al. (2024b)
introduced MedQA-CS with simulated student in-
teractions and structured evaluations.

Other Medical Process Optimization and Cross-
Disciplinary Simulation Al-driven methodolo-
gies have been explored for optimizing medical
processes and enabling cross-disciplinary simula-
tions. Swanson et al. (2024) introduced a multi-
agent "Virtual Lab," where LLM-powered agents

(e.g., principal investigator, biologist, scientific
critic) collaborate using biomedical tools like ESM
and AlphaFold-Multimer to design nanobody treat-
ments for SARS-CoV-2 variants, showcasing AI’s
potential in accelerating interdisciplinary research.
Similarly, Williams et al. (2023) proposed a gener-
ative Al-enhanced epidemic modeling platform,
where LLM-driven agents autonomously assess
health status and public health data to simulate
pandemic dynamics, improving traditional agent-
based modeling. These works demonstrate Al’s
role in advancing scientific discovery and public
health modeling through intelligent agent-based
decision-making.

3.2 Solving Complex Tasks

Many Al Hospital works leverage multi-agent
frameworks to enhance diagnosis, triage, research,
and discovery in dynamic clinical settings.
Clinical Decision-Making: Al hospitals improve
diagnostic accuracy and transparency, especially
for rare or complex diseases. Systems like
RareAgents (Chen et al., 2024e), MMedAgent (Li
et al., 2024a), and DrHouse (Yang et al., 2024a)
integrate tools, memory, and retrieval for consis-
tent, multimodal reasoning. Others focus on in-
terpretability: DiagnosisGPT (Chen et al., 2024d),
ArgMed-Agents (Hong et al., 2024), and MedA-
gents (Tang et al., 2023) use structured reasoning
or argumentation to reduce bias and enhance trust.
Triage and Clinical Trials: Agent-based systems
like TriageAgent (Lu et al., 2024), PIORS (Bao
et al., 2024), and ClinicalAgent (Yue et al., 2024a)
improve emergency triage, outpatient routing, and
trial matching using guideline-based retrieval and
reasoning strategies.

Knowledge-Intensive Workflows: Al agents sup-
port data science tasks such as EHR analysis (Shi
et al., 2024b), code generation (Wang et al., 2024f),
fact-checking (Yue et al., 2024b), and question gen-
eration (Yao et al., 2024a), streamlining clinical
research.

Scientific Discovery: Multi-agent labs like Virtual-
Lab (Swanson et al., 2024), CellAgent (Xiao et al.,
2024), and DrugAgent (Liu et al., 2024) automate
biomedical discovery, integrating reasoning agents
with domain tools to accelerate hypothesis genera-
tion, molecular analysis, and drug development.

3.3 Evaluating Agents

Al hospital evaluations are shifting from static
benchmarks to interactive, multi-agent simulations



that capture real-time reasoning, collaboration, and
patient engagement (Johri et al., 2023; Schmidgall
et al., 2024b; Li et al., 2024¢). Recent work em-
phasizes state-aware evaluation, using patient sim-
ulators like SAPS (Liao et al., 2024) and role-
play settings (Louie et al., 2024; Wang et al.,
2024b) to test an agent’s adaptability and coher-
ence across turns. Multi-agent frameworks such as
Al Hospital (Fan et al., 2024) and ClinicalLab (Yan
et al., 2024) assess inter-agent collaboration, dis-
pute resolution, and cross-department knowledge
exchange. Multimodal evaluation is also gaining
traction: MMedAgent (Li et al., 2024a) combines
imaging and text-based reasoning, while others as-
sess tool-assisted clinical calculations (Khandekar
et al., 2024). Finally, OSCE-style benchmarks like
MedQA-CS (Yao et al., 2024b), OSCEBot (Pereira
et al., 2023), and AI-SCE (Mehandru et al., 2024)
offer comprehensive, scenario-based evaluations of
real-world clinical skills.

3.4 Synthesizing Data for Training

Synthetic data generation in Al hospitals supports
realistic, privacy-preserving training for medical
LLMs. Multi-agent co-evolution frameworks (Du
et al., 2024; Li et al., 2024b) simulate diagnostic
dialogues, refine agent reasoning, and improve gen-
eralization to benchmarks. NoteChat (Wang et al.,
2023a) transforms clinical notes into role-played,
polished conversations via planning, simulation,
and feedback. AMIE (Tu et al., 2024) uses self-
play and auto-feedback to enhance history-taking
and reasoning. These methods reduce annotation
costs while maintaining clinical validity, enabling
scalable training for downstream applications.

4 Key Challenges & Future Directions

'Agent Roles Recontextualizing NLP models as
clinical agents demands role-consistent behaviors
reflecting real-world complexity. Doctor agents
must demonstrate diverse diagnostic reasoning,
clinical decision-making, and personalized com-
munication styles, while patient agents require nu-
anced disclosure of medical histories influenced
by social determinants of health. Techniques like
memory modules, inverse reinforcement learning,
and dynamic knowledge graphs will be essential
to capture these complexities. A critical interdisci-
plinary challenge is integrating social, psychologi-

"Due to space limitations, we include detailed discussions
and Table 2 and 3 for this section in Appendix A.

cal, and behavioral theories into NLP frameworks,
enhancing realism, fairness, and patient diversity
in clinical simulations.

Interaction Patterns The design of interaction pat-
terns in multi-agent healthcare remains challenging,
particularly regarding meaningful human participa-
tion. Current studies typically limit human roles
to evaluation, rather than interactive partners, re-
stricting NLP’s practical impact. A key direction
is exploring hybrid human-AlI interaction models,
clearly distinguishing human contributions from au-
tonomous agent behaviors. Techniques from fields
such as game theory, human-computer interaction,
and cognitive science could enrich NLP’s methods
for modeling realistic and beneficial human-agent
collaboration.

Tool Integration While current works integrate
diverse tools, systematic evaluation frameworks
remain underdeveloped, limiting assessment of
their true interdisciplinary impact. Future research
should move beyond static NLP benchmarks, lever-
aging Al hospital ecosystems as dynamic environ-
ments to rigorously evaluate how well integrated
tools improve real clinical workflows and outcomes.
Interdisciplinary validation frameworks must as-
sess tools’ contributions to patient safety, decision
quality, and healthcare accessibility.

Memory Management remains critical for in-
tegrating NLP within longitudinal patient care.
While current models rely on static EHRs and
retrieval-augmented generation, accurately captur-
ing temporal disease progression and dynamic pa-
tient profiles requires advanced interdisciplinary so-
lutions. Temporal knowledge graphs and dynamic
memory retrieval methods should be explored to
align NLP outputs with patient comprehension lev-
els, enabling more personalized, adaptive, and clin-
ically relevant interactions.

Reasoning Mechanisms Most NLP reasoning ap-
proaches remain limited to single-path inference,
insufficient for complex, uncertain clinical scenar-
ios. Future research should integrate adaptive rea-
soning frameworks combining single-path, multi-
hop, and probabilistic approaches, leveraging in-
sights from clinical reasoning literature. Bayesian
inference, Markov Decision Processes (MDPs),
and decision-theoretic methods from cognitive sci-
ence and medicine could enhance NLP agents’ abil-
ity to handle clinical uncertainty, improve safety,
and support rigorous interdisciplinary evaluations
of clinical reasoning.

Simulating Specific Scenario & Solving Com-



plex Tasks Al hospital simulations must address
challenges in modeling realistic clinical scenar-
ios extending beyond acute patient visits, includ-
ing chronic disease management and public health
emergencies. Interdisciplinary NLP research must
incorporate socio-behavioral dynamics and broader
environmental contexts to accurately represent real-
world complexity. Ensuring robustness in multi-
agent architectures also requires addressing tech-
nical bottlenecks such as hallucinations, biases,
and computational scalability. Enhanced error-
handling, uncertainty quantification, and human
expert oversight are critical for meaningful inter-
disciplinary deployment in healthcare.

Evaluating Agents Evaluating NLP-driven clinical
agents requires shifting from accuracy-focused met-
rics toward interdisciplinary frameworks aligning
with real-world medical practice. Future evalua-
tions should incorporate measures reflecting clin-
ical utility, usability, patient-centered outcomes,
and cost-effectiveness, leveraging feedback loops
involving clinicians and patients. Balancing infer-
ence efficiency and resource costs, as well as inte-
grating medical-specific domain knowledge with
general-purpose LLM capabilities, represents an
interdisciplinary evaluation challenge critical to im-
pactful real-world deployment.

Synthesizing Data for Training Synthesizing re-
alistic, unbiased, and privacy-compliant data re-
mains challenging for training NLP-driven medical
agents. While reinforcement learning and self-play
approaches offer promise, applying them in clin-
ical contexts faces limitations from data scarcity
and ethical concerns. Future interdisciplinary di-
rections include dynamic synthetic data generation
through multi-agent collaboration, multimodal in-
tegration, and fairness-driven evaluation metrics.
Interdisciplinary collaboration involving domain
experts, ethicists, and clinicians is essential for gen-
erating synthetic data capable of reliably informing
real-world clinical practice.

Governance, Ethics, and the Roles of AI Re-
searchers and Medical Practitioners The deploy-
ment of Al hospital systems introduces significant
governance and ethical challenges related to trans-
parency, responsibility allocation, security, and eq-
uitable healthcare access. As these systems increas-
ingly influence medical decision-making, establish-
ing clear accountability frameworks for errors or
adverse outcomes becomes critical. In particular,
implicit biases in resource allocation—reflected in
training data or agent behavior—may exacerbate

social inequalities if left unaddressed. A robust
governance framework must ensure compliance
with ethical standards, protect patient privacy, and
support interdisciplinary oversight.

Transparent version control and model evolu-
tion tracking are necessary to monitor changes in
behavior, mitigate unintended consequences, and
ensure reproducibility across deployments. Ad-
dressing these challenges will require collaboration
among NLP researchers, clinicians, ethicists, and
policymakers, as well as international cooperation
to establish consistent norms and regulations.

From the perspective of AI&NLP researchers, a
key challenge lies in fully leveraging the Al hospi-
tal as a testbed to iteratively address the technical,
behavioral, and evaluation challenges discussed
throughout Section 4. This includes simulating
failures, validating safety interventions, and align-
ing agent behaviors with domain expectations—not
only for technical excellence but for responsible
impact For medical practitioners, the challenge is
to integrate Al systems into clinical practice in a
way that improves equity and efficiency without
increasing burden or disrupting workflows. Al hos-
pitals must be designed not to replace, but to assist
human judgment—enhancing clinician decision-
making through trustworthy collaboration. This
requires deep involvement of healthcare profession-
als throughout the system design and testing pro-
cess. By embedding clinical expertise into develop-
ment, Al hospitals can be grounded in real-world
needs, bridging the gap between language-based Al
systems and practical, ethical medical applications.

5 Conclusion

As large language models increasingly take on
agentic roles, Al hospitals provide a compelling
framework for reimagining NLP in complex, high-
stakes domains like healthcare. By simulating
multi-agent clinical workflows and enabling dy-
namic, role-based evaluation, these systems move
beyond static benchmarks—offering new ways to
assess reasoning, collaboration, and safety in real-
world contexts. More broadly, Al hospitals illus-
trate how recontextualizing NLP systems within in-
terdisciplinary environments can surface both lim-
itations and opportunities. They challenge us to
bridge linguistic modeling with clinical reasoning,
decision-making under uncertainty, and societal
considerations such as fairness, trust, and impact.



6 Limitations

Due to space constraints, we can only provide a
concise summary of each method rather than an
exhaustive technical discussion. Even though we
have included a more detailed discussion in the ap-
pendix, readers may still need to refer to original pa-
pers and code repositories for full implementation
details. Our literature review mainly covers *ACL,
NeurIPS, ICLR, ICML, AAALI, select medical jour-
nals, and preprints (arXiv, medRxiv, bioRxiv), so
some relevant work may be overlooked. Given the
field’s rapid evolution, we remain committed to
updating our perspectives and incorporating new
advancements.
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Key Challenges

Future Research Directions

§4 Profile/Roles

1. Role Consistency: Ensuring that doctor and pauent agents exhibit hehavmr consistent wnh their roles
across different contexts, such as doctors diverse di: styles and decisi aking ap-
proaches, while patients d ically adjust their i ion di strategies based on consultation
stages.

2. Information A y real-world information asymmetry, where patients may
selectively disclose information due to privacy or psychological factors, while doctors must make decisions
with limited information.

3. Inverse Reinforcement Learning (IRL) for Patient Decisi g: Real patients’ behaviors are not
driven by fixed reward functions. Using IRL to learn patient decision patterns (e.g., healthcare-seeking
timing, treatment adherence) can enhance patient agent realism.

Mak

1. Enhancing Role-Playing and Personalization Techniques: Utilizing short-term memory modules, interview-
driven personality modeling, and expert feedback optimization to make agent behavior more aligned with real-
world medical scenarios.

2. Modeling Patient Behavior with Uncertainty: Introducing behavior patterns like avoidance of negative dia-
gnoses and risk perception adjustments to better simulate patient decision-making using heuristic methods

and utility functions.

3. Using IRL to Improve Patient Agent Realism: Learning real patients’ decision trajectories to enable Al age-
nts to better simulate patient decision-making across different contexts, thereby improving medical simulations.

4. Building More Representative Patient Agents: Incorporating fdc,lon ;uc.h as SDOH to ensure Al hospital

4. Patient Population Diversity: Current patient agents may be overly hnmogeneous Integrating social de- systems. ly reflect the of diverse p ! in medical
terminants of health (SDOH), such as housing, ic status, and can enhance training and patient education.
diversity, ensuring system fairness and generalizability.
§ 4 Interaction Patterns
1. Incorporating Human ion for E and E E real humans in Al hospital

1. Defining Human Roles: Current Al hospital systems primarily view AT agents as assistive tools, without
clarifying whether humans should act as observers, active participants, or even replace certain Al agent
functions.

2. Strategic Decision-Making and Information Uncertainty Modeling: Existing interaction models rely
mainly on end-to-end LLM predictions, lacking explicit ical modeling, making it difficult to capture
inherent information asymmetry in medical scenarios.

3. Collaboration and Competition Among Multi-Agent Systems: Long-term interactions between LLM
agents remain underexplored. Doctor and patient agents may have competitive relationships in certain tasks
(zero-sum games) but are mostly cooperative (cooperative games).

4. Modeling Medical Uncertainty: Both patient and doctor agents may lack complete information during
diagnosis. Optimizing interaction strategies in highly uncertain environments remains a challenge.

systems to explore the differentiation between Al agents and humans (Turing-like tests) and assess optimal human-
Al collaboration models.

2. Optimizing AT Agent Interaction via Game Theory: Using methods such as Stackelberg games, Bayesian
games, and informational games to model AI hospital systems, king under i

asymmetry.

3. Enhancing Long-Term Evolution Mechanisms Among AI Agents: Applying evolutionary game theory to
optimize strategies over time, such as patient agents learning effective symptom disclosure and doctor agents
refining diagnostic questioning techniques.

4. Using Bayesian Inference to Improve Medical D g: D ping Bayesian d diagnos-
tic strategies that allow doctor agents to opumlze que:uomng methods under uncertainty, while patient agents

12

ision-Makil P

y adjust resp based on p P Ip realism and medical education value.
§ 4 Tools
1. Dynamic Tool Integration and Adaptive Optimization: Exploring how AT hospital system tools can dynami-
1. Static Integration of Tools: Current Al hospital systems treat tools as static components, lacking system- cally adapt to different tasks and contexts rather than being statically invoked, enhancing applicability in complex
atic evaluation methods to assess their actual i in medical envi medical decision-making.
2. Uncertainty in Tool Effectiveness: For instance, LLM-as-KB has shown superiority over RAG . Validating Tool P in Real Medical Tasks: Moving beyond traditional benchmarks to establish eva-

in specific benchmarks, but its advantages in real-world medical applications remain unclear.
3. Lack of Real-World Impact-Based Evaluation Frameworks: Existing tool evaluations rely primarily on
standardized quantitative metrics, whereas clinical applications should assess tools based on their impact on
agent interactions and patient health outcomes.

luation frameworks specific to Al hospital systems, measuring tool effectiveness in supporting doctor decision-
making and improving patient education.

3. Analyzing the Impact of Tools on Agent
metrics to assess how tools influence doct
overall decision-making quality.

: D novel
information accuracy, and

and Medical O
patient agent i ici

§ 4 Memory
1. Limitations of Static EHR: Current methods treat EHRs as static knowledge bases, neglecting the temp- 1. Time-Series Health Data Modeling: Constructing temporal graphs to encode patient history, medication usage,
oral dependencies of disease progression, making it difficult to reflect patients’ long-term health conditions and consultation records, enabling LLM agents to identify key disease progression points and optimize medical
comprehensively. interactions.
2. Insufficient Dynamic Memory Access Mechanisms: Existing memory modules lack effective triggering 2. Intelligent Memory Access Optimization: Introducing adjustable access control mechanisms, such as health
mechanisms, making it difficult to dynamically adjust information storage and retrieval based on patient hea- literacy-based reading difficulty detection, ensuring that patient agents receive medical information at an
Ith literacy or behavioral feedback. appropriate comprehension level.
3. Lack of Patient Behavior Modeling: Current systems fail to simulate long-term patient health behavior 3. Behavioral Adaptive Memory Modules: Leveraging habit-forming models to simulate patients transitioning
changes, such as how treatment adherence evolves in chronic disease management, making it challenging for from doctor to health allowing AT agents to provide personalized medical
doctor agents to adapt their interaction strategies. support at different stages.

§ 4 Reasoning Patterns
1LE Uncertainty Methods: Bayesian inference to allow Al agents to adjust

1. Limitations of Single Reasoning Paths: CExisting methods primarily rely on direct step-by-step paths through ic updates rather han relying solely on deterministic reasoning.

which struggles to handle the complexity and dynamic nature of real-world medical environments.

2. Insufficient Handling of Uncertainty: Doctor and patient agents often lack complete information during
interactions, and current Al reasoning frameworks struggle to flexibly adjust decisions, increasing the likelihood
of errors or hallucinations.

3. Lack of Dynamic Reasoning Mechanisms: Al agents in multi-agent interactions still operate with
independent reasoning, lacking the ability to dynamically adjust decisions based on ongoing interactions, limit-
ing their performance in complex medical tasks.

2. Introducing Time-Series Decision Models: Ut ing Markov Decision Processes (MDP) to optimize AT
agents’ decision-making in patient interactions, enabling dynamic diagnostic strategies based on state changes.
3. Using POMDPs for Partially Observable Environments: Applying Partially Observable Markov Decision
Processes (POMDPs) to help AT agents make more reasonable inferences when full patient history is unavailable,
such as prompting clarifying questions mstead of makmg premature conclusions.

4. Integrating Multi-Agent C D ping new reasoning mechanisms that enable
different AT agents to dynamically adjust their decisions based on shared information, improving the intelligence
and adaptability of the overall medical system.

Table 2: Key Challenges and Future Directions for different core components in AI Hospital.
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Key Challenges Future Research Directions

§ 4 Simulating Specific Scenarios & Solving Complex Tasks

1. Limitations in Medical Si i Currenl systems focus primarily on patient consultation stages, lacking 1. Expanding Coverage of Medical Scenarios: Incorporating long-term health ive re-
ive si ions of ive recovery, and chronic disease management,  covery, and chronic disease monitoring modules into Al hospital systems to improve simulation comprehensive-

reducing real-world applicability. ness and real-world adaptability.

2. of External Envi Factors: Public health events (e.g., COVID-19) can alter hospital op- 2. Enhancing Adaptability to External Events: Developing dynamic behavior adjustment and memory mech-

erations and patient behaviors, but existing systems lack adaptability to unexpected events, limiting their genera- anisms to enable Al agents to respond effectively to public health crises or emergency medical situations, impr-

lization capabilities. oving system robustness.

3. Insufficient Social Cognition ing: Patient decisi king is often i by social d: i 3. Incorporating Social Cognition Theories: Designing patient agents with observauonal learning mechanisms

peer influence, and observational learning, yet current Al agents lack the ability to simulate these behaviors, to simulate the impact of social i on medical decisi: g and Al i ion in online

reducing their effectiveness in health education and disease management. patient communities and medical forums.

4. System Issues: Multi it i may lead to inati ion, bias i 4. Optimizing Multi-Agent Collab: ion Frameworks: Reducing error propagation by developing fair bench-

and difficulties in handling long-form interactions, where frequent ij ions amplify errors, ing overall marking tests and optimization algorithms to ensure multi-agent systems outperform single-agent or standalone

system reliability. LLMs in complex tasks.

5. Inadequate Risk Management: Existing systems struggle to handle long-tail cases, rare diseases, or adversa- 5. ing inty Q and Safety Protocols: Implementing safety triggers (e.g., expert

rial attacks, where error ion may lead to misdi: is or resource waste, requiring improved safety intervention, anomaly detection) in high-risk scenarios and using extreme-case simulations to enhance system

mechanisms. reliability in rare disease cases.

§ 4 Evaluating Agents

1. Developing More Realistic Agent Evaluation Frameworks: Incorporating social evaluation mechanisms
(e.g., patient feedback, peer ratings, interaction quality analysis) to simulate how doctors are assessed in real-

1. Limitati of Existing E i : Current i focus primarily on task acc- world environments, making evaluations more aligned with medical practice.

uracy, traditional generation metrics, or LLM-as-Judge assessments, lacking alignment with real-world medical 2. Optimizing Ci i Cost A Creating weighted cost models that analyze trade-offs between

environments where doctors rely on patient feedback and peer reviews. computational resource consumption, inference time, and performance gains, reducing over-reliance on large

2. Insufficient Consideration of Computational Costs and Efficiency: High performance in multi-agent Al models in multi-agent Al hospital systerns.

hospital systems may partially depend on increased ional resources, but no ized cost-perform- 3. Establishing Fair Multi-Ag K Tests: izing test datasets, ional resources, and

ance trade-off analysis framework currently exists, making evaluations unrealistic. task deﬁmuons to ensure fair and reliable ions between multi-agent and singl systems, improvi

3. Lack of Fair Benchmarking Tests: Inconsistent test datasets, varying i resource allocation, and in research.

vague task definitions hinder cross-system comparisons, reducing the reliability of evaluation results. 4. Enhancing Medical LLMs’ Agent Capabilitie lnvemgaung how to retain intelligent agent capabilities in

4. Limitations of Medical LLMs in Agent-Based Tasks: While medical-specific LLMs (e.g., Med-PaLM2, medical-specific LLMs, such as optil and i ion strategies to enable them

DoctorGLM) possess superior medical knowledge, their intelligent behavior in AT hospital environments to perform complex tasks in multi-agent environments.

remains weak, often relegating them to tools rather than autonomous agents. 5. Developing Evaluation Standards Beyond Medical Exams: Moving beyond medical exam-based evaluations
to build broader clinical task benchmarks covering medical reasoning, interaction ability, and real-world applica-
tions for a more ive performance

§ 4 Synthesizing Data for Training

1. Utilizing AT Hospitals as RL Training Environments: Designing reward mechanisms based on patient simu-
lation and doctor decision-making, enabling Al agents to optimize medical decision-making through interactive

1. Li tions of RL in Medical Environments: Al hospitals have not been fully utilized as reinforcement a 3 a 5 3
learning, such as improving post-surgery care interventions.
learning (RL) environments, and real-world medical data scarcny and ethical constraints make it difficult to a g a g . g 5
3 2. E the D, and Nature of Data: 1t t collab
design appropriate training and reward

tion to generate synthetic data that more closely mirrors real-world conditions while integrating text, images, and
speech to 1mpmve data expressiveness.

g Data Quality A and Bias Detection i Creating d data
lools i ) s s i e sy VG G, s 4 s A e e s
without introducing unfairness.
4. Establishing Standardized and Shareable Synthetic Data Frameworks: Developing unified data standards
and benchmarks to facilitate synthetic data sharing across Al hospital systems, improving model stability and
portability.

2. Lack of Diversity and Fairness in Synthetic Data: Current synthetic data generation heavily relies on
manual rules, failing to comprehensively simulate real-world medical scenarios. Long-term self-training may
lead to data homogeneity and mode collapse, reducing model generalizability.

3. Absence of Standardized and Shareable Training Data: Existing training environments are relatively
isolated, making it difficult for different AT hospital systems to share synthetic data, limiting model portability
and cross-system applicability.

§ 4 Governance, Ethics, and the Roles of Al and Medical Pr

1. Establishing Gove ance Frameworks for AI Hospital Systems: Implementing human oversight mechanisms
1. Accountability and Transparency: As AT hospital systems play a growing role in medical decision-making, ~ © Monior critical decisions, i version o ensure system updates are traceable,
. 3 . ’ i~ . - .md promoting international collaboration to develop unified Al governance standards in healthcare.
a major ethical concern is how to define accountability for errors made by Al agents while ensuring system tran- N L
L . Ei Fairness and in AI Hospital Systems: Developing fairness evaluation and bias corr-
sparency and traceability.
e«.llon mechanisms to ensure equitable resource allocation and prevent Al from reinforcing biases in medical
2. Bias and Its Impact on Healthcare Equity: Medical Al systems may introduce implicit biases in resource decision making
1! i 181 ies. A unifi T fi k is lackil late f: o 3 . . . - .
allocation, socil unified go ramework is lacking to regulate fairness, 3. Seamless Integration of Al into Clinical Workflows: Designing Al systems that align with doctors’ workflows,

safety, and privacy protection. : o s B P .
3 Cl’m“eng"es o ycll’inical Integration of AT Hospital Systems: Al is stll difficult to seamlessly integrate into ensuring they serve as assistive tools rather than additional burdens, and developing user interfaces that meet cli-
- § o . o nical needs.

3::;:; gcli\:iocrzln(lﬂszwlsetil;:wm professionals may perceive Al as an additional burden rather than a genuinely 4. Bridging AT Researeh and Medical Practice: Encouraging active partcipation of physicians. nurses, and other
PP in Al development and ion to ensure Al hospital systems effectively address clinical
4. Lack of Inlerdlsclplmary Collaboratlon There remains a gap between Al research and medical practice. .
! ween challenges and improve the synergy between Al research and real-world healthcare applications.
Limited i of p and n Al p results in systems that fail . . A N N N Tl N .
" 5. Exploring High-Fidelity Clinical Simulation Environments: Utilizing Al hospital systems to create realistic
to effectively address real-world medical needs. . L . N . . L .
medical training environments that enhance Al agents’ autonomous learning capabilities, optimizing their perfor-
mance in medical education, patient education, and long-term self-learning.

Table 3: Key Challenges and Future Directions for different applications in AI Hospital.
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A Key Challenges and Future Directions

Agent Roles In Al hospitals, different agents
should exhibit behavioral patterns consistent with
their designated roles to enhance the realism and
practicality of medical simulations in different sit-
uations. Some work has mentioned and tried to
improve this in their scenarios, but discussion and
evaluation of this in more scenarios is necessary
and needs to be more unified. For example, Doctor
agents should exhibit variations in diagnostic styles,
communication methods, and decision-making pro-
cesses, even when based on the same underlying
model (Kim et al., 2024). Patient agents must dy-
namically adjust their responses across different
stages, ensuring that they gradually reveal med-
ical history during consultations rather than dis-
closing everything at once (Wang et al., 2023a).
Subsequent work may consider better integrating
STM/LTM/WM modules to maintain contextual
coherence (Zhang et al., 2023). At the same time,
recent advancements in role-playing (Chen et al.,
2024a) and personalization (Chen et al., 2024a,c;
Zhang et al., 2024) methods in the general NLP
domain, such as interview-driven persona model-
ing (Park et al., 2024) and expert feedback-based
refinements (Louie et al., 2024), can be leveraged
to improve agent behavior.

Another key aspect is managing information
asymmetry, a fundamental characteristic of real-
world medical conversations (Ariss, 2009; Greco,
2020). Doctor agents seek comprehensive patient
information, whereas patient agents may selec-
tively withhold certain details due to privacy con-
cerns or psychological barriers (Gill and Maynard,
2006). Modeling patient responses using hedging
language can better reflect real-world uncertainty,
and employing utility functions can capture how
patients weigh different trade-offs, such as balanc-
ing disclosure of medical history versus preserving
personal comfort (Lehtinen, 2013). Additionally,
patients tend to avoid negative diagnoses and adjust
responses based on perceived risk, behaving more
conservatively when severe illnesses are a concern.
These behavioral tendencies should be embedded
into Al agents to enhance realism.

Inverse reinforcement learning (IRL) (Chadi and
Mousannif, 2022) is another promising approach
for improving the decision-making of patient and
doctor agents. Some work uses a small predefined
action space to better control agents’ behavior and
facilitate optimization. However, since patients in
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the real world do not follow a predefined reward
function, IRL can be used to infer their underlying
decision-making processes and other unconsidered
actions. This enables Al agents to learn patterns,
such as when patients decide to seek medical atten-
tion, comply with prescribed treatments, or respond
to doctor recommendations (Snoswell et al., 2024).
Training doctor and patient agents to align with
observed human decision-making trajectories will
significantly improve their realism in medical sim-
ulations and further improve the generalizability of
these methods in the real world.

Finally, ensuring the diversity of patient agents is
another key challenge, as homogeneous behaviors
among agents can limit the robustness of evalua-
tion and data synthesis (Yu et al., 2024; Bakkum
et al., 2024). To address this issue, demographic at-
tributes should be supplemented with other factors,
such as social determinants of health (SDOH) (Ong
et al., 2024). Additionally, some studies have at-
tempted to extract information from actual clini-
cal notes to construct agent profiles or memories,
which to some extent increases diversity. However,
in the real world, a patient’s information is much
more extensive, whereas clinical notes only capture
a small portion. This makes it more challenging
to reconstruct a patient agent with sufficient infor-
mational depth based on the compressed represen-
tation in clinical notes. While some approaches
have leveraged LLMs*‘ commonsense reasoning ca-
pabilities and knowledge graphs to alleviate this
problem, more in-depth exploration is needed to ef-
fectively reconstruct patient agents with sufficient
informational depth based on clinical notes. These
enhancements will enable the Al hospital to re-
flect diverse patient populations more accurately,
thereby improving the generalizability and fairness
of Al applications in healthcare.

Interaction Patterns The interaction patterns
within multi-agent Al hospital systems remain
largely undefined, particularly regarding the roles,
behaviors, and interactions of humans within these
systems. Currently, most existing studies do not
explore the scenario where humans are directly em-
bedded in the system, but rather humans (whether
experts or ordinary people) are just observers, eval-
uators, or provide some external feedback. A funda-
mental question is whether humans should only act
as observers or actively participate as participants,
replacing or supplementing certain Al agents. If
participation is required, how can a unified frame-
work to guide human identity and participation pat-



terns in different scenarios be more conveniently
and appropriately defined? In addition, integrating
real human interactions into Al hospital systems
could open new research directions, such as eval-
uating whether humans can accurately distinguish
between Al agents and other human participants
during collaboration. This approach aligns with the
Turing test concept and may redefine how Al Hospi-
tal is assessed and applied in medical contexts. Ad-
ditionally, incorporating strategic decision-making
and modeling uncertainty into the Al hospital can
enhance system intelligence (Balogh et al., 2015;
Dhawale et al., 2017; Hu et al., 2024b). Current
approaches rely on end-to-end LLM predictions
without explicit mathematical modeling. By lever-
aging some methodologies like game theory (Blake
and Carroll, 2016; Sun et al., 2025; Djulbegovic
et al., 2015; Glycopantis and Stavropoulou, 2018),
we can better model asymmetric information chal-
lenges in medical interactions. For instance, doctor-
patient interactions can be framed as zero-sum
games (e.g., patients withholding symptoms to
test diagnostic ability) or cooperative games (e.g.,
Nash Bargaining for optimized questioning). Multi-
agent systems can employ Stackelberg games (Ger-
stgrasser and Parkes, 2023) to optimize informa-
tion exchange, with doctor agents guiding patient
agents toward informative disclosures. Evolution-
ary game theory (Bloembergen et al., 2015) may
enable agents to refine their strategies over time.
Bayesian games may model medical uncertainty,
allowing doctor agents to use Bayesian inference
to refine questioning strategies while patient agents
adjust responses based on perceived health sta-
tus (Verma et al., 2019; Chatzimichail and Hatjimi-
hail, 2023).

Tool Integration In the current Al hospital, tools
are often treated as static utilities. Most works
directly integrate them without systematically eval-
uating and adapting their effectiveness within dif-
ferent scenarios (Wang et al., 2024c). A key chal-
lenge for the future is how to leverage the Al Hos-
pital—an environment that closely resembles the
real world—to better evaluate and validate new
tools and determine whether they are truly effective
rather than relying on traditional static benchmarks
and flawed evaluation metrics. For example, while
new tools such as domain-specific RAG (Xiong
et al., 2024a,b, 2025; Zakka et al., 2024; Wang
et al., 2023b; Li et al., 2024¢), GraphRAG (Lin
et al., 2024; Wu et al., 2024; Kulkarni et al., 2024;
Matsumoto et al., 2024; Khalid et al., 2024; Gilbert
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et al., 2024), and LLM-as-KB (Frisoni et al., 2024)
always demonstrated their advantages over previ-
ous methods on certain benchmark datasets, it re-
mains unclear whether these advantages translate
effectively into Al hospital agents or real-world
users. In a real clinical setting, the success of a tool
is not solely measured by standard benchmark per-
formance but also by its ability to support different
agents in providing more reliable and interpretable
assistance to both clinicians and patients. There-
fore, a crucial future direction is establishing the
Al Hospital as a more unified and robust evaluation
framework that goes beyond traditional quantita-
tive metrics and instead assesses tools based on
their real-world impact on agent interactions and
patient outcomes.

Memory Management Existing research largely
relies on static EHRs as memory to represent pa-
tients, often utilizing RAG or GraphRAG-based
methods (Yu et al., 2024) to retrieve relevant back-
ground information to support patient agents to
generate appropriate and factual responses. While
this approach enables a certain level of personaliza-
tion, it still faces significant challenges, particularly
in comprehensively and dynamically representing
a patient’s longitudinal EHR and optimizing mem-
ory access mechanisms (Xie et al., 2022). One
million-dollar question is how to accurately repre-
sent a patient’s long-term health information. Cur-
rent methods often treat EHRSs as static knowledge
bases, overlooking the temporal dependencies in
disease progression and medical decision-making.
Future research can explore constructing tempo-
ral graphs (Rasmussen et al., 2025) to encode a
patient’s medical history, medication usage, and
visit records in a time-series format, allowing LLM
agents to identify critical transition points in dis-
ease progression and adjust their interaction strate-
gies accordingly (Chen et al., 2024b). For example,
in chronic disease management, patient agents may
not immediately adhere to a doctor’s recommenda-
tions but instead undergo a habit-forming process
where they gradually adjust their health behaviors.
Therefore, the memory module must be able to
model a patient’s evolving adherence to long-term
medical advice and dynamically adapt the way and
frequency in which doctor agents provide infor-
mation. Similarly, LLM agents can leverage habit
formation models to simulate how long-term pa-
tients gradually adapt and modify their health be-
haviors (Singh et al., 2024; Zhang et al., 2022). For
instance, some patients may rely heavily on doctor



agents for guidance in the early stages of a disease,
but as they become more familiar with disease man-
agement, they may transition toward making more
autonomous decisions.

Another critical issue is designing more sophis-
ticated trigger mechanisms to optimize memory
access and retrieval. A typical scenario is patient
education (Cai et al., 2023), where even if a doc-
tor agent provides relevant information, a patient
may fail to comprehend it if the readability level
does not align with their health literacy. As a result,
the memory module must incorporate more fine-
grained access control mechanisms. For instance, if
a patient agent exhibits comprehension difficulties
(e.g., asking repeated questions or giving incoher-
ent responses), the system should automatically ad-
just how information is stored and retrieved in the
future, ensuring that when information is recalled,
it is presented in a manner that better matches the
patient’s health literacy level. This mechanism can
be further refined by using reading comprehension
difficulty models to shape how patient agents in-
terpret and respond to doctor queries, making their
behavior more aligned with that of individuals with
low health literacy.

Reasoning Mechanisms Most research is still lim-
ited to direct reasoning with a single path. How-
ever, this design struggles to generalize to the com-
plex and dynamic real-world medical environment.
Therefore, establishing a more adaptive reasoning
framework that enables Al agents to make more
reasonable decisions in uncertain environments is
a key direction for future research. Note that this
does not mean that direct reasoning of a single
path should be discarded; instead, it should be used
only as part of the agent reasoning mechanism to
handle appropriate scenarios. In recent years, sig-
nificant progress has been made in clinical reason-
ing, particularly in some multi-hop reasoning med-
ical QA benchmarks (Xu et al., 2024; Huang et al.,
2025b; Faray de Paiva et al., 2025; Tran et al., 2024;
Hu et al., 2024a). These methods exhibit stronger
adaptability in simulating clinical reasoning, allow-
ing LLMs to handle complex medical reasoning
tasks more effectively. However, these methods
usually require a lot of computation during training
or testing and have not been proven to be more
efficient and flexible for agents in dynamic environ-
ments. The future challenge is further integrating
these reasoning capabilities into Al hospital agents.

A core issue is that medical Al agents must be

able to handle uncertainty and base their actions on
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reasoning (Balogh et al., 2015; Alli et al., 2024).
For example, in an Al hospital system, a patient
agent may change its mind during a conversation,
while a doctor agent may lack complete informa-
tion about the patient’s health status. In such cases,
Al must understand and infer “Why did the patient
agent change their mind?” to adjust its decision-
making process accordingly. This involves not only
general knowledge reasoning but also uncertainty
modeling to improve Al agents’ judgment and re-
duce hallucinations. For example, to better model
uncertainty in Al hospital systems, Bayesian In-
ference and Markov Decision Processes (MDP)
offer promising approaches (Bennett and Hauser,
2013; Polotskaya et al., 2024). Bayesian Networks
enable Al to probabilistically reason over patient
symptoms, history, and socioeconomic status, dy-
namically adjusting decisions via Bayesian updates.
MDPs further support decision-making in dynamic
interactions, optimizing actions based on state tran-
sitions and rewards. Given the inherent uncertainty
in medical reasoning, Partially Observable MDPs
(POMDPs) may provide a more realistic frame-
work, allowing Al to infer missing patient informa-
tion and adopt strategies like information gathering
or abstaining from uncertain decisions.

Simulating Specific Scenario & Solving Com-
plex Tasks One of the primary challenges in Al
Hospital applications lies in achieving more pre-
cise and comprehensive medical simulations, par-
ticularly in integrating time-sensitive and event-
driven information. Currently, most simulations
are confined to patient visits, with limited consid-
eration of pre-visit preparations, and even fewer
studies focusing on after-visit follow-ups or daily
patient care. However, in real-world healthcare
settings, many critical factors occur beyond the
visit itself, such as chronic disease management,
post-surgical recovery, and long-term health inter-
ventions. Additionally, public health events like
COVID-19 impact hospital operations and patient
behaviors, necessitating adaptive multi-agent Al
systems 2. However, current systems lack flexibil-
ity to model such disruptions, limiting realism (Gtir-
can, 2024). For example, social cognitive theory
may offer a framework in such context for simulat-
ing patient decision-making, as individuals often
rely on social dynamics over medical advice (Yang
et al., 2024b; Al Owayyed et al., 2024). Integrating

2h’ctps: //en.wikipedia.org/wiki/Impact_of_the_
COVID-19_pandemic_on_hospitals
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observational learning and social adaptation into
Al agents can enhance patient behavior modeling,
improving simulation fidelity and Al-driven health
solutions.

Moreover, the robustness and reliability of Al
Hospital remain major concerns. While multi-
agent architectures showcase promising poten-
tial, they also introduce inherent challenges (Bertl
et al., 2023), such as LLMs hallucination genera-
tion (Huang et al., 2025a; Zuo and Jiang, 2024; Li
et al., 2023c), alignment issues, and limitations in
long-text processing, which hinder their effective-
ness in complex medical tasks. These problems are
further exacerbated by the high frequency of inter-
actions between agents, leading to computational
bottlenecks and error accumulation, degrading the
entire system’s performance. For example, patient
agents may incorrectly attribute their symptoms to
severe illnesses (such as cancer) based on incom-
plete or incorrect information, while doctor agents
may develop biases influenced by recent diagnostic
cases (Quinn et al., 2021). If left unchecked, these
biases can not only reduce the reliability of individ-
ual agents but also propagate errors throughout the
system, amplifying their negative impact.

Finally, risk management in the Al Hospital is
crucial (Balogh et al., 2015). Risks like the cu-
mulative effect of error and the inability to han-
dle long-tail cases or rare scenarios all underscore
the importance of implementing safeguard mecha-
nisms. For instance, in long-tail medical cases, the
system may struggle to adapt effectively, leading to
false positives or negatives, compromising diagnos-
tic accuracy and wasting healthcare resources. To
mitigate these risks, future work should integrate
uncertainty quantification, allowing agents to trig-
ger safety protocols when encountering ambiguous
cases. Additionally, extreme scenario simulations
should be employed to strengthen testing environ-
ments, ensuring system reliability under complex
conditions. Designing error isolation mechanisms
can prevent a single agent’s mistake from cascading
through the entire system. Finally, human expert
intervention remains a critical safeguard, ensuring
that Al-generated decisions align with ethical and
medical standards through expert oversight and
real-time monitoring.

Evaluating Agents Compared to general-domain
evaluation methods, the unique characteristics of
the medical setting—such as the roles of doctors
and patients and the complexity of tasks—make hu-
man evaluation particularly challenging (Tam et al.,
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2024). As aresult, most existing approaches still fo-
cus on task accuracy, traditional generation metrics,
or naive LLM-as-Judge evaluation methods, with
limited consideration of efficiency and cost fac-
tors. Future research should explore more effective
evaluation methods that align more closely with
real-world medical practice. For instance, in ac-
tual healthcare environments, doctors are typically
assessed through patient feedback, peer reviews,
and survey-based evaluations (Baines et al., 2018).
These social evaluation mechanisms have not yet
been fully integrated into Al hospital system assess-
ments (Moy et al., 2024). Additionally, drawing
inspiration from the Turing test (Nov et al., 2023),
researchers could investigate systematic methods
to measure the "intelligence" and "usability" of Al
agents during medical interactions.

Another overlooked aspect is cost and efficiency.
In the general NLP domain, Scaling Test Time
Compute (TTC) has become a crucial factor in as-
sessing system performance improvements (Snell
et al., 2024). However, in Al hospital research, lit-
tle attention has been given to how computational
resource consumption impacts the practical value
of a system (Fan et al., 2024; Smit et al., 2023).
Many Al hospital designs (e.g., Iterative Problem
Optimization or Multi-Round Interactive Debate)
achieve superior performance partially due to in-
creased inference computational power rather than
genuine intelligent collaboration. Therefore, future
evaluation frameworks should consider how to stan-
dardize the cost of Al agents and establish reason-
able value metrics. For example, an agent’s compu-
tational resource demands, inference time, and per-
formance gains could be factored into a weighted
cost model to analyze the trade-offs between ef-
ficiency, cost, and performance across different
strategies. Furthermore, in medical tasks, how dif-
ferent agents (e.g., expert-level Al vs. smaller-scale
medical Al) collaborate to minimize costs—such
as reducing reliance on high-cost models—remains
an open question. One potential direction of explo-
ration may be to simulate expert-medical student
task delegation and collaboration. Here, experts
are often more expensive in real-world tasks (such
as medical annotation and evaluation), so strong
LLMs that require more computational cost can
be used, while corresponding medical students can
use LLMs with weaker capabilities but more cost-
effective. It is an interesting topic to study how
to maintain high-quality results in tasks such as
medical annotation and evaluation while reducing



the reliance on strong LLMs (i.e., reducing the
computational cost of the entire system).
Additionally, most AI hospital research pre-
dominantly relies on general-purpose LLMs
such as GPT-4 (Achiam et al., 2023) and
LLaMA (Dubey et al., 2024), with limited ex-
ploration of medical-specific LLMs like Doctor-
GLM (Xiong et al., 2023), HuatuoGPT (Chen
et al., 2023a), BianQue (Chen et al., 2023c¢), Bi-
oLLaMA (Tran et al., 2023), BioMistral (Labrak
et al., 2024), and Baichuan-M1 (Wang et al., 2025).
Some studies, such as MedQA-CS (Yao et al.,
2024b), have noted that while medical LLMs
achieve higher exam scores, they often lose emer-
gent abilities—which are crucial for agentic be-
havior in Al hospital settings. As a result, many
approaches merely use these medical models as
"tools" (Frisoni et al., 2024) rather than active
agents. Future work should focus on preserving
these agentic capabilities in medical LLMs, given
their clear advantage in medical knowledge. More-
over, this challenge aligns with the previously men-
tioned evaluation metric deficiencies—new bench-
marks beyond medical exams must be developed
to assess these models comprehensively. Without
such advancements, it will be difficult to ensure
simultaneous progress in both medical knowledge
and real-world medical problem-solving capabili-
ties.
Synthesizing Data for Training Efficiently synthe-
sizing high-quality data for training in AI hospital
systems remains a core challenge. Although ex-
isting studies, such as DeepSeek-r1 (DeepSeek-Al
et al., 2025), have demonstrated that models can
continuously improve through reinforcement learn-
ing (RL) (Jayaraman et al., 2024) in specific envi-
ronments without supervised data, Al hospitals, as
complex medical environments, have not yet been
fully utilized as RL environments to support the
training of medical LLMs and intelligent agents
while providing high-quality synthetic data. In tra-
ditional RL frameworks, agents optimize their poli-
cies by interacting with the environment and receiv-
ing reward signals. However, in medical scenar-
ios, the scarcity of real-world data and ethical con-
straints pose challenges in designing appropriate
environments and reward mechanisms. Al hospi-
tals offer a controlled simulation environment that
can construct different types of feedback signals
based on patient simulations, physician decision-
making processes, and the success rate of medi-
cal tasks (Li et al., 2024b; Ouyang et al., 2022;
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Rafailov et al., 2023; Yao et al., 2023; Mishra et al.,
2024). For example, the Al hospital can simu-
late different patient recovery processes in train-
ing a postoperative care assistant. The agent’s
decisions—such as adjusting care plans, recom-
mending follow-ups, or modifying medication reg-
imens—can receive rewards based on changes in
the patient’s virtual health status. If the agent’s
decision accelerates patient recovery (e.g., an im-
provement in the virtual patient’s health score), it
receives a positive reward; if it leads to adverse
events (e.g., a decline in the health score or the
occurrence of complications), it receives a negative
reward. This interactive feedback mechanism not
only reduces reliance on manually labeled datasets
but also enables agents to learn optimal medical
decision-making strategies through trial and error.

However, ensuring that Al hospitals generate
sufficiently diverse and fair data remains a criti-
cal challenge. Current synthetic data mechanisms
primarily rely on manually designed rules, mak-
ing it difficult to accurately reflect the complex-
ity of real-world medical scenarios (Giuffré and
Shung, 2023). For instance, existing datasets often
lack simulations of postoperative care and other
longitudinal medical tasks, as well as sufficiently
rich medical annotations, limiting the adaptability
and generalization capabilities of intelligent agents.
Additionally, with the introduction of self-training
techniques, if agents are continuously trained on
self-generated data, the homogenization of data dis-
tribution could lead to mode collapse or extreme
biases, ultimately degrading model performance in
real-world applications (Arora et al., 2023). There-
fore, future research should focus on developing
more dynamic data synthesis mechanisms, leverag-
ing multi-agent collaboration to generate data that
better reflects real-world medical scenarios. Addi-
tionally, integrating multimodal information—such
as text, images, and speech—can enhance the ex-
pressiveness of these datasets (Acosta et al., 2022).
Simultaneously, robust data evaluation and bias de-
tection mechanisms must be established to ensure
that synthetic data not only improves agent capa-
bilities but also avoids reinforcing existing errors,
safeguarding fairness and reliability (Ueda et al.,
2023; Schmidgall et al., 2024a).
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