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Abstract

This survey reviews LLM-based multi-agent
systems for clinical and healthcare workflows,
including diagnosis, triage, consultation, dis-
charge, mental health, and EHR-linked de-
cision support. We define Al hospitals as
workflow-level clinical systems in which agents
take explicit roles, hand off shared state, use
EHR- or guideline-grounded tools, and operate
with safety gates and audit-ready logs. We ar-
gue that these systems should be compared at
the workflow level, rather than only by model
components or end-task accuracy, because clin-
ical action, evidence, and accountability are ex-
pressed through state transitions and handoffs.
We organize the literature through a workflow-
level taxonomy covering roles and handoffs,
memory and evidence, tools, and reasoning,
control, and escalation. We further synthe-
size major workflow settings and task families,
introduce a four-layer evaluation stack span-
ning safety, process, outcome, and operations,
and connect model capabilities to workflow
observables relevant to deployment. Finally,
we present Integration Readiness Levels (IRL1-
IRL6), task-level instrumentation requirements,
and recurring workflow failure modes as a prac-
tical framework for comparing, evaluating, and
deploying clinical LLM agents and Al hospi-
tals. !

1 Introduction

Large Language Models (LLMs) are moving from
isolated text generation toward agentic work in-
side clinical workflows. This shift is visible in
medicine, where systems are increasingly evaluated
on interactive patient tasks, conversational diagno-
sis, and workflow-grounded virtual-EHR settings
rather than only on exam-style or static QA bench-
marks (Johri et al., 2025; Tu et al., 2025; Jiang
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etal., 2025; Bedi et al., 2026). At the same time, re-
cent reviews still find limited prospective evidence,
sparse operational reporting, and weak links from
benchmark gains to real workflow outcomes (Bedi
et al., 2025b; Agrawal et al., 2025). The gap is now
less about whether a model can answer a question,
and more about whether a system can carry a case
across triage, consultation, and discharge without
losing state, evidence, or accountability.

We therefore take a workflow-level view. The
basic unit of analysis is not an isolated answer but
a workflow state transition: one role updates the
case state, attaches evidence, and passes the case
to the next step under an explicit control policy.
This framing makes it possible to study whether
handoffs are complete, whether escalation happens
for the right reason, whether a later action can be
traced back to earlier evidence, and whether oper-
ations metrics such as latency or human touches
remain acceptable.

Orientation example: triage — consult — dis-
charge

Triage determines urgency and collects the first
structured signal. Consultation updates the work-
ing diagnosis, links evidence to proposed actions,
and decides what still needs clarification. Dis-
charge turns the current plan into instructions,
follow-up, and escalation criteria.

Across the three steps, the same four questions
recur: (1) who owns the next action, (2) what
state must survive the handoff, (3) what evidence
justifies the step, and (4) what gate can block or
escalate progression.

In this survey, Al hospital refers to a workflow-
level multi-agent clinical simulation or deploy-
ment with defined roles, shared state across hand-
offs, evidence-grounded tools, safety gates, and
longitudinal traces. These are minimum condi-
tions for hospital-like behavior, not a checklist
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of every hospital function. A system may sup-
port consultation, triage, discharge, education, or
mental-health follow-up, but it enters this scope
only when actions are organized across roles and
stages, with persistent context, explicit accountabil-
ity, and audit-ready logs. The main design axes are
workflow span, evidence grounding, control policy,
and autonomy scope.

This boundary is intentionally narrow. In scope
are multi-agent simulators and clinical systems that
coordinate across stages of care, such as triage, con-
sultation, discharge, bed management, care transi-
tions, and training wards linked to EHRs or realistic
surrogates. Out of scope are single-agent chatbots,
generic role play without persistent workflow state,
single-turn QA systems, and tools that lack safety
rules, longitudinal memory, or handoff structure. A
single-model triage assistant can still be useful, but
it is not an Al hospital in the sense used here if it
does not preserve shared workflow state, support
structured handoffs, and expose audit-ready traces.

This survey is organized around three practical
questions. What counts as an Al hospital, how
should its design choices be described, and what
evidence justifies stronger autonomy? To answer
them, we define the minimum boundary of an Al
hospital, organize the design space around roles
and handoffs, memory, evidence, and tools, and
reasoning, control, and escalation, map the main
workflow settings and task families, and introduce
an evaluation framework with an Integration Readi-
ness Level (IRL) playbook and task-level instru-
mentation requirements.

This perspective differs from recent surveys of
healthcare chatbots, medical multi-agent systems,
and LLM agents in medicine (Elkamouchi et al.,
2024; Laymouna et al., 2024; Le et al., 2023; Wang
et al., 2025b; Bedi et al., 2025b; Tariq, 2024). The
emphasis here is on explicit state and handoffs,
operations-aware evaluation, and deployment readi-
ness as a staged protocol rather than a loose claim.
The rest of the paper follows that logic: Section 2
defines the core design space, Section 3 maps work-
flow settings, Section 4 turns evaluation and deploy-
ment into testable artifacts, and Section 5 ties future
progress to concrete workflow failure modes.

2 Core Design Space

Appendix Figure 1 expands the full taxonomy. In
the main text, Table 1 anchors the design space in
the running example by showing, for each step, the

role owner, the state that must survive the handoff,
and the gate that can block or escalate progression.
These same fields recur throughout the survey and
mark the difference between a workflow unit and

an isolated assistant.

Step Primary State and evidence car-  Gate before next step
owner ried forward
Triage Intake /  Acuity, red flags, first ~ Block for missing sig-
triage evidence links, and  nals; escalate high risk
missing-history flags
Consult Clinician / Working diagnosis, Ask for more evidence;
specialist cited evidence, tests abstain or escalate on
ordered, unresolved conflict
uncertainty
Discharge ~ Coordinator Instructions, follow-up ~ Block unsafe counsel-

/ educator

plan, return precautions,
and approvals

ing; escalate low com-
prehension or risk

Table 1: Running example that anchors the main-text
design space. Across triage, consultation, and discharge,
the same workflow questions recur: who owns the step,
what must survive the handoff, and which gate can block
or escalate progression.

2.1 Roles & Handoffs

The first design decision is whether the workflow
truly needs multiple roles. A single agent may be
enough for a narrow, low-risk step with strong hu-
man review. Multi-agent structure becomes useful
when the case crosses care stages, specialties, or
approval boundaries, because ownership changes
and the next role must inherit explicit state rather
than guess it. Appendix Table 6 turns this into a
checklist built around workflow span, role diver-
sity, audit needs, escalation needs, and operations
coupling. 2

Patient-facing roles. Patient-facing roles deter-
mine what information enters the workflow. Patient
agents are used for symptom elicitation, consul-
tation training, education, and interactive evalua-
tion (Yu et al., 2025; Liu et al., 2025c¢; Johri et al.,
2025). Psychological patient agents extend this to
mood variation, treatment resistance, and behavior-
change dynamics in therapeutic settings (Louie
et al., 2024; Wang et al., 2024e, 2025a). Resident
or population agents support pathway and public-
health simulation when the workflow needs behav-
ior before formal presentation to care (Li et al.,
2024b). Methods such as CoT or RAG matter here
mainly when they stabilize persona, symptom rev-
elation, and longitudinal consistency rather than
only making the dialogue more fluent (Tu et al.,

2025; Wu et al., 2026).

2Additional details are provided in Appendix A.1 and A.2.
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Clinical professional roles. General doctor
agents usually own staged history taking and the
first working assessment (Johri et al., 2023; Liu
et al., 2025¢c). Specialist agents matter when the
case requires domain-specific constraints or struc-
tured disagreement, such as rare disease, imaging,
or multidisciplinary review (Kim et al., 2024; Chen
et al., 2026; Rose et al., 2025). Nurse, therapist,
technician, student, and examiner roles extend the
workflow to triage, counseling, testing, and train-
ing (Bao et al., 2024; Schmidgall et al., 2024). The
gain is not simply more experts. It is the ability
to localize responsibility, make specialty assump-
tions visible, and reconcile disagreement before the
workflow moves on (Chen et al., 2025¢; Liu et al.,
2026; Yan et al., 2025a).

Planning and orchestration roles. Planning
roles decompose a case into steps, decide what
information is still missing, and route the case
across reception, triage, consultation, or follow-
up (Yu et al., 2025; Yue et al., 2024; Schmidgall
et al., 2024; Li et al., 2024b). These roles are use-
ful when the system must coordinate more than
one local decision, for example when triage output
should determine what the consult agent asks next
or which service receives the patient.

Judging, critique, and recording roles. Judge,
critic, decision, and recording roles become useful
when the workflow needs explicit reconciliation,
guideline checking, or auditable summaries rather
than one more free-form discussion turn (Johri
etal., 2023; Hong et al., 2024; Tang et al., 2024; Ke
et al., 2024; Chen et al., 2025a; Zhao et al., 2025;
Liu et al., 2025a). They support reason-coded es-
calation, evidence reconciliation, and replayable
handoffs. In practice, multi-agent overhead is jus-
tified mainly when these accountability functions
are measurable, not simply when the model can
generate more branches of reasoning.

2.2 Memory, Evidence, & Tools

The second design decision is what the next role
must recover after a handoff. After triage, the con-
sult agent should not have to guess the acuity signal,
the active problems, the tests already ordered, or
the evidence behind the current plan. In Al hospi-
tals, memory and tools are therefore core workflow
infrastructure. They make case state recoverable,
evidence attributable, and actions executable under

audit. 3

Long-term memory and evidence sources. In-
ternal memory helps fill missing attributes or adapt
to clinical data distributions through pretraining,
instruction tuning, or fine-tuning (Li et al., 2024d;
Wang et al., 2024f). External memory provides
stable references such as EHRs, guidelines, triage
manuals, knowledge graphs, and curated stores of
procedures or prior trajectories (Lu et al., 2024;
Wang et al., 2026; Lai et al., 2025). Dynamic updat-
ing through RAG or APIs matters when the work-
flow depends on current records, new evidence, or
expert feedback rather than on static knowledge
alone (Yang et al., 2024). The design question is
not only where knowledge lives, but how each sup-
porting item can be recovered, versioned, and tied
to a later action.

Working memory and handoff recovery. Work-
ing memory carries the active case state across
roles. In practice, that means summaries, inter-
mediate decisions, evidence IDs, pending ques-
tions, and escalation markers that let a new agent
resume the workflow without reconstructing it from
scratch (Liu et al., 2025¢; Hong et al., 2024; Tang
et al., 2024). Appendix Table 7 compares memory
designs by what survives the handoff, where the
design fits best, and what failure it tends to intro-
duce. This trade-off matters because memory qual-
ity changes handoff completeness, replayability,
and escalation quality, especially in long-context
or virtual-EHR settings (Wornow et al., 2025; Liu
et al., 2025a; Jiang et al., 2025).

Evidence access tools. Some tools primarily help
the system find and anchor evidence. Retrieval
systems and knowledge graphs connect decisions
to records, guidelines, or structured medical rela-
tions (Du et al., 2025; Kim et al., 2024; Wu et al.,
2025; Xiong et al., 2025; Wang et al., 2024c; Tran
et al., 2025, 2026). Curated repositories can also
provide reusable procedures or prior trajectories,
which is different from retrieving a document be-
cause the returned object is an action template or
workflow memory rather than a passage (Wang
et al., 2026; Lai et al., 2025).

Execution and verification tools. Other tools
make regulated checks or downstream actions ex-
ecutable. Decision trees and calculators support
explicit guideline checks (Yang et al., 2024; Li

3Additional details are provided in Appendix A.3 and A 4.
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et al., 2023; Goodell et al., 2025). Virtual-EHR
tools expose provenance and stage-level failures in
a controlled environment (Jiang et al., 2025). LLM-
as-KB styles of retrieval support flexible synthesis,
but they still need explicit provenance when used
inside a workflow (Yue et al., 2024; Frisoni et al.,
2024).

Multimodal and research tools. Multimodal
tools tie image or sensor evidence to downstream
reasoning, which matters when diagnostic claims
must remain linked to what the system actually
saw (Li et al., 2024d; Yang et al., 2024; Fallahpour
etal., 2025; Wang et al., 2025d; Acosta et al., 2022).
Computational reasoning tools support code exe-
cution, structured analysis, and research automa-
tion (Wang et al., 2024g; Hong et al., 2024). Across
these categories, the main point is the same: tools
are not optional accuracy boosters. They are the
mechanism that turns evidence and actions into au-
ditable workflow objects. Appendix Table 8 com-
presses these tool classes into workflow function,
audit artifact, and failure signal.

2.3 Reasoning, Control, & Escalation

The third design decision is control. The main ques-
tion is not how sophisticated the reasoning looks,
but what policy governs action. In a hospital-like
workflow, the system must decide when to continue,
when to ask for missing evidence, when to abstain,
and when to escalate. The useful observables are
therefore omission, disagreement, abstention, ev-
idence coverage, latency, and rollback behavior.
Appendix Table 9 condenses common reasoning,
memory, and control choices into fit, practical cost,
and logging obligations. 4

Direct reasoning. Single-path reasoning works
best when the task is well specified and the guide-
line surface is stable, especially when intermediate
steps can be tied to explicit evidence acquisition
or calculators (Li et al., 2024d; Chen et al., 2025a;
Rose et al., 2025). CoT-style pipelines may im-
prove transparency, but they can still miss alter-
natives and propagate early errors if no later gate
checks the path (Schmidgall et al., 2024). Their
dominant failure mode is silent omission, so they
still need citation coverage and tool-call traces.

Multi-path reasoning. Parallel branches, debate,
or voting can help when the workflow genuinely

“Additional details are provided in Appendix A.5.

contains specialty diversity or unresolved uncer-
tainty (Kim et al., 2024; Chen et al., 2026, 2025c;
Liu et al., 2026). They also impose extra token
cost, latency, controller burden, and reconciliation
work (Zhu et al., 2025; Zhao et al., 2025). The ben-
efit appears only when disagreement is surfaced,
logged, and tied to explicit reconciliation or escala-
tion rules rather than hidden inside a final merged
answer.

Feedback sources. Feedback can come from
clinicians, tools, knowledge bases, or later turns
in the interaction. External feedback updates the
plan with new evidence or expert correction (Johri
et al., 2023; Li et al., 2024c). Self-feedback and
reflection can reduce local inconsistencies before
commit (Louie et al., 2024). Symbolic controllers
and planner agents extend this by coordinating tool
calls and alternative paths rather than only editing
text (Hong et al., 2024; Liu et al., 2025a, 2024).

Control policies and gates. The key control
question is whether feedback is actually enforced
by policy, evidence, or uncertainty gates and
recorded as an audit-ready trace (Goodell et al.,
2025; Wang et al., 2025d). This is what turns rea-
soning style into admissible autonomy. A useful
system does not just reason more. It exposes an
autonomy dial that determines when the workflow
continues, when it requests missing evidence, when
it abstains, and when it escalates.

3 Workflow Settings and Task Families

Al hospitals differ less by raw model family than
by the workflow unit they instrument. A triage
assistant, a consultation system, a discharge educa-
tor, and a mental-health follow-up agent may share
components, but they do not fail in the same way
and they do not require the same logs. We there-
fore group the literature by workflow settings and
task families, because this is the level where multi-
agent structure, handoffs, and deployment claims
become comparable.

3.1 Care Workflows with Direct Clinical
Impact

The main clinical workflow families differ by
where the system sits in the care pathway and by
which failure surface dominates. The same archi-
tecture can look adequate in one family and brittle

3 Additional details are provided in Appendix B.
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in another, because the demands on handoff qual-
ity, evidence linking, and escalation policy change
with the workflow.

End-to-end clinical workflow simulation and vir-
tual wards. These settings are closest to the run-
ning example of triage, consultation, and discharge.
The system must acquire missing evidence, update
hypotheses across turns, and preserve state through
multiple roles or stages (Johri et al., 2025; Tu et al.,
2025; Jiang et al., 2025; Yan et al., 2025a; Liu
et al., 2025a). Their main value is stage-level vis-
ibility. Rather than only scoring the final answer,
they show where evidence was missing, where a
handoff failed, and where escalation should have
happened (Liu et al., 2025c; Johri et al., 2025;
Jiang et al., 2025; Schmidgall et al., 2024; Li et al.,
2024b). This is why virtual wards and virtual-
EHR benchmarks are so useful in this literature:
they turn hidden workflow mistakes into observ-
able events.

Consultation, multidisciplinary coordination,
and complex decision making. These work-
flows matter when specialty-specific constraints
or persistent uncertainty make a single reasoning
path brittle. Representative systems ask follow-up
questions, update differentials over time, reconcile
structured evidence, or convene multidisciplinary
teams for rare and complex cases (Zhao et al., 2026;
Rose et al., 2025; Chen et al., 2025a; Liu et al.,
2025b; Kim et al., 2024; Chen et al., 2026, 2025¢;
Liu et al., 2026; Tang et al., 2024). The relevant
failure surface is not only diagnostic error. It also
includes hidden disagreement, premature conver-
gence, and poorly justified commitments. Multi-
agent structure is useful here only when it makes
disagreement, reconciliation, and escalation more
explicit and more measurable.

Triage, routing, care transitions, and discharge
communication. These workflows sit closest to
operational constraints. Inputs are noisy, approval
boundaries are common, and the quality bar is set
by handoff completeness and downstream usability
rather than by one diagnosis (Lu et al., 2024; Bao
et al., 2024; Tao et al., 2026; Goh et al., 2025;
Yao et al., 2025). Patient-facing transition tasks,
including discharge communication and follow-up
preparation, make this especially clear, because the
system must preserve what was decided, what was
explained, and what still requires escalation. In
these settings, workflow logs are part of the task

definition rather than an afterthought.

3.2 Longitudinal, Care-Adjacent, and
Research Workflows

Longitudinal patient interaction and mental
health. This family emphasizes persistent state,
risk tracking, and calibrated escalation rather than
one-shot problem solving. The hard part is main-
taining coherent patient state across turns, recog-
nizing crisis or relapse signals, and updating the
control policy at the right time in counseling or
behavior-change workflows (Wu et al., 2026; Wang
et al., 2025a; Yao et al., 2026a). Systems in this
family often rely on expert-authored behavioral
principles or structured therapeutic constraints to
reduce unsafe drift over long interactions (Louie
et al., 2024; Wang et al., 2024e). Memory, refusal
policy, and reason-coded escalation are tightly cou-
pled here.

Care-adjacent clinical data workflows. Not ev-
ery relevant Al-hospital task sits at the bedside.
Some systems support EHR analytics, tool build-
ing, knowledge curation, or clinical-trial matching,
and they become part of the Al-hospital landscape
when they add provenance, verification, or handoff
value to clinical workflows rather than functioning
as standalone utilities (Bedi et al., 2026; Wornow
et al., 2025; Shi et al., 2024b; Wang et al., 2024g;
Yue et al., 2024; Shi et al., 2024a). Their dominant
risks are usually provenance gaps, brittle connec-
tors, or evaluation that stops at retrieval quality
instead of tracing downstream workflow effects.

Scientific discovery and research workflows.
Care-adjacent research workflows extend the same
design logic to experiment planning, evidence
synthesis, and tool-mediated scientific collabora-
tion (Swanson et al., 2025; Liu et al., 2024). They
still rely on explicit roles, external tools, structured
traces, and validation under operational constraints,
even though the immediate outcome is a research
artifact rather than a bedside action. Across all of
these families, what changes most is the dominant
failure surface, which is why later sections focus on
task-specific instrumentation and staged autonomy
rather than on one universal benchmark.

4 Evaluation and Deployment Readiness

Evaluation and deployment readiness in Al hos-
pitals require more than benchmark accuracy, be-
cause the system must remain safe across steps,
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handoffs, tools, and operational constraints before
stronger autonomy can be justified. This section
starts with what should be measured, then connects
model capability to workflow behavior, specifies
the minimum logs for common integration tasks,
and finally turns readiness into a staged deployment
protocol.

4.1 The Evaluation Stack

Evaluation in Al hospitals is moving away from
isolated exam-style assessment toward interactive
patient tasks, benchmark suites that span clinical
task families, virtual-EHR environments, and early
prospective studies (Johri et al., 2025; Bedi et al.,
2025b, 2026; Zhou et al., 2025; Agrawal et al.,
2025). For workflow-level systems, the unit of
evaluation is not only the final answer but also be-
havior across steps and handoffs. That requires in-
strumented logs, such as tool calls, evidence links,
handoff traces, and escalation events, together with
structured rubrics that make process quality mea-
surable.

We organize these signals as a four-layer stack:
safety, process, outcome, and operations. In the
running example of triage — consult — discharge,
safety asks whether unsafe advice was blocked,
process asks whether each step carried complete
state and evidence, outcome asks whether the final
disposition or education was correct and useful,
and operations asks how much delay, token cost,
and human effort the workflow consumed. The
same run should therefore support replay, audit,
and operational analysis rather than reporting only
a final score.

4.2 From Model Capability to Workflow
Observables

A capability matters in this setting only when it
changes a workflow observable, a logging obliga-
tion, or the level of autonomy that can be justi-
fied. Better uncertainty calibration matters when
high-risk steps are more reliably deferred or esca-
lated (Johri et al., 2025; Tu et al., 2025). Better
retrieval matters when consult or discharge outputs
carry record-linked evidence rather than uncited
claims (Johri et al., 2025; Liu et al., 2025a). Bet-
ter long-context handling matters when a later role
receives a cleaner handoff and the case remains
replayable over time (Wornow et al., 2025; Jiang
et al., 2025). Better tool reliability matters when
regulated actions become executable with prove-
nance and rollback traces (Goodell et al., 2025).

Better multimodal grounding matters when image-
or sensor-linked evidence stays attached to the de-
cision chain (Fallahpour et al., 2025; Wang et al.,
2025d).

This bridge changes how claims should be writ-
ten. It is not enough to say that a model reasons
better, retrieves more, or uses tools more often. The
useful claim is what the system can now safely do,
what additional evidence must now be logged, and
which stronger autonomy claim becomes plausible.
Table 2 makes that translation explicit.

4.3 Why Benchmarks Are Not Deployment
Readiness

Benchmarks and deployment readiness are not in-
terchangeable (Bean et al., 2026; Machcha et al.,
2026; Asadi et al., 2026). Many studies still eval-
uate simplified settings and do not report the logs
needed for replay, escalation, and operational anal-
ysis (Bedi et al., 2025b; Agrawal et al., 2025).
Workflow-grounded benchmarks narrow part of
this gap by exposing state transitions, evidence
chains, and staged failures in virtual-EHR or multi-
agent settings (Jiang et al., 2025; Liu et al., 2025a;
Zhu et al., 2025), but they are still only one part of
the evidence needed for deployment claims.

Judge-based and rubric-based scoring are useful
for process evaluation and for scaling benchmark
coverage, but judge fidelity and reasoning-grading
quality remain part of the evaluation problem it-
self (Zhou et al., 2025; Bedi et al., 2025a; Arora
et al., 2025). They help most when paired with logs
that make the underlying workflow visible, rather
than treated as a substitute for that visibility.

The closer one gets to deployment, the more
claims need replay, escalation evidence, and opera-
tions evidence in the same package. OSCE-style in-
teractive exams, virtual-EHR benchmarks, broader
medical task suites, and early prospective studies
each contribute part of that package (Johri et al.,
2025; Bedi et al., 2026). The distinction is simple:
benchmarks ask whether a system can perform un-
der a designed task, while deployment readiness
asks whether autonomy claims remain justified af-
ter replay, escalation, and operations are inspected
together.

4.4 Instrumentation for Clinical Integration
Tasks

A handoff system and a bed-management system
do not fail in the same way. The first usually fails
by dropping fields, provenance, or evidence links.
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Capability gain Workflow change that should appear

Evidence to report

Stronger claim it can support

Better calibration / ab-
stention

High-risk steps defer or escalate instead
of silently committing

Evidence-grounded re-
trieval

Consult and discharge outputs carry
record-linked evidence rather than
uncited claims

Later roles receive cleaner handoffs and
replay remains consistent across visits

Long-context / longitu-
dinal state

Reliable calculators /
tool use

Regulated checks and actions execute
with provenance and rollback traces
Multimodal grounding Image- or sensor-based claims remain

linked to observed evidence

Reason-coded abstentions; escala-
tion precision/recall; override out-

comes

Citation or evidence-ID coverage;
evidence-gate pass rate; citation-

to-record consistency

Handoff completeness; replay suc-
cess; cross-visit consistency
Tool success/failure; guideline ad-
herence @step; rollback rate
Cross-modal consistency; image-
to-report links; diagnostic audit

pass

Approval-required pilot or high-
risk gate with monitored coverage

Replay-ready evidence chains for
shadow evaluation

Longitudinal shadow replay and
multi-visit workflow evaluation
Controlled use for triage, orders,
or discharge checks

Auditable commit in imaging or
monitoring workflows

Table 2: Capability-to-workflow bridge. A model capability becomes deployment-relevant only when it changes a
visible workflow behavior, creates a new logging obligation, or supports a stronger autonomy claim.

Integration task

‘What usually fails first

Minimum artifacts to keep

Release signals to report

Weak claim to avoid

Clinic scheduling /
bed management

Order routing / prior
authorization

Shift handoffs (ED —
ward)

Discharge education /
follow-up

Live EHR integration
(FHIR)

Queue state ignored; unsafe
speedup under load

Silent fallback; missing ap-
proval state; API delay

Fluent but lossy summary; miss-
ing provenance

One-shot counseling; no reten-
tion check

Permission drift; schema drift;
PHI leakage

Queue snapshots; bed-board state;
transport timestamps; overload es-
calation events

Request payloads; approval-state
transitions; tool/API versions; re-
tries; rollback events

Structured handoff fields; evidence
IDs; retrieved record fields; cross-
shift snapshots

Pre/post checks; multilingual tem-
plate version; follow-up callbacks;
low-comprehension escalations
Access audits; consent IDs;
queried resources; de-identification
audits; chaos-test logs

Overload  escalation preci-
sion/recall; severity-weighted
errors; TTD; throughput; P95
latency

Unsafe-order block rate; guideline
adherence @step; order delay; er-
ror severity

Handoff completeness; citation
coverage; cross-shift consistency;
handoff time

Unsafe-counseling block rate; ed-
ucation gain; 7/30-day retention
proxy; latency

PHI leakage rate; citation-to-
record consistency; chaos-test
pass rate; API latency / availability

Mean latency or through-
put only

Benchmark gain without
version or rollback logs

Final-answer
only

judging
Post-test only, no follow-
up

Retrieval score only, no
access or schema audit

Table 3: Instrumentation map for common integration tasks. Each row starts with the dominant early failure surface,
then specifies the minimum artifacts and release signals needed before stronger autonomy can be claimed. TTD
denotes time-to-disposition, PHI protected health information, and FHIR Fast Healthcare Interoperability Resources.

The second fails by ignoring queue state, transport
delay, or latency tails. Table 3 therefore starts from
the first failure surface in each integration task, then
lists the minimal artifacts and release signals that
make that failure visible.

4.5 IRL-Based Gating from Sandbox to
Deployment

Integration Readiness Levels (IRL1-IRL6) turn
readiness into a staged deployment protocol rather
than a loose label. Table 4 organizes the ladder
into simulation, replay/pilot, and rollout phases.
For each level it states the highest autonomy the
system may take and the evidence required before
promotion, so readiness depends on progressively
stronger replay, escalation, and monitoring evi-
dence rather than on one strong benchmark number.

This is where evaluation and governance meet.
IRL1 and IRL2 stay in simulation. IRL3 and IRL4

require replayability, evidence chains, and moni-
tored escalation before limited pilot use. IRLS and
IRL6 add drift control, incident response, canary
strategy, and multi-site stability. The thresholds
shown here are protocol defaults, not universal con-
stants, and should be calibrated to task risk, site
policy, baseline comparator, and acceptable failure
budget.

4.6 Synthetic Data as Evidence Generation,
Not Deployment Evidence

In this survey, synthetic data is useful for train-
ing and stress testing, not as deployment evidence.
It can generate dialogues, workflow state transi-
tions, missing-information cases, and interaction
patterns that are hard to collect at scale (Tu et al.,
2025; Johri et al., 2025). In healthcare this is ap-
pealing because synthetic data can expand cov-
erage while reducing direct privacy exposure, al-
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Phase IRL  Typical setting

Highest autonomy allowed

Evidence needed before promotion

. . IRL1 Static or scripted sand- Manual review before any Versioned configuration; baseline task success;
Simulation . i
box commit unsafe-output rate below site threshold
IRL2 Noisy, missing-info, or Manual review plus safety Seeded high-risk coverage; jailbreak resis-
adversarial simulation gateway tance; citation coverage; block-time logs
Replay / IRL3 Shadow replay on real Model proposes, humans de- Replayable evidence chains; handoff com-
pilot data, no live impact cide pleteness; versioned prompts/models; PHI
leakage equal to zero in audit
IRL4 Limited human-in-the- Auto-suggest for bounded Escalation recall on labeled high-risk cases;
loop pilot steps, mandatory approval for zero severe misses; override postmortems; sta-
high-stakes steps ble P95 latency
IRLS5 Limited rollout with end- Auto-default with exception Drift dashboard; incident response logs; no
Rollout . . L .
to-end monitoring review regression in TTD or throughput; budget sta-
bility
IRL6 Scaled multi-site or Supervised autonomy with pe- Cross-site parity targets; stable drift control;

multi-language deploy- riodic audits

ment

positive ROI; no major incidents across review
windows

Table 4: IRL ladder for staged autonomy. The rows turn readiness into a promotion protocol by pairing each level
with a setting, an autonomy ceiling, and the evidence required before moving upward. PHI denotes protected health
information, P95 the 95th-percentile latency, TTD time-to-disposition, and ROI return on investment.

though these benefits depend on grounded prove-
nance and validation (Giuffré and Shung, 2023;
Bedi et al., 2025b; Agrawal et al., 2025). Synthetic
data can also be combined with expert-curated data
to support downstream BioNLP and clinical NLP
tasks (Mishra et al., 2024; Yao et al., 2023, 2026c¢).

Its most useful roles are coverage expansion,
counterfactual stress testing, and workflow per-
turbation. Good pipelines rely on grounded evi-
dence, versioned prompts, adjudication loops, and
provenance logs, and representative approaches of-
ten combine self-play or multi-agent generation
with structured generation loops to reduce anno-
tation cost while keeping clinical constraints ex-
plicit (Wang et al., 2024d; Tu et al., 2025; Johri
et al., 2025). But synthetic workflows can distort
prevalence, coordination patterns, and error sur-
faces. Stronger autonomy claims still require real-
data replay or prospective evidence (Bedi et al.,
2025b; Agrawal et al., 2025).

Taken together, the evaluation stack, capability
bridge, task-level instrumentation, and IRL lad-
der convert abstract model progress into workflow-
level evidence about what a system can safely do.
They also make failure modes easier to state pre-
cisely, because the dominant errors appear as fail-
ures of state tracking, escalation, provenance, or
operational control rather than as generic model
weakness.

5 Failure Modes and Roadmap

Al-hospital failures rarely sit in a single module.
They appear as workflow-level breakdowns across
roles, memory, tools, and control. Table 5 turns
these failures into release blockers by showing
where each one first appears, the smallest convinc-
ing test, the minimum log bundle, and the design
response needed before progression.

Longitudinal drift. This occurs when the sys-
tem mixes past history with current state, loses
Cross-visit consistency, or cannot reconstruct why a
later action followed from an earlier one. Minimal
checks include event-graph reconstruction, follow-
up agreement, and relapse detection. The design re-
sponse is workflow-aware memory with replayable
longitudinal traces (Wornow et al., 2025; Liu et al.,
2025a).

Capacity-blind planning. A clinically plausi-
ble plan can still fail if it ignores beds, staffing,
transport delay, or queue load. These systems
need stress-tested shadow replay, queue-aware sim-
ulation, and non-regression checks on time-to-
disposition, throughput, and latency tails before
broader rollout.

Ungated deviation and weak escalation. This
failure appears when the system departs from guide-
lines without explicit reasons or fails to abstain
on high-risk cases. Guideline versioning, reason-
coded deviation logs, citation coverage, and es-

45779



Failure mechanism

Where it first appears

Minimal release test

Minimum logs

Block stage and design response

Longitudinal drift

Capacity-blind plan-
ning

Ungated deviation /
weak escalation

Untraceable action

chains

Drift, jailbreak, and
cost shock

Follow-up, chronic care,
mental-health interaction

Bed management, rout-
ing, ward transfer

Triage, discharge, prior
authorization, dosing

EHR-linked actions, or-
ders, handoffs

Any deployed workflow
with external users or
tools

Event-graph reconstruc-
tion; follow-up agree-
ment; relapse sensitivity

Overload replay; change
in TTD / throughput; tail
latency under load

Adherence@step with
reason audit; escalation
precision/recall on
high-risk cases

Replay attribution;
citation-to-record consis-
tency; FHIR chaos tests

Periodic red teaming;
jailbreak pass rate; re-
covery time; tokens/case;
P95 latency

Event IDs; timestamps;
cross-handoff snapshots;
replay traces; evidence
links

Queue snapshots; bed-
board state; transport
timestamps; latency tails;
human interventions
Guideline version; citation
or evidence-ID coverage;
deviation reason codes; es-
calation logs

Signed role-tagged ac-
tions; tool versions;
approval states; rollback
states; access audits
Gateway logs; red-team
seed registry; drift alerts;
human touches; budget
traces

Block IRL3+; use event-indexed mem-
ory and replayable handoffs

Block IRL3-IRLS; use queue-aware
planning and ops non-regression gates

Block IRL2-IRL4; calibrate uncer-
tainty thresholds and escalation policy

Block IRL3-IRL4; use provenance-
first connectors and signed handoffs

Block IRL2-IRLS; use canary roll-
out, rollback playbook, and budget
guardrails

Table 5: Workflow failure roadmap. Each row connects a recurring failure to the first workflow setting where it
should block release, the smallest convincing test, the minimum log bundle, and the design response it demands.

calation precision/recall become central readiness
criteria in this regime (Goodell et al., 2025; Tao
et al., 2026).

Untraceable action chains. Errors spread
quickly when handoffs, orders, or EHR calls lose
provenance, approval state, or replayability. Even
a locally correct step becomes hard to audit if later
reviewers cannot reconstruct who acted, with what
evidence, under which version or permission state.

Drift, jailbreak, and cost shock. A workflow
can also fail after deployment because guard be-
havior drifts, prompts jailbreak, or token and la-
tency costs rise until the system becomes unsafe or
unusable. These are not peripheral operations is-
sues. They mark the boundary between benchmark-
strong systems and systems that can sustain staged
autonomy claims (Agrawal et al., 2025; Bedi et al.,
2025b, 2026).

Roadmap for robust and auditable AI hospi-
tals. The roadmap follows directly from these
mechanisms. Near-term progress depends less on
adding more discussion turns and more on building
workflow-aware memory, capacity-coupled plan-
ning, calibrated escalation policies, audit-ready
provenance, and deployment playbooks with ex-
plicit promotion gates. The field needs tighter con-
trol of state, evidence, and operations, not only
stronger generation.

A shared reporting protocol would help most.
Workflow observables, minimum logs, escalation

coverage, replay evidence, and operational costs
should be reported together, so systems can be com-
pared at the level where deployment claims are ac-
tually made. Over a longer horizon, Al hospitals
can be seen as workflow-level approximations to
medical world models, because they maintain state,
act through tools and clinical interfaces, observe
downstream consequences, and re-plan under par-
tial observability. That view becomes credible only
when deployment evidence is treated as a staged
protocol rather than as a by-product of benchmark
gains.

6 Conclusion

Al hospitals are best understood as workflow-level
LLM-based multi-agent clinical systems, not as iso-
lated question-answering agents. The main design
questions are who owns each step, what state and
evidence survive each handoff, and what control
policy governs continuation, abstention, and esca-
lation. From that view, evaluation should focus on
workflow observables across safety, process, out-
come, and operations, and deployment should pro-
ceed through explicit instrumentation, audit-ready
logs, and staged IRL gates. The most reusable out-
put of this survey is therefore not only a taxonomy
of systems, but a reporting and gating framework
for stateful, evidence-grounded, tool-mediated clin-
ical workflows under partial observability.
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Limitations and Ethical Considerations

This survey is constrained by space, so we summa-
rize systems at the level of roles, memory, tools,
and control rather than providing full implemen-
tation details for every method; readers may still
need to consult original papers and code reposi-
tories. Our coverage prioritizes major NLP and
ML venues (ACL, NeurIPS, ICLR, ICML, AAAI)
and selected medical journals and recent preprints
(arXiv, medRxiv, bioRxiv), so relevant work out-
side these channels may be missing. The taxonomy
and comparisons may therefore require updates as
deployment practices, regulations, and clinical in-
tegration standards continue to evolve. IRL thresh-
olds in this survey should also be read as gover-
nance templates or protocol defaults rather than
universal constants; they must be calibrated to task
risk, site policy, baseline comparator, and accept-
able failure budget.

While this survey introduces no direct system-
level societal impact, the framework is ultimately
motivated by healthcare impact and therefore inher-
its healthcare risks if misused. In particular, empha-
sizing autonomy without rigorous instrumentation
and gating could encourage premature deployment,
potentially increasing harm by leading to missed
escalations, opaque tool failures, or inequitable
performance across populations. Conversely, a
workflow-first framing can support safer transla-
tion by making hidden failure modes measurable
(e.g., auditability, PHI leakage, and handoff loss)
and by encouraging reporting that reflects real clin-
ical constraints (staffing, queues, and follow-up).
From a social impact perspective, an important
open direction is to connect the framework to eq-
uity and governance: stratified reporting across de-
mographic and language groups, documentation of
who benefits and who bears added burden (patients,
caregivers, clinicians), and alignment with institu-
tional accountability processes (incident response,
audit trails, and oversight).
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Checklist question

Signal for single-agent choice

Signal for multi-agent choice

Why it matters

How wide is the
workflow span?

How different are the
roles?

How much audit
structure is needed?
How explicit must
escalation be?

How tightly is the
task coupled to oper-
ations?

What cost overhead
is acceptable?

One bounded step or one care
stage

One role with one policy regime

Final-output review is usually
enough

Manual review is enough in
practice

Weak queue or capacity cou-
pling

Lower tokens and lower coordi-
nation latency are preferred

Multiple stages with explicit handoffs

Different clinical or operational roles
with different constraints

Per-role accountability and replayable
handoffs are required

Explicit triggers and coverage checks
are needed

Queue, transport, or approval state
changes the plan

Extra turns are acceptable in exchange
for clearer ownership and repair

Workflow width determines whether
state must be transferred or can stay
local

Role  heterogeneity  determines
whether responsibility can stay im-
plicit

Audit burden is where extra roles start
paying for themselves

Escalation needs often force a con-
troller or judge role

Operational coupling often requires
separate planner or routing roles

Many multi-agent gains are only worth
it when the added cost is tolerable

Table 6: Single-agent versus multi-agent as a workflow checklist. The rows identify the decision questions that
determine when extra roles add measurable workflow value rather than only adding more reasoning turns.

Memory design

What survives the handoff

Best fit

Main risk

Minimum persisted artifacts

Sliding window

Retrieval-linked
memory
Event buffer
Temporal  knowl-
edge graph

Recent turns and current task
state

Query-linked record or guide-
line snippets with citations
Timestamped state updates and
milestone events

Entities,
links, and provenance

relations, timeline

Short, single-visit work-
flows

Evidence lookup at de-
cision time

Multi-step visit or shift
handoff

Longitudinal care or
rare-disease reasoning

Context drop;

temporal order

traindication loss

Bad retrieval; uncited
claim; stale reference

Missing event; wrong

Patient mix-up; entity
drift; privacy over-link

con- Recent turns; current task state

Query; evidence IDs; citations

Structured events; timestamps;
state snapshots

Entities; timeline links; prove-
nance

Table 7: Memory designs in workflow terms. The comparison centers on what a later role can actually recover after

a handoff, where each design fits best, and which failure it most often introduces.
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Tool family

Workflow function

Best fit

What must be audited

Typical failure signal

Simulated EHR

Live EHR (FHIR-
backed)

Guideline or calcu-

lator tools
Action connectors
(orders, booking,
prior auth)
External clinical
APIs
Multimodal con-
nectors

Research automa-
tion tools

Safe workflow rehearsal
with synthetic or con-
trolled records
Record-grounded deci-
sion support and handoff
recovery

Explicit checks for triage,
dose, or contraindica-
tions

Execute or route high-
stakes downstream ac-
tions

Pull current facts beyond
local stores

Tie text decisions to im-
age or sensor evidence

Run code, analysis, or
modeling for biomedical
workflows

Sandbox evaluation
and early stress test-
ing

Shadow replay or
monitored deploy-
ment

Regulated  steps
with clear rules

Approval-bound
workflows

Coverage gaps in lo-
cal evidence

Imaging, moni-
toring, or mixed-
modality tasks
Study design and
scientific support

Scenario seed; state transi-
tions; tool-call traces

Queries; retrieved fields;
consent or audit IDs; ac-
cess events

Inputs;  tool version;
guideline version; excep-
tions

Request payloads;
proval state;
rollback events
Query; returned IDs;
source version or date;
failures

Input modality IDs; evi-
dence links; preprocess-
ing versions

Data provenance; code or
tool version; parameters;
runtime logs

ap-
overrides;

Good-looking workflow
with weak realism

Permission drift; schema
drift; PHI leakage

Wrong input; stale guide-
line; missed check

Silent fallback; missing
approval trace

Source drift; rate-limit
failure; uncited fact

Claim not anchored to ob-
served modality

Non-reproducible result
or hidden execution error

Table 8: Tool stack as workflow connectors. The rows group tools by what they do inside the workflow, what must
be audited when they are used, and which failure signal usually appears first.

Choice Best fit Main cost or failure Minimum logs

Reasoning choices

Single-path CoT Short,  well-specified Omission errors compound; Tokens or latency; citation rate; tool-
tasks weak branch coverage call trace; error tags

Multi-path debate or self-
consistency

Open differential diagno-
sis or persistent uncer-
tainty

High controller cost; hard-to-
reconcile disagreement

Number of branches; vote margin;
disagreement rate; escalation trig-
gers

Memory choices
Static or retrieval-backed
memory

Temporal or structured
longitudinal memory

Stable guidelines;
bounded history recov-
ery

Multi-visit care and rare-
disease tracking

Staleness; weak personalization;
retrieval miss

Higher privacy and maintenance
burden; wrong merge or split
across time

Last-updated time; source prove-
nance; evidence IDs; citation cov-
erage

Node or event updates; timestamps;
provenance links; conflict flags

Control choices
Tool-first control

LLM-first control

Regulated steps with ex-
plicit checks
Open-ended, personal-
ized interaction

Rigid behavior when tools fail or
edge cases appear
Higher verification burden; un-
stable provenance

Plan steps; tool schema or version;
retries; constraint checks

Safety flags; refusal rate; tool prove-
nance; post-hoc check status

Table 9: Design trade-offs in operational form. The rows pair common reasoning, memory, and control choices with
the setting where they fit, the practical cost they introduce, and the minimum logs needed to keep the workflow

inspectable.
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A Expanded Design Taxonomy

This appendix keeps the same design questions as
the main text and adds finer-grained categories, rep-
resentative systems, and local trade-offs for roles,
interaction patterns, tools, memory, and reasoning.

A.1 Agent Roles
A.1.1 Patient-Centered Agents

Patient-Centered Agents simulate patient state,
communication, and help-seeking behavior across
training, intake, education, and follow-up.

Patient Agent models symptom reporting, his-
tory disclosure, and patient-side communication in
consultation, intake, and education workflows (Bao
et al., 2024; Wang et al., 2024d). The main design
challenge is role stability: the agent should reveal
information, use lay terminology or support jar-
gon translation, and remain behaviorally consistent
across turns rather than drifting into generic assis-
tant behavior (Du et al., 2025; Li et al., 2024d; Yu
et al., 2025; Liu et al., 2025¢; Kwon et al., 2022;
Lim et al., 2024).

Psychological Patient Agent simulates counsel-
ing and behavior-change interactions where mood,
resistance, and crisis sensitivity affect what the next
therapeutic step should be (Wang et al., 2024b; Wei
et al., 2024; Wang et al., 2025a; Yao et al., 2026a).
The main difficulty is not only realism but stable
behavioral response under long interaction, includ-
ing cognitive distortions, treatment resistance, and
adaptive response to counseling prompts (Louie
et al., 2024; Wang et al., 2024e; Chen et al., 2023).

Resident Agents simulate general populations
before and during care seeking, so they are use-
ful for public-health scenarios, intake demand,
and transitions from healthy residents to active
patients (Li et al., 2024b; Williams et al., 2023).
Their value comes from modeling help-seeking be-
havior, disease progression, and policy response at
population scale rather than from detailed bedside
interaction.

A.1.2 Medical Professional Agents

Medical Professional Agents own clinical or sup-
port steps that update the case state, from first as-
sessment to testing, coordination, counseling, and
training.

General Doctor Agent performs first-pass as-
sessment, follow-up questioning, and coordination
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Figure 1: Expanded taxonomy of Al-hospital core com-
ponents. The figure unpacks the finer-grained role, in-
teraction, tool, memory, and reasoning categories that
are compressed into the main-text design space.

of the diagnostic path, so it often acts as the lo-
cal owner of intake or consultation workflows (Liu
et al., 2025c; Du et al., 2025; Johri et al., 2023; Kim
et al., 2024; Wang et al., 2024a; Fan et al., 2025).
Its main requirement is to keep uncertainty explicit
while deciding whether to continue, request more
evidence, or pass the case to a specialist.

Specialist Agent contributes domain-specific
constraints for complex cases, especially when rare
conditions, imaging, or discipline-specific evidence
make a single general path brittle (Chen et al., 2026;
Kim et al., 2024). The practical gain is not merely
more expertise, but more explicit disagreement and
reconciliation across specialties before a plan is
committed.

Therapist Agent provides counseling, emotional
support, and psychotherapy under structured behav-
ioral principles (Wang et al., 2024b; Qiu and Lan,
2024; Chen et al., 2023).

Nurse Agent supports triage, routine care coor-
dination, and patient-side communication across
intake and follow-up workflows (Bao et al., 2024;
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Li et al., 2024b).

Medical Technician Agents carry diagnostic or
testing steps that supply reliable measurements to
later clinical decisions (Schmidgall et al., 2024).

Medical Student and Examiner Agents support
training workflows by simulating history taking,
communication, and diagnostic assessment under
structured evaluation (Li et al., 2024d; Yao et al.,
2026Db).

A.1.3 Medical AI Teamwork Agents

Medical Al Teamwork Agents exist when one long
reasoning trace is not enough and the workflow
needs explicit routing, critique, reconciliation, or
record keeping. Systems such as MedAIDE show
the same idea at a broad assistant level, but the key
point is workflow separation rather than role count
alone (Yang et al., 2025).

Goal-Driven Reasoning Agent organizes multi-
step reasoning so that the case progresses through
explicit subgoals, tool calls, or symbolic steps in-
stead of one opaque answer (Yu et al., 2025; Hong
et al., 2024; Shi et al., 2024b).

Clinical Judge Agent checks whether a diagno-
sis or plan is ready to pass a gate, typically by
testing factual consistency, guideline adherence, or
decision readiness (Johri et al., 2023; Yue et al.,
2024).

Critic Agent challenges local reasoning and sur-
faces errors, bias, or missing evidence before com-
mitment (Ke et al., 2024; Hong et al., 2024).

Planning Agent decomposes the workflow into
executable steps and decides what should hap-
pen next under time, evidence, or routing con-
straints (Yue et al., 2024; Shi et al., 2024a).

Decision Agent reconciles conflicting assess-
ments and converts them into one bounded commit-
ment or escalation choice (Tang et al., 2024; Wang
et al., 2025¢).

Recording Agent writes the structured handoff
state, so later roles and auditors can reconstruct
what was decided, why, and under which evi-
dence (Ke et al., 2024; Yu et al., 2025).

A.1.4 Al-Assisted Research Agents

Al-assisted research agents extend the same work-
flow logic to scientific planning, execution, critique,
and information management.

Research Planning Agent structures research
goals into tractable subproblems, choosing se-
quences of analysis or experiment that make com-
plex scientific workflows executable (Swanson
et al., 2025; Xiao et al., 2025).

Scientific Critic Agent checks whether gener-
ated hypotheses, analyses, or claims are method-
ologically sound enough to survive review (Xiao
et al., 2025).

Scientific Critic Agent checks whether gener-
ated hypotheses, analyses, or claims are method-
ologically sound enough to survive review (Xiao
et al., 2025).

Database Agent retrieves and organizes external
biomedical information so later research agents
can ground their decisions in accessible evidence
stores (Shi et al., 2024b).

A.2 Interaction Patterns

This subsection describes how role separation and
control policies become visible at the interaction
level.

Task-Focused Collaboration splits a case into
ordered subtasks, which fits workflows with clear
stage boundaries or specialized micro-decisions (Li
et al., 2024d; Yu et al., 2025; Yue et al., 2024; Shi
et al., 2024b). Its value comes from making state
transitions explicit rather than leaving the whole
workflow inside one long prompt.

Expert-Guided Decision-Making inserts spe-
cialty constraints or expert review into the decision
path when clinical validity cannot be trusted to
one generic reasoning trace (Du et al., 2025; Chen
et al., 2026; Kim et al., 2024; Tang et al., 2024). It
is most useful when the workflow needs consen-
sus, guideline-sensitive review, or domain-specific
correction.

Iterative Problem Optimization (IPO) revises
the current plan after new feedback, tool output, or
interaction evidence arrives (Yu et al., 2025; Du
et al., 2025; Bao et al., 2024; Tang et al., 2024; Shi
et al., 2024b). It fits workflows where local repair
is cheaper and safer than restarting the entire case.

Automated Knowledge Integration (AKI)
merges patient state with retrieved knowledge,
structured memory, or multimodal evidence so
later steps remain context-aware (Shi et al., 2024a;
Liao et al., 2024; Du et al., 2025; Yang et al., 2024;
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Wang et al., 2024a; Lu et al., 2024; Hong et al.,
2024). Its main value is to keep external evidence
attached to the evolving case rather than appended
as an afterthought.

Role-based Coordination assigns different
agents explicit ownership over intake, diagnosis,
counseling, or follow-up steps (Du et al., 2025;
Wang et al., 2024b; Qiu and Lan, 2024; Wang et al.,
2025c; Chen et al., 2026; Schmidgall et al., 2024;
Li et al., 2024b). It becomes useful when the work-
flow crosses responsibility boundaries and each
handoff must preserve state and accountability.

Multi-Round Interactive Debate delays com-
mitment so that disagreement can be surfaced, com-
pared, and resolved before the workflow moves
on (Fan et al., 2025; Chen et al., 2025d; Kim et al.,
2024; Tang et al., 2024; Smit et al., 2024; Lu et al.,
2024; Swanson et al., 2025). It is helpful under
persistent uncertainty, but it raises controller cost
and only pays off when the final reconciliation rule
is explicit.

A.3 Tool Integration

This subsection groups tools by workflow func-
tion, where they fit best, what must be audited, and
which failure signal they expose first.

Retrieval systems pull record- or guideline-
linked evidence into the current step, so consult and
discharge outputs can cite what they rely on (Du
et al., 2025; Kim et al., 2024). Their first failure
is usually retrieval miss, stale evidence, or uncited
use of retrieved content.

Knowledge graphs preserve entities, relations,
and temporal links that are hard to keep stable in
free text alone (Li et al., 2024d; Yu et al., 2025;
Chen et al., 2026). They fit longitudinal or relation-
heavy workflows, but can fail through entity drift
or incorrect linkage.

Medical decision trees turn regulated checks
into explicit pathways for triage, contraindication
review, or structured diagnosis (Yang et al., 2024;
Li et al., 2023). Their main value is predictable
control, and their main risk is brittleness when the
input state is incomplete or off-distribution.

LLM-as-KB uses model-internal knowledge as
a flexible synthesis layer when no single external
database is enough (Yue et al., 2024; Frisoni et al.,
2024). It is useful for broad reasoning but should
not replace provenance-bearing evidence stores.

Smart device and sensor data bring streaming
physiologic or behavioral signals into the workflow,
which is valuable for monitoring and personalized
follow-up (Yang et al., 2024; Abbasian et al., 2025).
The first failure is usually weak alignment between
the observed signal and the text decision it is sup-
posed to support.

Multi-modality processing tools connect text
reasoning to images, reports, and sensor streams so
decisions remain anchored to observed modality-
specific evidence (Li et al., 2024d; Yang et al.,
2024; Li et al., 2024a). They matter when visual
or multimodal evidence cannot be safely collapsed
into text alone.

Computational reasoning tools add executable
analysis, code, or formal inference when the work-
flow depends on calculations or reproducible re-
search steps (Wang et al., 2024g; Hong et al., 2024).
Their advantage is precise execution, but only when
code version, parameters, and outputs are logged.

Other clinical decision support tools connect
the workflow to external APIs, predictive mod-
els, or structured reporting services that fill gaps
left by local tools (Wang et al., 2024a; Li et al.,
2024a). They are best treated as specialized con-
nectors whose outputs still need provenance and
compatibility checks.

Other biomedical research tools support tasks
such as drug discovery, genomics, and molecular
analysis when the workflow extends into scientific
experimentation (Swanson et al., 2025; Jin et al.,
2024; Liu et al., 2024). Their main requirement is
reproducible execution rather than fluent explana-
tion alone.

A4

This subsection focuses on the state that must sur-
vive a handoff, where different memory designs fit,
and what failure each design tends to introduce.

Memory Management

A4.1 Long-Term Memory (LTM)

Long-term memory (LTM) keeps knowledge that
should remain available across visits, sessions, or
repeated workflows.

External Memory keeps stable references out-
side the model, including records, guidelines,
knowledge graphs, trial registries, prior trajecto-
ries, and domain repositories (Wang et al., 2024a,e;
Lu et al., 2024; Yang et al., 2024; Shi et al., 2024a;
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Yue et al., 2025; Chen et al., 2026; Yue et al., 2024,
Liu et al., 2024; Wang et al., 2026; Lai et al., 2025).
It fits workflows that need auditable retrieval and
step-specific grounding, but it can fail through stale-
ness, retrieval miss, or weak linkage between stored
evidence and the active case state.

External Memory keeps stable references out-
side the model, including records, guidelines,
knowledge graphs, trial registries, prior trajecto-
ries, and domain repositories (Wang et al., 2024a,e;
Lu et al., 2024; Yang et al., 2024; Shi et al., 2024a;
Yue et al., 2025; Chen et al., 2026; Yue et al., 2024;
Liu et al., 2024; Wang et al., 2026; Lai et al., 2025).
It fits workflows that need auditable retrieval and
step-specific grounding, but it can fail through stale-
ness, retrieval miss, or weak linkage between stored
evidence and the active case state.

Dynamic Updating refreshes the current case
with newly retrieved evidence, updated guidelines,
expert feedback, or prior cases that become rele-
vant at the present step (Louie et al., 2024; Yang
et al., 2024; Wang et al., 2024g; Shi et al., 2024b;
Schmidgall et al., 2024; Bao et al., 2024; Wang
et al., 2026; Lai et al., 2025). It matters when the
workflow would otherwise keep reasoning on stale
state.

A.4.2 Short-Term Memory (STM) and
Multi-Agent Shared Working Memory
(WM)

STM and WM support different parts of the work-
flow. Short-term memory (STM) keeps the current
interaction coherent inside one local step, for exam-
ple by retaining dialogue history, extracted entities,
or a temporary summary (Liu et al., 2025c). Work-
ing memory (WM) is shared across roles and stores
the active case state, intermediate decisions, feed-
back, and execution traces that later agents need in
order to resume the workflow without reconstruc-
tion (Lu et al., 2024; Hong et al., 2024; Kim et al.,
2024; Xiao et al., 2025; Tang et al., 2024; Wang
et al., 2025¢c; Swanson et al., 2025; Wang et al.,
2026; Lai et al., 2025).

A.5 Reasoning Mechanisms

A.5.1 Direct Reasoning

This subsection expands the main-text discussion
by asking when a reasoning pattern fits, what it
costs in practice, and what must be logged if the
workflow depends on it.

Single-path Reasoning follows one explicit
chain from evidence to answer, which fits short and
well-specified tasks where the main risk is omis-
sion rather than unresolved disagreement (Li et al.,
2024d; Wang et al., 2024e,b; Kim et al., 2024; Yan
et al., 2025b; Schmidgall et al., 2024; Bao et al.,
2024; Wang et al., 2024g; Yue et al., 2024; Chen
et al., 2025b). Its main weakness is that local errors
propagate forward unless a later gate interrupts the
chain.

Multi-path Reasoning keeps several candidate
paths alive through parallel specialists, debate, self-
consistency, or planner-generated alternatives (Du
et al., 2025; Chen et al., 2026; Kim et al., 2024,
Tang et al., 2024; Wang et al., 2025c; Li et al,,
2024c; Wang et al., 2024a; Hong et al., 2024; Liu
et al., 2024; Swanson et al., 2025). It is useful
under persistent uncertainty, but it increases con-
troller cost and requires explicit reconciliation or
escalation rules.

A.5.2 Feedback-Based Reasoning

Feedback-based reasoning updates the current plan
rather than treating the first answer as final.

External Feedback Reasoning revises the work-
flow after patient interaction, expert correction, or
tool output adds new evidence (Chen et al., 2025b;
Johri et al., 2023; Li et al., 2024c¢). It fits settings
where the case state changes during execution and
the system must adapt rather than restate the old
plan.

Self Feedback Reasoning revises reasoning in-
ternally when external supervision is delayed or un-
available, for example through reflection, self-play,
or structured error checking (Louie et al., 2024; Yu
et al., 2025; Schmidgall et al., 2024; Wang et al.,
2024g). It can reduce local inconsistency, but it still
needs a stopping rule and later verification before
high-stakes commitment.

B Expanded Workflow Settings and Task
Examples

This appendix section extends the workflow fami-
lies from the main text with representative systems
and sharper task-specific distinctions.

B.1 Clinical Workflow Simulation

Clinical workflow simulation covers consultation,
diagnosis, discharge, and follow-up under explicit
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stage structure. Some systems focus on consul-
tation itself, using patient, doctor, and evaluator
agents to expose where questioning, evidence use,
or abstention breaks down across stages (Liu et al.,
2025c¢c; Johri et al., 2023; Li et al., 2024c; Fan
et al., 2025; Schmidgall et al., 2024). Others
extend the workflow to intake, reception, or the
full patient journey, which makes routing, hand-
off completeness, and state persistence central
rather than secondary (Bao et al., 2024; Li et al.,
2024b). A closely related patient-facing line fo-
cuses on discharge and post-visit support, where
the key outcomes are explanation quality, compre-
hension, and follow-up readiness rather than diag-
nosis alone (Cai et al., 2023; Yao et al., 2024, 2025;
Jang et al., 2025).

Given the communication-centric nature of men-
tal health care, this line can be read as a longitu-
dinal variant of the same workflow logic. These
systems care most about stable patient state, be-
havior change, and timely escalation over repeated
turns, often using expert-authored behavioral rules
or structured counseling principles to reduce unsafe
drift (Louie et al., 2024; Wang et al., 2024e; Chen
et al., 2023; Wang et al., 2024b; Wei et al., 2024).

B.2 Multi-Disciplinary Medical Team
Simulation

This family studies cases where explicit specialty
disagreement is part of the task. Systems such as
RareAgents, MDAgents, MEDAGENTS, and Co-
laCare use coordinated specialists, moderators, or
meta-agents to compare views, integrate evidence,
and convert disagreement into a final recommen-
dation rather than hiding it inside one trace (Chen
et al., 2026; Kim et al., 2024; Tang et al., 2024;
Wang et al., 2025c).

B.3 Simulated Patients for Medical Education

This family uses patient and clinician roles to train
communication, history taking, and diagnostic rea-
soning under controlled evaluation. The main de-
sign goal is not bedside autonomy but fidelity,
structured feedback, and repeatable assessment of
learner performance (Du et al., 2025; Wei et al.,
2024; Mehandru et al., 2024; Yao et al., 2026b).

B.4 Other Medical Process Optimization and
Cross-Disciplinary Simulation

This family extends the same multi-agent logic
to process optimization, biomedical research, and
public-health simulation. The shared pattern is

explicit role separation, tool-mediated work, and
structured traces over complex workflows rather
than direct bedside interaction (Swanson et al.,
2025; Williams et al., 2023).
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