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Abstract—Mental health has become a critical global concern,
and many individuals now turn to conversational agents for
support when facing emotional distress and complex health
problems. In these high-stakes and emotionally sensitive settings,
patients’ self-descriptions are often long, fragmented, and inter-
weave medical facts with psychological needs, lifestyle concerns,
and urgent safety questions. Large Language Model (LLM)-based
assistants must therefore not only answer clinical questions, but
also accurately uncover the multiple underlying intentions that
drive a patient’s request, as a prerequisite for empathetic and
trustworthy interaction. In this work, we propose MIRA, a
multi-intention recognition and planning framework designed to
understand complex patient intentions in mental health-related
consultations. MIRA first introduces a two-stage intention recog-
nition module that decomposes verbose queries into clinically
aligned sub-queries using semantic matching with medical intent
prototypes, including intents such as medical psychological support
and lifestyle guidance. Next, a Dynamic Intent Orchestration
(DIO) agent leverages clinical dependency modeling to plan
execution sequences that respect medical best practices and safety
considerations. Based on this plan, a multi-agent collaboration
system with a Hierarchical Progressive Decision-making (HPD)
agent synthesizes evidence across sequential diagnostic stages to
generate context-aware advice that is suitable for emotionally
sensitive scenarios. We evaluate MIRA on several real-world
medical dialogue benchmarks. Both automated metrics and expert
physician evaluations show that MIRA consistently outperforms
existing different baselines in intent comprehension, clinical
planning, and overall response quality.
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<% Medical Consultation
My father is post heart attack stent surgery, he suddenly had chest tightness and shortness of
breath for the past two days, and just now he measured his blood pressure at 160/95, but he said
he didn't want to go to the hospital, so he wanted to ask if he should take nitroglycerin. At the
same time, he is diabetic and his blood sugar was measured at 16 in the morning, while
Metformin, which he usually takes, was not taken yesterday.Besides nitroglycerin, what else can
we do at home right now to relieve his symptoms?
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Fig. 1. Comparative analysis between MIRA and other Medical Multi-Agent
Systems(such as MDAgents [15]) on real-world patient scenarios including
patient intent extraction. Previous methods identify limited medical intentions,
while MIRA extracts multiple intents for more comprehensive diagnosis.

language models, Agent collaboration, Intent comprehension

I. INTRODUCTION

ENTAL health disorders impose a substantial burden

on individuals and healthcare systems worldwide [1],
[2]. Despite the growing demand, professional mental health
services remain inaccessible for many, hampered by systemic
workforce shortages, prohibitive waitlists, and the persistent
barrier of social stigma [3]. As a result, many people describe
their symptoms, emotions, and daily struggles in online
platforms and conversational systems, hoping to receive timely
guidance or reassurance [4], [5], [6], [7]. In these emotionally
sensitive scenarios, patient utterances are typically verbose,
mixing physical complaints, medication questions, psycho-
logical distress, and urgent safety concerns within a single
message. Recent advances in Large Language Models (LLMs)
have enabled more human-like interactions in healthcare and
mental health applications [8], [9], [10]. However, most existing
LLM-based assistants still treat each user query as a single,
unified intent, overlooking the multiple intertwined needs that
underlie real-world consultations [11], [12]. This limitation
is particularly harmful in mental health interactions, where
users may simultaneously seek symptom analysis, treatment
information, lifestyle advice, and psychological support or
crisis-related guidance [13], [14]. Accurately extracting these
co-occurring intentions is a key prerequisite for building
emotionally aware, trustworthy, and clinically safe Al agents.
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Recently, Large Language Model (LLM)-based medical
assistants [16], [17], [18], [19], [20] have emerged as a
transformative solution, showing immense promise in improv-
ing diagnostic efficiency and automating widely accessible
healthcare services. To empower these models with professional
capabilities, previous research efforts have primarily focused
on injecting healthcare-specific knowledge into general-purpose
LLMs. This is typically achieved through strategies such
as constructing specialized external knowledge bases for
retrieval [21] or fine-tuning models on large-scale medical
corpora [22]. While these methods effectively enhance the
models’ factual understanding of medical concepts, they often
exhibit significant limitations when deployed in dynamic, real-
world clinical environments where adaptability is key. To
address the rigidity of single-model approaches, LLM-based
multi-agent systems have attracted attention as a superior
alternative. By simulating a collaborative environment, these
systems utilize multiple agents to follow complex instructions
and facilitate decision-making in realistic scenarios. In such
frameworks [23], [24], distinct agents can assume specialized
roles and collaborate to address diverse and shifting patient
needs, theoretically leading to more accurate and comprehen-
sive medical outcomes.

Despite this progress, current implementations face a critical
bottleneck. As illustrated in Figure 1, existing multi-agent
systems are predominantly designed for structured, single-turn
tasks like medical question-answering (QA) [25]. Consequently,
they struggle to navigate the intricacies of authentic, multi-
turn medical dialogues. In actual clinical practice, patients
rarely provide concise or structured information; their self-
descriptions are frequently verbose, disorganized, and laden
with hidden intentions or emotional nuances [26]. Therefore,
the ability to accurately distill core medical needs from
such unstructured input is not just an enhancement—it is
a fundamental prerequisite for improving the reliability of
medical decision-making.

To address the above challenges, we propose MIRA, an
LLM-based multi-agent framework designed to better under-
stand patients’ complex intentions in healthcare and mental
health-related consultations. MIRA is positioned as a core
building block for empathetic Al assistants in emotionally sen-
sitive settings, where users often intertwine clinical questions
with psychological support needs and lifestyle concerns. First,
a two-stage intention recognition module decomposes verbose,
emotionally laden patient descriptions into clinically grounded
sub-queries, aligning them with a taxonomy of medical and
psychological-support intents and thereby enabling the model
to identify co-occurring medical and mental-health—relevant
goals. Next, a Dynamic Intent Orchestration (DIO) agent
leverages clinical dependency modeling and safety-aware
prioritization to coordinate the execution flow among multiple
specialized agents, ensuring that high-risk or psychologically
salient needs are addressed in an appropriate order. Finally, a
multi-agent collaboration system employs intent-specific agents,
coordinated by a Hierarchical Progressive Decision-making
(HPD) agent that accumulates evidence across sequential stages
to produce coherent, trustworthy advice suitable for complex
and emotionally sensitive health interactions.

Beyond improving medical reasoning and task execution,
MIRA also contributes to affective computing by enabling
affect-aware intention understanding in emotionally sensitive
healthcare interactions. Instead of treating emotions as isolated
signals, MIRA models psychological-support needs as an
integral component of patient intentions and coordinates them
with medical concerns through safety-aware planning. Such
intention-level affective understanding provides a foundation
for building more empathetic and trustworthy Al assistants.
The main contributions of this work are as follows:

o We introduce MIRA, an LLM-driven multi-agent frame-
work that integrates multi-intention recognition and clini-
cal planning to address complex patient queries in medical
and mental health contexts. MIRA provides a foundation
for building empathetic and trustworthy Al assistants in
emotionally sensitive healthcare scenarios.

o We develop a clinically grounded intention understand-
ing and planning mechanism, including a multi-intent
taxonomy, a two-stage intention recognition module,
and a dynamic orchestration strategy coordinated by a
hierarchical progressive decision-making agent. These
components enable safety-aware intent prioritization and
evidence-grounded response generation for high-stakes
medical and mental health interactions.

e We construct the Mental Multi-Intention (MMI) dataset
from real-world medical consultation records and con-
duct comprehensive evaluations on multiple medical
dialogue benchmarks. The proposed dataset and evaluation
framework provide more realistic resources for studying
complex multi-intent understanding and empathetic LLM-
based healthcare assistants.

II. RELATED WORK
A. LLM-driven Multi-agent Healthcare Systems

LLMs such as ChatGPT and GPT-4 [27], [28] have demon-
strated strong generalization across multidisciplinary tasks,
including healthcare and early explorations in mental health
support. However, while general-purpose LLMs [29] possess
broad medical knowledge, they often lack the domain-specific
alignment and safety required for deployment in high-stakes,
emotionally sensitive scenarios. To address this gap, recent med-
ical LLMs [16], [17], [20], [30], [16] (e.g., HuatuoGPT [31],
[32], Zhongling [18], [19], PediatricsGPT [17], Meditron [20],
and MedicalGPT [30]) enhance clinical robustness through
curated doctor—patient conversation corpora, expert feedback,
and specialized training pipelines. These models primarily
focus on improving factual accuracy and clinical reasoning,
laying the foundation for safe Al assistance in healthcare.

Despite these advances, single-agent LLM systems still
face challenges such as hallucinations, inconsistent reasoning,
and limited contextual comprehension in complex clinical
encounters, especially when patients mix physical complaints
with psychological distress or lifestyle concerns. To alleviate
these limitations, multi-agent architectures have emerged as a
promising paradigm. Methods such as MDAgent [15] and
MEDAgents [25] employ dynamic multi-expert discussion
mechanisms, where specialized agents collaboratively handle
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different aspects of the medical task. These systems improve
decision robustness and interpretability, but they typically
assume a single dominant task or intent per interaction and
pay limited attention to the fine-grained, multi-intent nature of
real-world medical and mental health-related consultations. Our
work builds on this line of research by equipping an LLM-based
multi-agent framework with explicit multi-intention modeling
tailored to complex, emotionally sensitive patient queries.

B. Multi-Intent Comprehension

In both general healthcare and mental health support,
a single patient inquiry often implicitly contains multiple
intertwined intents, such as symptom analysis, diagnosis, treat-
ment recommendation, lifestyle counseling, and psychological
support [33], [34]. Recent healthcare dialogue systems have
also studied complex user intent detection. For example, Conco-
ERNIE [35] investigates complex intent detection for smart
healthcare cognitive bots and shows that user queries in medical
dialogue often contain multiple correlated intents. Accurately
recognizing these co-occurring intents and structuring them
into clinically meaningful stages is crucial for safe and
empathetic assistance, yet it remains a challenging problem.
Traditional intent recognition methods evolved from rule-based
systems to neural models based on sequence labeling and
hierarchical classification, which work well for short, well-
structured queries but struggle with verbose, narrative-style
patient descriptions [36], [37], [38].

With the emergence of LLMs, research has increasingly
leveraged prompt engineering and fine-tuning for intent classi-
fication in domain-specific settings. Medical LLMs and clinical
agents have begun to incorporate intent-aware prompting and
task decomposition, but many remain constrained by predefined
workflows and rigid rule sets, limiting their adaptability when
patients present multiple, partially overlapping needs [39],
[40]. In particular, current LLM-based methods often treat
psychological support or counseling as implicit sub-tasks rather
than explicitly modeled intents, making it difficult to prioritize
or adapt responses in emotionally sensitive interactions [41],
[42], [43], [34]. Recent work has also explored intent-aware
assistants for distress and mental-health support. Nazar et
al. [44] introduce a RAG-based situation- and intent-aware
assistant that infers emotionally charged user intents, adapts
responses to the user state, and grounds support in curated
knowledge sources. In contrast, our work explicitly models a
clinically grounded taxonomy of medical and psychological-
support intents and introduces a multi-intention recognition
mechanism that decomposes verbose patient queries into
aligned sub-intents, thereby providing a structured basis for
downstream empathetic and context-aware response generation.

C. Intent Orchestration and Task Planning

Beyond recognizing multiple intents, effectively orchestrating
and prioritizing them is essential for clinical decision support
and for building trustworthy AI assistants in mental health—
related contexts. Traditional clinical workflow management
systems [45] rely on static, rule-based scheduling, which
lacks the flexibility to adapt to dynamic patient conditions or

evolving emotional states. Al-driven task planning has explored
dependency modeling and priority-based scheduling [46], but
many of these approaches are designed for generic planning
problems and do not fully incorporate medical or safety-specific
constraints. In healthcare, inappropriate task sequencing can
lead to suboptimal or even harmful outcomes [47], such as
prescribing treatment before sufficient diagnostic evaluation or
failing to address urgent safety concerns early in the interaction.

Traditional clinical pathway and decision support sys-
tems [48], [49] often rely on rigid, linear protocols. Conse-
quently, they struggle to handle the nuance of complex consul-
tations where medical and psychological needs intersect. This
rigidity is particularly risky in mental health settings, where
the precise timing and framing of interventions are vital for
trust and safety. To address this, we introduce a dynamic intent
orchestration mechanism. This approach adaptively sequences
tasks based on safety priorities and clinical dependencies,
ensuring that the system handles composite patient needs with
the flexibility of real-world clinical reasoning.

D. Logical Reasoning in Mental Health

Logical reasoning is a core requirement for complex medical
decision-making and for providing coherent, trustworthy guid-
ance in emotionally charged consultations [50], [51], [52], [53].
Traditional methods such as Chain-of-Thought (CoT) [54] and
its extensions (CoT-SC [55], ToT [56], GoT [57]) encourage
LLMs to break down problems into intermediate reasoning
steps, improving performance on many clinical QA and
diagnostic tasks. However, these approaches typically operate
on a single explicit task formulation and are less suited to
settings where multiple, latent intents must be uncovered and
reasoned over jointly.

Recent medical multi-agent systems, such as MDAgent [15]
and MedAgent [25], leverage collaborative agents to enhance
reasoning flexibility by distributing subtasks (e.g., diagnosis,
treatment planning, evidence retrieval) across specialized roles.
MedAIDE [39] further combines multi-modal data fusion with
medical intent modeling to produce more context-sensitive
outcomes. Nevertheless, these frameworks generally focus on
improving clinical reasoning accuracy rather than explicitly
modeling the multi-intent structure of patient queries or
tailoring reasoning workflows to emotionally sensitive, health-
related interactions. Our work complements these efforts by
introducing a framework that not only enforces structured
reasoning within and across agents but also explicitly identifies,
decomposes, and prioritizes concurrent medical and psycho-
logical intents. By synthesizing multi-intent recognition with
dynamic orchestration and hierarchical decision-making, MIRA
enhances the efficiency and contextual relevance of Al-driven
care.

III. METHODOLOGY
A. Overall Workflow of MIRA
As illustrated in Figure 2, the MIRA framework operates
through a cohesive three-stage pipeline designed to bridge
raw patient input with actionable clinical decisions. First,
in the Intention Recognition stage, we deploy a specialized
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Fig. 2. Overview of MIRA framework. The framework comprises three core modules: (1) Intent-driven Query Decomposition (left): The system breaks down
complex queries into sub-queries by performing intent recognition, context-aware decomposition, and sub-query validation. (2) Dynamic Intent Orchestration
Agent (middle): This agent builds a dependency graph and calculates priority scores to reorder sub-query execution based on urgency, dependency, and
contextual priority. (3) Multi-Agent Collaboration System (right): This module dynamically activates one or more of the four specialized agents based on
recognized intents. A central HPD agent with CoT-based reasoning and Knowledge-Guided Few-shot Sampling (KGFS) integration consolidates their insights
to generate context-aware medical advice. For the multi-agent collaboration system, intent-specific agents generate structured reports under HPD coordination,

followed by evidence accumulation, safety checking, and final synthesis.
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Fig. 3. Radar chart comparing the distribution of medical intent categories
between the MMI and Huatuo Dataset. The values are normalized by dividing
each data point by the maximum value across both datasets to ensure
comparable scales from 0 to 1. The chart encompasses 14 medical intents
with values plotted on a polar coordinate.

recognition module that ingests complex, unstructured medical
queries from patients. This module is responsible for parsing the
text to accurately distill the underlying, multifaceted intentions.
Subsequently, in the Planning stage, we introduce the Dynamic
Intent Orchestration (DIO) agent. Serving as the system’s
central conductor, the DIO agent dynamically sequences and
coordinates the 14 fundamental medical intents (detailed in
Figure 3). It ensures that the workflow is logically arranged
based on the recognized needs. Finally, the process concludes
with the Execution stage, which features a robust multi-
agent collaboration system. Here, intent-specific agents address
distinct steps of the clinical process, while the Hierarchical
Progressive Decision (HPD) agent systematically executes these
intentions to synthesize the final medical decision.

B. Medical Intent Taxonomy

As shown in Figure 3, we organize the 14 medical care
intents into four clinically motivated stages: (a) Diagnosis &
Assessment, (b) Treatment-Care, (c) Recovery-Support, and (d)
Lifestyle-Guide. This structure mirrors the natural workflow
of real-world consultations. It begins with initial symptom
exploration and risk assessment, then advances to therapeutic
decision-making. Finally, it extends to long-term follow-up,
covering both psychological support and lifestyle adjustments.
To ensure validity, we derive this taxonomy from 500 clinical
records. Three board-certified physicians then refine it to cover
diverse medical and mental health needs.

The taxonomy is constructed through a clinical-workflow-
guided and data-informed process. It is not purely derived
from unsupervised clustering or directly mapped from ICD-
10, because ICD-10 focuses on disease coding, whereas our
taxonomy describes patient consultation intents. Specifically,
we review 500 de-identified clinical consultation records to
identify recurring patient needs, organize the candidate intents
according to the general care workflow, and ask three board-
certified physicians to refine the categories. The final 14-
category taxonomy therefore reflects both empirical patterns
in real consultations and clinical reasoning about patient care.

C. Intent-driven Query Decomposition

In this module, we propose a robust two-stage approach to

decompose complex, verbose patient narratives into clinically
relevant sub-queries. This process ensures that each resulting
sub-query addresses a distinct medical intent, facilitating more
precise downstream processing.
Stage 1: Pseudo Query Generation. Given an input query
@, we first employ GPT-4.5 [58] to perform initial query
decomposition. This stage generates a set of potential sub-
queries P = {p1,p2,...,Pm}, termed Pseudo Queries, by
leveraging the LLM’s capability to parse semantic structures
and clinical contexts.
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TABLE I
INTENT DEPENDENCY TABLE FOR THE RPG ALGORITHM. v’ INDICATES THAT THE INTENT IN THE ROW REQUIRES THE INTENT IN THE COLUMN AS A
PREREQUISITE.

Intent | SA CI TRI

D TR MSR

SRC MC DA EG MPS RG ExG DR

Symptom Analysis (SA)

Cause Investigation (CI)

Test Result Interpretation (TRI)
Diagnosis (D)

Treatment Recommendations (TR)
Medication Safety Review (MSR)
Surgery-Related Consultation (SRC)
Medication Consultation (MC)
Dietary Advice (DA)

Emergency Guidance (EG)

Medical Psychological Support (MPS)
Rehabilitation Guidance (RG)
Exercise Guidance (ExG)
Department Recommendation (DR)

AR AR
AN N NN
EENENENE

SNEN
SNEN
SNEN

A N N S NN
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We govern this decomposition using a specific prompt design,
denoted as Pyecompose- This prompt explicitly instructs the model
on how to structure the outputs. It requires each sub-query to
be self-contained and linguistically concise. Furthermore, it
ensures that the essential medical context of the original input
is preserved:

P= LLM(Q7 Pdecompose)~ (D

The detailed prompt template used in this stage is presented in
Table II. By strictly adhering to these constraints, we minimize
ambiguity and ensure that multi-faceted patient descriptions
are broken down into atomic, actionable medical questions.
Stage 2: Semantic Matching. To accurately categorize the
intentions of the generated pseudo queries, we introduce
a semantic matching mechanism. We employ a specialized
BioBERT model [39], which has been pre-trained on large-scale
biomedical corpora (including PubMed abstracts and PMC full-
text articles) and fine-tuned for medical intent understanding.

For each pseudo query p; € P, we compute its semantic
similarity against our predefined set of intent prototypes Z =
{i1,42,...,114, 1y}, where ig represents a None category for
irrelevant queries. The matching score is calculated using cosine
similarity based on the BioBERT embeddings:

s;; = sim(BioBERT (p;), BioBERT (i;)). )

Each pseudo query is deterministically assigned to the intent
category that yields the maximum semantic similarity score,
ensuring alignment with the most relevant clinical domain:

intent(p;) = ar ma. Sif- 3
(ps) B e X Sik (3)

1,..,15}

The rigorous matching process effectively filters noise and
maps unstructured patient language to the clinical taxonomy.

For each of the 14 medical intents, we construct 5 natural-
language prototypes based on the intent definition, representa-
tive expressions from training records, and physician-reviewed
boundary cases. This results in 70 clinical intent prototypes.
Each prototype describes a typical patient need under the
corresponding intent, such as asking about medication safety,
symptom interpretation, emergency risk, or psychological
support. We further define a None category with 8 prototypes,

TABLE I
PROMPT TEMPLATE FOR PSEUDO QUERY GENERATION USED IN STAGE 1.

System Prompt

You are a medical query analyzer. Your task is to decompose
a complex patient query into multiple distinct sub-queries,
where each sub-query addresses a single, specific medical
intention.

User Prompt Template

Given the following patient query:
{patient_query}

Please decompose this query into multiple sub-queries. Each
sub-query should:

1. Address a single, distinct medical intention

2. Be self-contained and understandable without external
context

3. Preserve essential medical context from the original text

4. Use clear, concise language

Output format: Return a JSON list of sub-queries:

["sub-query 1", "sub-query 2", ...]

covering pseudo-queries that are off-topic, non-actionable,
duplicate, too vague, or not related to a stable medical or
psychological-support intent. The prototype wording is fixed
after physician review and is not optimized on the test set. The
validation split is used only to calibrate matching thresholds.

Given a pseudo-query p, the score of intent ¢ is computed
as S;(p) = max,cp; cos(e(p),e(r)), where Pi denotes the
prototype set of intent ¢ and e(-) denotes the BioBERT
embedding. Let ¢ be the best clinical intent, S, be its score,
S5 be the second-highest clinical score, and SNone be the
score of the None category. The pseudo-query is assigned to
c only when S, > 75, S. — S3 > 7, and S, — SNone > 7,.
Otherwise, it is marked as None or uncertain instead of being
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Algorithm 1 Recursive Priority Grouping

Algorithm 2 Hierarchical Progressive Decision-making

1: function RPG-ORCHESTRATION(I, P, C, D)
2: R+ 1

3 while R # () do

4 i* + LLM-Priority(R, P, C)

5 T« D[i*] N R

6: S < LLM-Sequence(T' U {i*}, P, C)
7 ProcessGroup(.S)

8 R+ R\ S

9: end while

10: end function

forced into a clinical intent. This rejection mechanism reduces
false positives for ambiguous or off-topic fragments. For safety-
sensitive intents, such as emergency guidance, medication safety
review, and medical psychological support, low-confidence
candidates are preserved with an uncertainty flag when their
scores are close to the threshold, so that downstream agents
can handle them conservatively.

D. Dynamic Intent Orchestration Agent

We propose a Dynamic Intent Orchestration (DIO) agent. It
is an adaptive system for dynamically arranging 14 fundamental
medical intents, including intents related to psychological
support and lifestyle guidance. The DIO agent addresses a key
challenge in clinical decision support systems and in mental-
health—related interactions. It helps complex, multi-step medical
workflows adapt to evolving patient conditions and emotional
states while still following clinical best practices.

Without proper orchestration, healthcare delivery can suffer
from what Ancker et al. [59] termed “alert fatigue”. Clinicians
and Al assistants may become overwhelmed by non-prioritized
information and may overlook critical interventions. They also
face attention fragmentation [60], a cognitive burden that can
lead to fatigue and medical errors. These risks are particularly
serious in emotionally sensitive settings, such as mental health
consultations, where safety-critical and psychologically salient
intents must be recognized and addressed in a timely manner.

Diverging from static medical workflows, the proposed
DIO agent uses large language models to evaluate execution
sequences in a flexible way. It considers dynamic clinical factors
and real-time medical context. It also incorporates patient-
specific conditions, including those related to psychological
distress and support needs, to improve clinical safety and
efficiency. The agent employs a Recursive Priority Grouping
(RPG) methodology, which we formalize in Algorithm 1.
Correctness and Acyclicity Analysis. We analyze the correct-
ness of the proposed RPG algorithm. Let the intent dependency
structure be denoted as a directed graph G = (Z, &), where T is
the set of medical intents and (i;,x) € £ indicates that intent
i; must be processed before intent 7. The dependency table D
is constructed from clinical precedence relations and is further
reviewed by board-certified physicians. Before orchestration,
we validate G by topological sorting. If a cycle is detected,
the dependency table is rejected and revised before execution.
Therefore, Algorithm 1 operates only on a verified directed

Require: Patient query (), Ordered intent
{G1,Gs,...,Gr}
Ensure: Final medical advice Agpal
1: Initialize historical evidence H < () and stage reports
R+ 0
2: fort =1to T do
3 Retrieve current intent group Gy = {iy, 42, ...
4: Initialize group analyses A; < ()
5: for each intent i; € G do
6
7
8
9

groups

7ik}

> Sequential Intent Processing
r; < ProcessIntent(Q, i;, H)
Ay +— AU {T’j}
end for

10: > Progressive Evidence Accumulation
11: R; + SynthesizeGroup(A;, Q, H)
12: H < HU{R:}
13: R+ RU{R:}
14: end for
15: Agna < GenerateFinalAdvice(Q, R, H)
16: return Agpa

acyclic graph. The algorithm satisfies both termination and
dependency preservation. At each iteration, the remaining set R
contains all unprocessed intents. The algorithm selects a highest-
priority intent 1" € R, retrieves its unprocessed prerequisites
T = D[i*] N R, and constructs a sequenced group S C R that
contains ¢*. Since ¢* € S, the remaining set is strictly reduced
after each iteration, i.e., R + R\ S. Thus, the algorithm
terminates after at most |Z| iterations. In addition, since G is
acyclic, each group S admits a valid topological order. As
a result, every intent is processed only after its prerequisite
intents have either been included earlier in the same group or
already been processed in previous groups.

The RPG algorithm follows a clinically intuitive strategy.
It recursively identifies the highest-priority intent ¢* from the
remaining set of intents R. It then consults a dependency table
D to determine prerequisite intents 7' that must be processed
before ¢*. This allows the system to group and execute intents
in an order that respects clinical logic and safety considerations.
In scenarios that involve mental health or emotional distress,
this mechanism can place risk assessment and psychological
support earlier in the workflow when needed. The dependency
table D is structured as a directed acyclic graph (DAG). Each
intent maps to its prerequisite intents:

Dlix] = {i; € Z | i; must be processed before i }.

We construct this table in two phases. First, we extract
fundamental prerequisite relationships from established clin-
ical diagnostic protocols [61], [62]. Second, three board-
certified physicians, specializing in internal medicine, emer-
gency medicine, and clinical decision support, validate and
refine these relationships. This process helps ensure that the
dependency structure reflects real-world clinical reasoning in
both general medical and mental health scenarios.

The design of D is dynamically extensible. When new
medical or mental health intents are introduced, only the
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dependency table needs to be updated by specifying Dlinew]-
The core MIRA framework does not require modification.
The DAG structure automatically checks that no cycles are
introduced, i.e., inew ¢ Ancestors(Dlinew|). This guarantees that
the orchestration algorithm remains sound while supporting
future expansion of medical and psychological-support intents.
Complete dependency specifications and clinical rationale are
provided in Table I.

E. Multi-Agent Collaboration System

Our framework employs a Hierarchical Progressive Decision-
making (HPD) agent designed to orchestrate the entire diagnos-
tic reasoning process. Operating as the system’s cognitive core,
the HPD agent sequentially processes intent groups provided by
the DIO agent. This approach emulates the systematic workflow
of clinical diagnosis, where physicians meticulously gather
prerequisite information before making high-stakes decisions.

Just as human doctors require a complete patient history,

symptom analysis, and test results before recommending
treatment plans, our HPD agent progressively builds medical
reasoning by processing intents in their logical dependency
order. This hierarchical mechanism ensures that each diagnostic
step is grounded in previously established medical evidence,
thereby minimizing the risk of premature or unsupported
conclusions. The complete workflow of this decision-making
process is formalized in Algorithm 2.
Sequential Intent Processing. As detailed in Algorithm 2,
when the DIO agent dispatches an intent group G; =
{i1,142,...,1 } at stage ¢, the HPD agent processes each intent
strictly according to the predetermined execution order. For
each intent i; € G, the agent generates an intent-specific
analysis r;:

Ty = HPD(Qaij7H<t)7 (4)

where @) represents the original patient query and H . denotes
the historical reasoning outputs accumulated from all previous
stages. This formulation explicitly captures the dependency on
prior diagnostic information. It ensures that each new inference
is contextualized by previously established medical findings,
preventing logical hallucinations.

Progressive Evidence Accumulation. Following the individual
analysis of intents, the system enters the synthesis phase. The
HPD agent aggregates all reasoning outputs within the current
group to generate a stage-specific medical report R;:

S TRY)- (&)

This report serves a dual purpose: (1) it provides a cohesive
intermediate diagnostic summary for the current stage, and
(2) it is seamlessly integrated into the evidence base, such
that H; = H<¢ UR,. This progressive accumulation is critical
for handling complex medical cases. It guarantees that later
diagnostic steps—such as treatment recommendations—are
computationally conditioned on the verified findings of earlier
stages, such as symptom analysis and lab test interpretations.
Final Decision Synthesis. Once all intent groups have been
processed and the evidence base H is fully populated, the agent
executes the final decision-making step. By synthesizing the
comprehensive stage reports R and the accumulated history

R: = Synthesize({r1, 72, ..
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Fig. 4. Heatmap visualization of medical intent co-occurrence patterns based
on the physician-validated 14-category intent taxonomy. The taxonomy was
constructed through a clinical-workflow-guided and data-informed process
rather than by direct ICD-10 mapping. The color intensity indicates how
frequently two predefined intent categories appear together in patient queries.

‘H, the HPD agent formulates the final medical advice Agpy.
This ensures that the ultimate response is holistic, logically
consistent, and clinically safe.

Hallucination Mitigation and Safety Handling. The HPD
agent mainly reduces logical hallucinations by ensuring that
each reasoning step is conditioned on the previously ac-
cumulated evidence. However, structured reasoning alone
cannot fully eliminate factual medical hallucinations from the
underlying LLM. Such hallucinations may include invented
clinical findings, unsupported medication statements, inaccurate
risk estimates, or overconfident diagnostic claims. To mitigate
this risk, MIRA adopts a conservative evidence-anchored
generation strategy. During final synthesis, the HPD agent
is instructed to ground its advice in the original patient query,
the recognized intents, and the accumulated stage reports.
Medical claims that are not supported by the available context
are removed or expressed with explicit uncertainty. The final
response is also constrained to avoid definitive diagnosis,
precise medication adjustment, or unsupported treatment rec-
ommendation without professional evaluation. For high-risk
situations, such as emergency symptoms, medication safety
concerns, or severe psychological distress, MIRA prioritizes
safety-oriented guidance and recommends timely consultation
with qualified healthcare professionals. Therefore, HPD reduces
the risk of both inconsistent reasoning and unsupported medical
advice, while the system remains a decision-support framework
rather than a replacement for clinical judgment.

1) Bounded Execution and Safety Control: To avoid uncon-
trolled multi-agent reasoning loops, MIRA adopts a bounded
execution strategy. Since the DIO agent operates on a finite set
of recognized intents, the maximum number of intent groups is
bounded by the number of intent categories. Each expert agent
is executed once under normal conditions, with at most one
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TABLE III
PROMPT TEMPLATE USED FOR GENERATING REALISTIC, VERBOSE PATIENT
QUERIES.

System Prompt

You are simulating a patient describing their medical
situation. Based on the provided medical record, generate a
query that:

1. Naturally embeds multiple medical intentions.
2. Uses conversational, non-technical language.
3. Includes relevant context and background.

4. Reflects realistic patterns (e.g., slight disorganization,
tangential details).

5. Maintains clinical accuracy despite verbosity.

User Prompt Template

Generate a realistic patient query based on:
Patient Background: {patient_background}
Chief Complaints: {chief_complaints}
Medical History: {medical_history}
Current Medications: {current_medications}
Recent Events: {recent_events}

Patient Concerns: {patient_concerns}

Task: Generate a verbose query (150-300 words) incor-
porating these elements and expressing multiple medical
intentions.

refinement request when the generated report is incomplete or
violates the required output format.

The HPD agent serves as the final safety gate before
response generation. The system avoids unsupported diagnosis,
unsafe medication modification, and overconfident medical
claims. For high-risk cases involving emergency symptoms,
medication safety concerns, or severe psychological distress, the
final response prioritizes escalation guidance and professional
medical consultation.

2) Agent Roles and Execution Protocol: The multi-agent
collaboration system in MIRA follows a coordinator-mediated
execution protocol rather than unrestricted peer-to-peer dis-
cussion. The HPD agent serves as the central coordinator,
while four intent-specific agents are activated according to
the intent groups generated by the DIO agent. The four
specialized agents correspond to four clinical stages in the
intent taxonomy. The Diagnosis and Assessment Agent han-
dles symptom analysis, cause investigation, test result inter-
pretation, department recommendation, and second opinion
diagnosis. The Treatment-Care Agent focuses on treatment
recommendations, medication consultation, medication safety
review, and surgery-related consultation. The Recovery-Support
Agent processes rehabilitation guidance and exercise guidance.
The Lifestyle-Guide Agent addresses dietary advice, medical
psychological support, and lifestyle-related concerns. Each

expert agent receives five types of information: the assigned
intent, original patient query, previous stage evidence, agent-
specific role instruction, and safety constraints. Instead of
generating final responses independently, each agent produces
a structured report containing key findings, uncertainties, risk
factors, suggested next steps, and information required by the
HPD agent.

The communication among agents is mediated by the HPD
agent. Specifically, the DIO agent first determines the execution
order of intent groups according to clinical dependencies
and safety priorities. For each intent group, the HPD agent
dispatches corresponding expert agents with the original query
and accumulated evidence. After receiving the structured
reports, the HPD agent performs consistency checking, evidence
integration, and stage-level synthesis. The accumulated stage
reports are then passed to subsequent reasoning stages until
all intent groups are processed.

IV. EXPERIMENTS

In this section, we first introduce the dataset used in our
experiments. We then describe the experimental setup and
evaluation metrics. Then, we present the results from testing
our framework on public benchmarks to evaluate its overall
effectiveness. Finally, we conduct multiple ablation study to
validate the accuracy of intent recognition and assess the
necessity of each component in the framework.

A. Dataset Collection and Construction

To address the scarcity of resources for complex query
understanding, we construct the Mental Multi-Intention (MMI)
dataset. The corpus comprises 2,200 samples derived from
authentic, de-identified medical records. We meticulously
process these records to preserve clinical complexity while
simulating realistic patient-physician interactions.

1) The MMI Construction Pipeline: Our process follows a
systematic three-stage pipeline. This ensures the dataset reflects
the multi-faceted nature of real-world consultations.

Stage 1: Record Selection. We do not select records randomly.
Instead, we filter authentic medical cases based on strict criteria.
First, records must possess Clinical Completeness, containing a
full trajectory from diagnosis to treatment. Second, we enforce
Multi-Intent Richness. Selected cases naturally involve multiple
medical intentions, averaging 3 intents per sample. We ensure
diversity across medical specialties and complexity levels.

Stage 2: Verbose Query Generation. Raw medical records
differ significantly from natural patient language. To bridge
this gap, we employ GPT-4.5 to simulate patient descriptions
based on the authentic diagnostic trajectories. This step is
crucial. It captures the verbose, often disorganized nature of
real patient communication. The generation process utilizes
the specific prompt design detailed in Table III. This strategy
ensures the generated text remains clinically accurate while
reflecting natural linguistic patterns and implicit intentions.

Stage 3: Expert Annotation. We validate all generated
samples through a rigorous physician-involved annotation
process. Initially, the system automatically proposes intent
labels according to the predefined 14-category taxonomy. These
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TABLE IV
DISTRIBUTION OF MEDICAL INTENTS IN THE MMI DATASET.

Intent Category Freq. %0
Diagnosis & Assessment

Symptom Analysis 1847  83.9
Cause Investigation 1456  66.2
Test Result Interpretation 892 405
Department Recommendation 734 334
Second Opinion Diagnosis 445  20.2
Treatment-Care

Treatment Recommendations 1523  69.2
Medication Consultation 1389  63.1
Medication Safety Review 1067 48.5
Surgery-Related Consultation 312 142
Recovery & Lifestyle

Rehabilitation Guidance 678  30.8
Medical Psychological Support 423 19.2
Dietary Advice 1234 56.1
Exercise Guidance 845 384
Emergency Guidance 567 25.8

labels serve only as initial annotations and are independently
reviewed by three board-certified physicians. Each physician
examines whether the assigned intents accurately represent
the underlying patient needs and can add, remove, or modify
labels when necessary. For cases with inconsistent annotations,
disagreements are resolved through discussion among the
physicians to obtain the final consensus labels. To further
evaluate annotation reliability, we randomly sample 300 cases
and calculate the inter-annotator agreement before consensus
resolution. The Fleiss’ s score reaches 0.82, demonstrating
substantial agreement among expert annotators and supporting
the reliability of the MMI annotation process.

2) Hybrid Data Composition: To complement the MMI
dataset and ensure broad coverage, we incorporate an addi-
tional 2,200 samples from HuaTuo-26M [63]. We carefully
select these samples to balance the representation of diverse
consultation scenarios. Figure 3 illustrates the intent distribution
across both sources, demonstrating their complementary nature.
MMI excels in multi-intent complexity, while HuaTuo-26M
provides breadth across general medical topics.

3) Statistical Characteristics and Ethics: Our analysis
reveals distinct patterns in patient inquiries. As shown in
Figure 4 of the intent co-occurrence heatmap, symptom analysis
frequently appears alongside department recommendations
and cause investigations. These combinations highlight the
interconnected nature of real-world medical needs. Table IV
details the specific distribution of intents within the MMI
dataset, showing a strong prevalence of symptom analysis
(83.9%) and treatment recommendations (69.2%).

Regarding ethics, we strictly adhere to privacy guidelines. We
remove all personally identifiable information from the source
records. Furthermore, the generated queries contain no traceable
private data. Although all source records were de-identified, the
MMI dataset may still reflect biases in the original clinical data,
such as demographic imbalance, regional healthcare access,

TABLE V
DECODING CONFIGURATIONS USED IN EXPERIMENTS.

Component Temperature Top-p Max Tokens
Baseline generation 0.2 0.95 2,048
MIRA agents 0.2 0.95 2,048
CoT-SC sampling 0.7 0.95 2,048
MMI query generation 0.7 0.95 512
LLM evaluation 0.0 1.0 1,024

disease distribution, and hospital-specific practice patterns.
We mitigated this issue by selecting cases across different
specialties, complexity levels, and intent categories. Future
work will further improve dataset representativeness through
multi-center collaboration and demographic auditing under
appropriate privacy and ethical constraints.

B. Experiment Setup and Evaluation

1) Compared Baselines: We benchmark MIRA against a
diverse set of state-of-the-art approaches. All experiments are
conducted using GPT-4.5 [58] accessed through the official
API released by OpenAl. The experiments were performed
using the API version available in January 2025. The relevant
decoding configurations are listed in Table V. We categorize
these methods into two groups:

Single-Agent Methods. These approaches rely on a single
model instance with varying prompting strategies.

o Zero-shot: Performs direct inference using only the task
instruction. It lacks task-specific examples.

o Few-shot: Enhances performance by incorporating a
limited set of in-context demonstrations to guide the
model.

e CoT [54]: Extends Few-shot by explicitly generating
intermediate reasoning steps before deriving the final
answer.

e CoT-SC [55]: Improves robustness through self-
consistency. It generates multiple reasoning chains and
selects the final output via majority voting.

o EnRe [64]: Uses Ensemble Refinement. It aggregates
outputs from diverse reasoning paths to produce a more
reliable consensus.

Multi-Agent Methods. These approaches leverage collabora-
tion between specialized agents.

o MedAgents [25]: Deploys five distinct expert agents. They
engage in interactive discussions to solve medical multiple-
choice questions.

o MDAgents [15]: Examined in three variants to test
different collaboration depths: (a) Base (single agent), (b)
Collaboration (three interacting agents), and (c) Group
(structured group discussions).

2) More Details: For fair comparison, all methods receive
the same patient query and the same output constraints, while
only the reasoning or collaboration instructions differ according
to each method. For MIRA, each agent follows a structured
prompt format containing five components: agent role, target
intent, original patient query, accumulated evidence from
previous stages, and safety constraints. The intent-specific
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TABLE VI
COMPARISON OF MIRA AGAINST RULE-BASED LLM METHODS AND MULTI-AGENT SYSTEMS ON THE HUATUO-26M DATASET.

Huatuo-26M Dataset

Category Methods Intent Clinical ~ Response
Comprehension  Planning Quality Average  API calls
N Zero-shot 3.80 3.75 3.74 3.76 1.0
I
Ys%‘ Few-shot 4.19 3.64 4.03 3.95 1.0
R + CoT [54] 4.12 3.94 4.01 4.02 1.0
éc% + CoT-SC [55] 4.02 4.11 3.94 4.02 6.0
EnRe [64] 4.11 3.73 4.02 3.95 12.0
MDAgents-Base [15] 3.77 3.94 3.63 3.89 1.0
IS MedAgents [25] 3.83 3.99 3.85 3.78 19.3
& MDA gents-Collaboration [15] 3.88 4.02 3.81 3.89 9.8
-QY MDAgents-Group [15] 4.04 4.11 4.12 4.09 422
N
S MIRA (ours) 4.76 4.32 4.62 4.57 10.7

agents generate structured reports containing key findings,
uncertainties, risk factors, suggested next steps, and information
required by the HPD agent. The complete prompt templates
for MIRA agents and all baseline methods are provided in the
supplementary material.

3) Evaluation Dimensions: Clinical decision-making is
multifaceted. We therefore evaluate performance across three
distinct dimensions:

o Intent Comprehension: This metric goes beyond surface-
level text matching. It measures the system’s capacity
to identify implicit needs and contextual subtleties. High
scores indicate the model successfully uncovers the hidden
drivers behind a patient’s query.

o Clinical Planning: This assesses the strategic orches-
tration of care. It evaluates whether the model creates a
coherent, prioritized reasoning pathway. A valid plan must
align with medical best practices while strictly adhering
to safety protocols.

o Response Quality: This evaluates the final output’s
utility. We check for precision, clarity, and actionability.
Responses must be grounded in evidence-based medicine
and practical for real-world application.

4) Scoring Protocol: We adopt a hybrid evaluation strategy
combining automated ensembles with human expertise.
Automated LLM Ensemble. Relying on a single LLM judge
can introduce bias. To mitigate this, we employ an ensemble
of three state-of-the-art models: GPT-4.5 [58], Gemini-2.0
Pro [65], and Claude Sonnet 4.5 [66]. Each model indepen-
dently evaluates system outputs across the three dimensions
using a strict 5-point Likert scale. We calculate the final score
for each dimension by averaging the ratings from all three
evaluators. Let Score; denote the rating from the i-th model:

3
1
Scoregpag = 3 Z Score;. (6)

i=1
The above ensemble approach ensures a more objective and
robust assessment of model performance.

Human Expert Validation. To ground our automated metrics
in clinical reality, we complement the LLM scores with human

review. Board-certified medical experts assess a subset of
responses, specifically focusing on clinical accuracy and safety.
This dual-validation framework ensures our results remain
clinically valid.

C. Experimental Results

1) Performance on HuaTuo-26M Benchmark: In Table VI,
the evaluation on the HuaTuo-26M dataset reflects performance
patterns in standard medical consultation scenarios. In this
environment, MIRA maintains a leadership position, outper-
forming the strongest baseline (i.e., MDAgents-Group) by a
margin of 8.4%. However, the performance gaps are notably
narrower compared to complex settings. We attribute this to
the relatively straightforward nature of HuaTuo-26M queries,
which typically involve single-turn, single-intent interactions.
Consequently, even single-agent strategies equipped with Chain-
of-Thought (CoT) prompting achieve competitive scores in
Response Quality, benefiting from the lower reasoning overhead.
Despite this saturation in general QA metrics, MIRA still
secures an 11.7% improvement in Clinical Planning. This
suggests that even for general inquiries, our hierarchical intent
modeling provides a more structured and safer diagnostic
pathway than vanilla multi-agent discussions.

2) Performance on MMI Dataset: As shown in Table VII,
the experimental landscape shifts significantly. The overall
absolute scores for baseline methods drop perceptibly compared
to HuaTuo-26M, highlighting the complexity penalty introduced
by the intertwined, multi-intent narratives characteristic of our
dataset. In this rigorous testing ground, single-agent methods
struggle to maintain context, often hallucinating or missing
secondary intents due to entanglement. Conversely, MIRA
demonstrates its robustness, widening the performance gap to
a substantial 12.1% absolute improvement over MDAgents-
Group. While collaboration-based baselines achieve incremental
gains through iterative debate, they lack the structural capacity
to disentangle overlapping clinical needs. MIRA overcomes this
through dynamic intent disentanglement and parallel reasoning,
proving that complex clinical narratives require structured
orchestration rather than simple model scaling.
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TABLE VII
COMPARISON OF MIRA AGAINST RULE-BASED LLM METHODS AND MULTI-AGENT SYSTEMS ON THE MMI DATASET.

MMI Dataset

Category Methods Intent Clinical ~ Response
Comprehension  Planning Quality Average  API calls
N Zero-shot 4.02 3.88 3.83 391 1.0
I

YS% Few-shot 4.31 391 4.05 4.09 1.0

R + CoT [54] 4.39 4.15 4.12 4.22 1.0

t.qs% + CoT-SC [55] 4.37 4.32 4.10 4.26 6.0

EnRe [64] 4.26 391 3.98 3.99 12.0

MDAgents-Base [15] 4.15 4.26 3.85 4.09 1.0

IS MedAgents [25] 4.19 431 4.03 4.18 21.8

& MDA gents-Collaboration [15] 4.27 4.33 4.02 4.21 11.9

-j MDAgents-Group [15] 443 4.49 4.28 4.40 45.7

N

S MIRA (ours) 4.89 4.75 4.66 4.77 17.3
Ours Win Tie Ours Loss Ours Win Tie Ours Loss
ER 43 30 22 ER 44 48 3
Few-shot 72 20 8 Few-shot | 64 30 6
+CoT - 52 34 14 +CoT 34 56 10
+CoT-SC - 46 26 28 +CoT-SC - 30 62 8
MDAgents 58 24 18 MDAgents 26 64 10

MedAgents 60 24 16 MedAgents — 30 54 16
T I T T T T T T
0% 20% 40% 60% 80% 100% 0% 20% 40% 60% 80% 100%
(a) MMI Q&A Evaluation (b) HuaTuo-26M Q&A Evaluation

Fig. 5. Comparison of MIRA against rule-based LLM methods and multi-agent systems via the doctor evaluation. MDAgents [15] employs its group setting.

TABLE VIII
STATISTICAL SIGNIFICANCE ANALYSIS BETWEEN MIRA AND THE
STRONGEST OVERALL BASELINE, MDAGENTS-GROUP.

Dataset Metric Mean Diff. 95%CI Corrected p Effect Size
MMI Intent Comp. 0.46 0.39,0.53] < 0.001 0.62
MMI Clinical Plan. 0.26 0.20,0.32] < 0.001 0.45
MMI Response Qual.  0.38 0.31,0.45] < 0.001 0.56
MMI Average 0.37 0.32,0.42] < 0.001 0.60
HuaTuo-26M Intent Comp. 0.72 0.64,0.80] < 0.001 0.68
HuaTuo-26M Clinical Plan. 0.21 0.15,0.27] < 0.001 0.39
HuaTuo-26M Response Qual. 0.50 0.42,0.58] < 0.001 0.59
HuaTuo-26M Average 0.48 0.42,0.54] < 0.001 0.63

3) Statistical Significance Analysis: To further verify
whether the observed improvements are statistically reliable,
we conduct paired significance tests between MIRA and the
strongest overall baseline, MDAgents-Group. Since all methods
are evaluated on the same set of patient queries, the comparison
is naturally paired at the sample level. We use the Wilcoxon
signed-rank test as the primary test because the evaluation
scores are based on a 5-point Likert scale. Holm-Bonferroni
correction is applied to account for multiple comparisons. We
also estimate 95% confidence intervals by bootstrap resampling
with 1,000 iterations and report rank-biserial correlation as the

effect size. As shown in Table VIII, MIRA achieves statistically
significant improvements over MDAgents-Group across all
metrics on both datasets. On the MMI dataset, MIRA improves
the average score by 0.37 points, with a 95% confidence interval
of [0.32,0.42] and a corrected p-value smaller than 0.001. On
the HuaTuo-26M dataset, MIRA improves the average score by
0.48 points, with a 95% confidence interval of [0.42,0.54] and
a corrected p-value smaller than 0.001. These results indicate
that the improvements of MIRA are not only reflected in mean
scores but are also statistically reliable.

4) Expert Doctor Evaluation: To validate clinical utility
beyond automated metrics, three board-certified physicians
conducted a blinded pairwise comparison. They assessed
1,200 instances (i.e., 100 randomly selected samples per
dataset against six baselines) through majority voting. Figure 5
illustrates a striking divergence in model distinctiveness. On
the MMI benchmark, MIRA achieves a decisive dominance,
recording a 72% win rate against Few-shot baselines with
only 8% losses. Even against sophisticated reasoning-enhanced
methods (CoT, CoT-SC) and collaborative agents (MDAgents,
MedAgents), MIRA maintains win rates between 46% and
60%, validating its superiority in handling complex cases. In
contrast, the HuaTuo-26M benchmark yields high tie rates
across all comparisons (56~64% for agent approaches). The
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TABLE IX
FOCUSED EVALUATION ON THE MEDICAL PSYCHOLOGICAL SUPPORT SUBSET. SCORES ARE OBTAINED THROUGH BLINDED PHYSICIAN EVALUATION USING
A 5-POINT RUBRIC.

Method Empathy Emotional App. Crisis Handling Therapeutic Safety  Average

GPT-4.5 Direct 3.84 3.79 3.61 3.70 3.74

GPT-4.5 + CoT 4.03 3.98 3.82 3.88 3.93

MedAgents [25] 4.00 3.95 3.86 3.91 3.93

MDAgents-Group [15] 4.12 4.08 3.95 4.01 4.04

MIRA (ours) 4.51 4.47 4.38 4.42 4.45
TABLE X

SAFETY-ORIENTED EVALUATION ON THE CRISIS-SENSITIVE SUBSET. RESULTS ARE BASED ON PHYSICIAN-ANNOTATED SAFETY FAILURE RATES. LOWER
VALUES INDICATE SAFER RESPONSES.

Method Missing Escalation  Unsafe Reassurance Incomplete Risk Framing Overall Failure Rate
GPT-4.5 Direct 18.6% 14.1% 22.4% 18.4%
GPT-4.5 + CoT 13.5% 10.3% 17.3% 13.7%
MedAgents [25] 12.8% 9.6% 16.7% 13.0%
MDAgents-Group [15] 10.9% 8.3% 14.1% 11.1%
MIRA (ours) 5.8% 4.5% 8.3% 6.2%

TABLE XI
PERFORMANCE OF DIFFERENT INTENT RECOGNITION METHODS.
UNDERLINED VALUES INDICATE THE HIGHEST VALUES IN EACH METRIC,
EXCLUDING OUR RESULTS.

Methods Accuracy Precision Recall F1 Score
EnRe [64] 0.75 043 0.64 0.50
MedAgent [25] 0.71 0.46 0.70 0.55
Zero-Shot 0.75 0.44 0.55 0.47
Few-Shot 0.79 0.61 0.72 0.64
+ Cot [54] 0.77 0.56 0.79 0.64
+ Cot-SC [55] 0.77 0.57 0.82 0.66
MDAgent [15] 0.68 0.36 0.61 0.44
+ Collaboration 0.77 0.56 0.81 0.65
+ Group 0.76 0.53 0.82 0.64
MIRA (ours) 0.90 0.82 0.84 0.82

observed disparity between the 20~34% tie rate on MMI and
the 48 ~64% rate on HuaTuo confirms that standard datasets
often fail to differentiate advanced model capabilities. The
MMI dataset, with its nuanced clinical queries, serves as a
more effective discriminator for high-level medical reasoning.

5) Evaluation on Psychological-support Scenarios: Since
MIRA targets emotionally sensitive healthcare interactions,
we further evaluate its ability to preserve and respond to
psychological-support needs. We construct a Medical Psy-
chological Support (MPS) subset containing all 423 samples
annotated with the corresponding intent. Unlike the general
evaluation protocol, this analysis focuses on affective-care-
related capabilities. Three board-certified physicians indepen-
dently evaluate the generated responses under a blinded setting
using a physician-designed S5-point rubric. The evaluation
considers four dimensions: Empathy, Emotional Appropriate-
ness, Crisis Handling, and Therapeutic Safety. These criteria
measure whether the response acknowledges patient distress,
appropriately adapts to emotional contexts, identifies potential

TABLE XII
COMPARISON WITH REPRESENTATIVE BERT-BASED AND ERNIE-BASED
INTENT RECOGNITION METHODS ON THE MMI INTENT DETECTION TASK.

Method Accuracy Precision Recall F1 Score
BERT-MLC 0.80 0.64 0.70 0.66
Uncertainty Detection [36] 0.78 0.67 0.65 0.65
MISCA [37] 0.83 0.71 0.75 0.72
Conco-ERNIE [35] 0.85 0.74 0.76 0.75
JPIS [38] 0.82 0.70 0.73 0.71
MIRA (ours) 0.90 0.82 0.84 0.82

risks, and avoids unsafe psychological guidance.

Table IX summarizes the results. MIRA achieves consistent
improvements over existing baselines across all dimensions.
These results indicate that explicit psychological-support intent
modeling and safety-aware orchestration help MIRA generate
responses that better address emotional needs while maintaining
clinical safety.

Furthermore, to evaluate safety-critical interactions, we
construct a crisis-sensitive subset containing 156 samples
with Medical Psychological Support together with Emergency
Guidance or explicit high-risk expressions. We measure three
failure types: missing escalation advice, unsafe reassurance,
and incomplete risk framing. Lower failure rates indicate safer
responses. As shown in Table X, MIRA achieves the lowest
overall failure rate among all methods. This improvement
demonstrates that the proposed intent recognition and orches-
tration mechanisms help preserve high-risk psychological and
medical signals embedded in complex patient narratives.

These results demonstrate that MIRA contributes to affec-
tive computing not through explicit emotion classification,
but through affect-aware intention understanding and safety-
sensitive response planning in healthcare conversations.

6) Computational Efficiency Analysis: Efficiency is as criti-
cal as accuracy in real-world deployment. Debate-based multi-
agent frameworks, such as MedAgents (N=5) and MDAgents-
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TABLE XIII
ADDITIONAL ZERO-SHOT GENERALIZATION RESULTS ON EXTERNAL DATA SOURCES AND REAL-RECORD HOLDOUT CASES. ALL METHODS USE GPT-4.5 AsS
THE BACKBONE. MIRA 1S EVALUATED WITHOUT ADDITIONAL FINE-TUNING ON THESE DATASETS.

Setting Domain Lang. Size Method Intent Comp. Clinical Plan.  Average
External medical dialogue = General medicine English 500 MDAgents-Group 4.07 3.96 4.03
External medical dialogue = General medicine English 500 MIRA 4.38 4.18 4.29
Consumer health QA Patient consultation English 500 MDAgents-Group 4.10 3.98 4.06
Consumer health QA Patient consultation English 500 MIRA 4.35 4.14 4.25
Mental health support Emotional support Chinese 500  MDAgents-Group 3.94 3.89 3.97
Mental health support Emotional support Chinese 500 MIRA 4.31 4.09 4.24
Real-record holdout Mixed clinical cases  Chinese = 300 MDAgents-Group 4.18 4.07 4.15
Real-record holdout Mixed clinical cases  Chinese 300 MIRA 4.54 4.32 4.43
Group, rely on. iteratiw? consensus mechanisms. The brgte-force 5 00/ MIRA (Ours)
collaboration incurs high computational costs, averaging 21.8 - s MIRA w/o DIO
and peaking at 45.7 API calls per query, respectively. MIRA 4.751 471 MIRA w/o HPD 462
adopts a precision-first approach. By structurally decomposing 451
intents before execution, it reduces the need for redundant inter- 4.501 032 433
agent dialogue. Consequently, MIRA requires only 17.3 average 4.25] 420
API calls while delivering superior diagnostic performance. g
The efficiency gain (i.e., over 2.5x reduction compared to & 4-001 3.91
MDAgents-Group) confirms that solving multi-intent medical 375
problems demands fine-grained, intent-driven processing rather
than extensive, unstructured multi-agent discussions. 3.501

7) Intent Recognition Comparison with Specialized Clas- 3.5
sifiers: To further evaluate the effectiveness of MIRA in '
multi-intent recognition, we compare it with representative 3.00 ‘ — ‘

. . .. . . Intent Clinical Response

supervised intent recognition methods, including BERT-based Comprehension Planning Quality

and ERNIE-based approaches. These methods are adapted
to the MMI taxonomy under the same train/test split. As
shown in Table XII, MIRA achieves superior performance
across all metrics. Compared with Conco-ERNIE, the strongest
specialized intent recognition baseline, MIRA improves the F1
score from 0.75 to 0.82. This improvement demonstrates that
explicit query decomposition and clinical prototype alignment
are beneficial for handling verbose patient descriptions with
intertwined medical needs.

D. Ablation Study

1) Intent Detection Analysis: Table XI confirms that MIRA
establishes a new state-of-the-art across all intent detection
metrics. Baseline methods exhibit distinct trade-offs. Few-
shot prompting secures respectable accuracy and precision.
Conversely, CoT-SC leads in recall, suggesting that explicit
reasoning chains help uncover diverse, implicit intents. How-
ever, a critical bottleneck persists among these baselines:
consistently low precision. They frequently generate redundant
or hallucinated intents, failing to distinguish core medical needs
from noise. While collaborative approaches like MDAgent-
Collaboration improve recall through agent interaction, they
still struggle to curb false positives. MIRA overcomes this
limitation. By achieving significant gains in both precision and
recall, our framework filters diagnostic noise while accurately
capturing the full spectrum of true clinical intentions.

Fig. 6. Ablation results of the DIO agent and HPD agent on three clinical
dimensions.

2) Impact of Dynamic Intent Orchestration (DIO): To
isolate the value of dynamic orchestration, we remove the
DIO agent from the pipeline in Figure 6. The consequences
are immediate. Performance degrades across all dimensions,
with Clinical Planning suffering the most severe decline (i.e.,
approximately 10%). This sharp drop validates our recursive
priority grouping as a cornerstone of the architecture. In
healthcare, the sequence of interventions is not arbitrary;
it is a safety-critical factor. Without the DIO agent, the
system fails to capture the complex interdependencies between
tasks, potentially prioritizing treatments before necessary risk
assessments. Furthermore, Response Quality decreases by 2.4%.
This underscores that orchestration is not merely a scheduling
task. Correct prioritization fundamentally shapes the coherence
of the final advice, ensuring that recommendations follow a
logical, medically sound progression.

3) Role of Hierarchical Progressive Decision-making (HPD):
From Figure 6, we further investigate the contribution of the
HPD agent. Interestingly, removing this module has a negligible
impact on Intent Comprehension and Clinical Planning. The
system retains its ability to identify and schedule tasks.
However, Response Quality plummets by a notable 9.09%. The
specific degradation reveals the HPD agent’s critical function:
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TABLE XIV
ABLATION STUDY FOR ISOLATING THE CONTRIBUTION OF MIRA BEYOND
THE BACKBONE LLM. ALL VARIANTS USE GPT-4.5 AS THE BACKBONE.
“TIR” MEANS THE TWO-STAGE INTENTION RECOGNITION. “SM” MEANS
THE SEMANTIC MATCHING.

Variant Intent Comp. Clinical Plan. Response Qual. Average
GPT-4.5 Direct 4.02 3.88 3.83 3.91
GPT-4.5 + CoT 4.39 4.15 4.12 4.22
MIRA w/o TIR 4.24 4.05 4.37 4.22
MIRA w/o SM 4.41 4.18 4.45 4.35
MIRA w/o DIO 4.71 3.91 4.51 4.38
MIRA w/o HPD 4.75 4.33 4.20 4.43
MIRA 4.76 4.32 4.62 4.57

context grounding. Without hierarchical evidence accumulation,
the system essentially operates with amnesia between steps.
It fails to carry forward historical medical references or prior
test results into subsequent reasoning phases. Consequently,
while the plan remains structured, the content becomes generic
and lacks the precise, evidence-based reasoning required for
high-quality medical consultation.

4) Contribution of Framework Design Beyond Backbone
LLM: To investigate whether the improvements of MIRA
mainly come from the proposed framework rather than the
underlying LLM capability, we further compare MIRA with
two LLM-only variants using the same GPT-4.5 backbone.
Specifically, GPT-4.5 Direct directly generates medical advice
from the patient query, while GPT-4.5+CoT introduces step-
by-step reasoning without the proposed intent recognition and
orchestration modules. As shown in Table XIV, MIRA consis-
tently outperforms both LLM-only variants. This indicates that
simply employing a powerful LLM or enhancing reasoning
through prompting is insufficient for complex multi-intent
medical consultations. The performance gains mainly come
from the structured integration of intent decomposition, clinical
dependency-aware orchestration, and hierarchical evidence
accumulation.

E. Generalization Analysis

To evaluate the generalization ability of MIRA beyond
the original evaluation datasets, we conduct additional zero-
shot experiments on several external scenarios. No additional
fine-tuning is performed, and the intent taxonomy, depen-
dency structure, and agent framework remain unchanged.
The evaluated settings include external medical dialogue,
consumer health QA, mental health support conversations,
and additional real-record holdout cases. As summarized in
Table XIII, MIRA consistently outperforms the strongest multi-
agent baseline across different domains. These results indicate
that the advantage of MIRA is not limited to a specific dataset
distribution. Instead, the proposed intent decomposition and
dependency-aware orchestration provide a general framework
for handling complex healthcare conversations with multiple
intertwined needs.

F. Human Evaluation Reliability

To assess the reliability of physician evaluation, we further
calculate inter-annotator agreement before majority voting in

TABLE XV
RELIABILITY ANALYSIS OF THE EVALUATION PROTOCOL.

Evaluation item Metric Value
Physician pairwise evaluation Number of response pairs 1,200
Physician pairwise evaluation =~ Number of physicians per pair 3
Physician pairwise evaluation Average pairwise agreement 84.6%
Physician pairwise evaluation Fleiss’ k 0.73
Physician pairwise evaluation Krippendorff’s o 0.71
LLM-human calibration Number of scored responses 300
LLM-human calibration Spearman p 0.79
LLM-human calibration Kendall 7 0.63
LLM-human calibration Quadratic weighted 0.71
LLM-judge consistency Intraclass correlation coefficient 0.81
LLM-judge consistency Krippendorff’s « 0.78

Table XV. The average pairwise agreement among the three
physicians is 84.6%, with Fleiss’ x of 0.73 and Krippendorft’s
« of 0.71, indicating substantial agreement among expert anno-
tators. These results demonstrate that the physician evaluation
protocol provides reliable and consistent clinical judgments.

Furthermore, we conduct a calibration analysis between
LLM-based evaluation and physician scores on 300 randomly
sampled responses. The LLM-judge ensemble achieves a
Spearman correlation of p = 0.79, Kendall correlation of
7 = 0.63, and quadratic weighted x of 0.71 with physician
ratings. These results indicate that the automated evaluation
protocol is reasonably aligned with expert clinical judgment
and can serve as a complementary evaluation approach when
combined with human assessment.

V. CONCLUSION

In this paper, we present MIRA, an LLM-based multi-
intention recognition and planning framework for complex
medical and mental health-related queries. Finally, we integrate
these components into a multi-agent architecture coordinated
by a Hierarchical Progressive Decision-making (HPD) agent,
which accumulates evidence across stages and synthesizes
coherent, trustworthy responses. Extensive experiments on
several medical dialogue datasets show that MIRA improves
intent comprehension, planning quality, and overall response
effectiveness compared to other agent baselines.

Despite the promising results, MIRA has several limitations
that motivate future research. First, the current evaluation
mainly focuses on benchmark medical dialogue datasets
and generated patient queries, while broader validation in
multi-center and real-world healthcare environments remains
necessary. Second, although the proposed intent taxonomy and
dependency structure provide clinically meaningful guidance,
extending MIRA to new healthcare domains may require
additional domain-specific intents and expert knowledge. Third,
the current framework primarily models affective needs through
textual intention understanding. Future work will investigate
multimodal affect recognition, longitudinal emotional state
modeling, and personalized interaction strategies to develop
more comprehensive affective healthcare assistants.
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