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Abstract

Although LLMs perform well on static medi-
cal QA, adapting them to multi-turn diagnostic
dialogue remains challenging: agents forget
confirmed symptoms, ask redundant questions,
and fail to narrow differentials, largely because
they lack an explicit representation of their
evolving clinical understanding. Our key in-
sight is that a structured belief state—encoding
accumulated evidence, ranked differential di-
agnoses with confidence, and prioritized next
questions—can simultaneously serve as a su-
pervision target, a basis for rule-based reward
computation, and a grounding context for decid-
ing what to ask next. We propose BridgeGap, a
two-stage framework in which supervised fine-
tuning on silver-annotated belief states teaches
the agent to maintain structured clinical rea-
soning, while reinforcement learning with a
belief-progress reward refines questioning strat-
egy through dense, environment-verified per-
turn feedback without LLM judges or learned
reward models. On HealthBench, BridgeGap
(8B) surpasses Doctor-R1 (8B) by 2.84 points
and the 4× larger Baichuan-M2-32B by 5.85
points; on AgentClinic, it achieves 44.6% di-
agnostic accuracy in 10.5 average turns, com-
pared to 37.6% in 15.5 turns for Doctor-R1.
Across evaluations, BridgeGap advances in-
teractive diagnosis while preserving factual
knowledge on static medical benchmarks.

1 Introduction

Clinical diagnosis is a sequential reasoning task:
physicians maintain a mental model of confirmed
findings, open uncertainties, and the next most in-
formative question, updating it with every patient
response (Hauskrecht and Fraser, 2000). Large lan-
guage models excel at static medical QA and exam-
style benchmarks (Singhal et al., 2023; Nori et al.,
2023), yet in interactive settings they forget con-
firmed symptoms, ask redundant questions, and fail
to converge within a reasonable turn budget (Feng

(a) Implicit-State Doctor Agent

output: “Any headaches or
dizziness?”

••• •••

<Think>

The patient reports that symptoms
worsen with activity. This could be
related to MS, or maybe a
neuromuscular issue.I should ask
about other neurological
symptoms...

(b) BridgeGap: Belief-Grounded Agent

output:

Evidence

+ diplopia
+ fatigability
+ limb weakness

Assessment

Next Step
ptosis?
bulbar symptoms?

Action

ASK

•••

“Have you noticed drooping
eyelids?”

top: 
Myasthenia gravis
conf: Medium

Given dialogue history up to turn t, patient responds:•••

“Symptoms get worse with activity and improve after rest.”

Figure 1: (a) Implicit reasoning conflates confirmed
and uncertain findings, producing redundant questions.
(b) BridgeGap grounds each action in an explicit belief
state that tracks evidence, assessment, and next steps.

et al., 2026; Lai et al., 2026; Verma et al., 2026).
We argue these failures share a common root: med-
ical dialogue agents lack an explicit, structured rep-
resentation of their evolving clinical understanding
(Figure 1).

While belief states are central to task-oriented
dialogue (Young et al., 2013; Mrkšić et al., 2017;
Balaraman et al., 2021) and process supervision
has been shown to outperform outcome-only sig-
nals in multi-step reasoning (Uesato et al., 2022;
Lightman et al., 2024), current LLM-based medical
dialogue agents keep clinical state implicit in free-
form reasoning, opaque to turn-level verification.
This produces three coupled failures: (1) Informa-
tion management. Without an explicit evidence
record, the agent cannot distinguish what has been
established from what remains unknown, produc-
ing redundant questions that exhaust the turn bud-
get. (2) Strategic planning. Without a structured
assessment of diagnostic uncertainty, the agent has
no principled basis for deciding what to ask next
to narrow the differential. (3) Training signal. A
dense per-turn reward must measure whether each
question genuinely advanced the diagnostic pro-
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cess, which itself requires the structured state the
agent does not maintain.

Recent work attacks these problems from dif-
ferent angles, but existing reward designs typically
trade off among density, cost, and grounding in clin-
ical state, rarely providing all three at once. Doctor-
R1 (Lai et al., 2026) obtains dense per-turn signals
via an LLM judge, at the cost of expensive, version-
sensitive scoring not anchored to a structured belief.
IGFT (Verma et al., 2026) measures entity-level
information gain—dense and cheap but blind to
how new facts shift the differential. DoctorAgent-
RL (Feng et al., 2026) uses rule-based F1 on final
diagnoses, which is grounded but too sparse to
shape intermediate questioning. All three operate
over unstructured reasoning, leaving the reward sig-
nal only indirectly tied to diagnostic belief revision.

We introduce BridgeGap (Figure 1b): at ev-
ery turn the agent generates a structured clinical
belief state that bridges the gap between implicit
internal reasoning and a clinical state that can be
checked against the dialogue environment. The
belief encodes accumulated evidence (confirmed,
denied, pending), a ranked differential with confi-
dence, and prioritized next questions. Generated
inside the LLM rather than via an external state
tracker, this representation plays three otherwise
separately-engineered roles. In Stage 1 SFT, au-
tomatically generated (silver) belief annotations
teach the agent to organize clinical information sys-
tematically. In Stage 2 RL, consecutive belief states
drive a belief-progress reward—a rule-based per-
turn signal verified against environment-extracted
findings, requiring no LLM judge or learned re-
ward model. At inference, the same belief grounds
each response in explicit clinical context.

We evaluate across interactive and static bench-
marks. On HealthBench (Arora et al., 2025),
BridgeGap achieves the highest score among all
evaluated open-source models including those up
to 70B, outperforming Doctor-R1 by 2.84 points
and UltraMedical-70B by over 12 points, with par-
ticularly large gains on Context Seeking (+7.13), a
dimension closely aligned with systematic informa-
tion tracking. On AgentClinic (Schmidgall et al.,
2026), it reaches 44.6% diagnostic accuracy in 10.5
turns on average, compared to 37.6% in 15.5 turns
for Doctor-R1, the strongest baseline evaluated.
Static medical benchmarks (MedQA, MedMCQA,
PubMedQA, MMLU) show no substantial degra-
dation relative to the base model.

Our contributions are threefold:

1. We formalize a structured clinical belief state
that simultaneously serves as supervision tar-
get, policy context, and reward substrate—to
our knowledge, the first medical dialogue frame-
work to unify these three roles in a single repre-
sentation.

2. We design a belief-progress reward that is
rule-based and verified against environment-
extracted findings, providing a dense per-turn
signal without learned or judge-based reward
models.

3. Through extensive experiments and controlled
ablations, we show that explicit belief structure
and dense belief-progress reward provide com-
plementary gains across response quality, fac-
tual knowledge retention, and interactive clini-
cal diagnosis.

2 Related Work

Reasoning representations for medical dialogue.
Clinical dialogue requires tracking established ev-
idence, remaining uncertainty, and the next in-
formative action, yet existing representations sac-
rifice either structural parsability or end-to-end
trainability. Implicit free-text reasoning via chain-
of-thought or hidden Think blocks (Guo et al.,
2025; Chen et al., 2025; Lai et al., 2026) produces
rich traces that resist turn-level reward computa-
tion and cross-turn consistency checks. Structured
alternatives—dialogue state tracking with slot on-
tologies (Balaraman et al., 2021; Liu and Lane,
2017), external Bayesian belief engines (Kesmen
et al., 2026), and rule-based clinical extraction
pipelines (Pan et al., 2026)—are verifiable but tied
to fixed schemas or modules separated from pol-
icy learning. Medical foundation models (Sing-
hal et al., 2023; Baichuan-M2 Team et al., 2025;
Chen et al., 2025) mainly improve knowledge and
instruction following, while we make the agent’s
evolving clinical reasoning state explicit, trainable,
and verifiable. BridgeGap generates a structured
belief state inside the LLM, unifying supervision
target, policy context, and reward substrate in one
representation.

Per-step reward for medical dialogue RL. Pro-
cess reward models have shown advantages over
outcome-only signals in mathematical reason-
ing (Lightman et al., 2024). For medical dialogue,
however, per-turn rewards must balance cost, re-
producibility, and semantic granularity, and multi-
turn online RL with per-step credit assignment re-
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mains rare in medical LLM-agent settings. LLM-
judge scoring (Lai et al., 2026) is rich but expen-
sive and version-sensitive; entity-level informa-
tion gain (Verma et al., 2026) and rule-based di-
agnosis F1 (Feng et al., 2026) are cheap but cap-
ture only fact acquisition or terminal correctness,
not whether findings advance diagnostic reason-
ing. Rubric-based training (Wang et al., 2026) and
RLVR (Su et al., 2026) pursue verifiable rewards,
but the former requires task-specific rubric design
while the latter primarily targets single-step or
short-horizon settings. Our belief-progress reward
instead compares consecutive belief states with
fixed rules verified against environment-extracted
findings, operating at the diagnostic reasoning level
without a learned reward model.

Structured intermediate states as LLM training
targets. Intermediate reasoning signals are in-
creasingly used as training targets—from chain-of-
thought traces supervised as auxiliary outputs (Guo
et al., 2025) to process annotations driving per-
step reward models (Uesato et al., 2022; Lightman
et al., 2024). Turning such signals into structured
states for clinical dialogue requires turn-level su-
pervision that is hard to obtain at scale. Recent
distillation (Wu et al., 2025) and LLM-as-annotator
pipelines (Tan et al., 2024) can reduce annotation
cost, but they often produce free-form traces that
are unsuitable as targets for structured reward or
consistency loss. Our silver pipeline extracts ev-
idence labels via biomedical NER and prompts
a teacher LLM only for assessment and next-step
fields under an evidence-constrained JSON schema,
producing structured belief labels with confidence-
weighted filtering.

3 Method

3.1 Problem Formulation
We model multi-turn clinical consultation as a
POMDP: the patient’s true state s (diagnosis, full
symptom profile) is hidden; at each turn t the
agent observes the dialogue history ht, chooses
at ∈ {ASK, DIAGNOSE}, and aims to diagnose
correctly within Tmax turns. Under partial observ-
ability, optimal action selection requires maintain-
ing a belief state—a sufficient statistic of past ob-
servations. Rather than leaving this belief implicit
in the LLM’s context window, we make it explicit
and structured (§3.2), enabling it to simultaneously
serve as supervision target, reward substrate, and
policy context (Figure 2).

3.2 Structured Belief State
At each turn t, the agent produces a structured
belief state bt summarizing its current clinical un-
derstanding. The schema mirrors the minimum
state required for sequential diagnosis: evidence
tracks what has been established, assessment tracks
the current diagnostic hypothesis and uncertainty,
next step specifies what information would best
reduce that uncertainty, and action makes the stop-
ping decision explicit. The belief consists of three
information groups plus a control field:

Evidence. Three sets tracking what the agent
knows: confirmed (findings affirmed by
the patient), denied (explicitly negated), and
pending (mentioned but not yet available, e.g.,
lab results). Evidence accumulates incrementally
across turns.

Assessment. The agent’s diagnostic reason-
ing: a top diagnosis (single most likely), 2–4
alternatives, and a discrete confidence
level (LOW/MEDIUM/HIGH). We use qualita-
tive confidence rather than calibrated probabilities,
which are unrealistic for generative LMs and would
create self-referential reward issues.

Next Step. Prioritized questions for the next turn:
1–3 critical questions that would most ef-
fectively distinguish top from alternatives,
and 1–3 helpful supporting questions.

Action. A binary control field (ASK or DIAG-
NOSE): DIAGNOSE indicates the agent judges suf-
ficient evidence has been gathered; ASK indicates
further inquiry is needed, with targets drawn from
next_step.

Output format. At each turn, the model gener-
ates two blocks sequentially:
1. A hidden <PLAN> block containing the struc-

tured belief state (evidence, assessment, next
step) and the action decision.

2. A visible <UTTERANCE> block containing the
actual response to the patient.

Only the <UTTERANCE> is transmitted to the en-
vironment. The <PLAN> serves as the agent’s
internal reasoning workspace — used for super-
vision, reward computation, and episode termina-
tion detection, but never exposed to the patient.
When action=DIAGNOSE, the environment ter-
minates the episode and evaluates the diagnosis in
assessment.top against ground truth.
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(1) Patient Environment (2) Doctor Agent (3) Belief-Progress Reward

 Two-Stage Training

Scenario: Female, 35y
Chief complaint: diplopia + limb weakness
Simulated by Qwen2.5-72B

reward computation only
: profile facts entailed by   

= {fatigability, rest improvement}

: Evidence = {diplopia, climbing difficulty, upper limb weakness}
Conf = Low; Alternatives = {MG, MS, Polymyositis, L-E}

<PLAN> Internal Belief State

Evidence

confirmed:
+ diplopia
+ climbing difficulty
+upper limb weakness
+ fatigability 
+ rest improvement 
denied: sensory loss
pending: None

[NEW]
[NEW]

Assessment

top: 
       Myasthenia gravis
alt: 
       Lambert-Eaton
       Polymyositis
       Multiple sclerosis
conf: 
       Low -> Medium

Next Step

critical: 
  ptosis / drooping eyelid?
  bulbar symptoms?
  (swallowing, speech)

helpful: 
  family history autoimmune

conditioned on belief

<UTTERANCE>  
That pattern of worsening with activity and improving with rest is very informative.

Have you noticed any drooping of your eyelids, especially later in the day?

updated
belief

Compare  vs    

  New evidence :
       + fatigability
       + rest improvement 

  Profile-grounded verification:
       fatigability in Rₜ -> YES

       rest improvement in Rₜ -> YES

  Confidence:
       Low -> Medium (sharpened)

  Per-turn reward :
       new evidence:   +0.2 x 2 = +0.4
       sharpened:        +0.2
       redundant:         0
       contradiction:    0

   = +0.6 -> PPO

PPO
update

Stage 1: Belief SFT (offline) Stage 2: Belief-Progress RL (online)

verifier outputs not given to agent

•••

[NEW]
[NEW]

Updated belief   after patient response

Doctor question
Do your symptoms get worse with
activity and improve after rest?

Patient response 
Yes! They get much worse after
activity, like climbing stairs or
using the computer. But after I
rest for a couple hours, they
improve a lot.

Action: Ask

Figure 2: One interaction turn during Stage 2. The patient discloses new findings (left); the agent updates its
structured belief bt+1 (center) and generates a belief-conditioned utterance. The reward module (right) compares
consecutive beliefs against profile-grounded fact verification, producing a dense per-turn signal for PPO. In Stage 1,
the same belief structure serves as offline SFT supervision; verifier outputs are never exposed to the agent.

3.3 Silver Belief Annotation
Training the agent to produce structured belief
states requires turn-level supervision. Since ex-
pert annotation at scale is prohibitively expensive,
we construct 35k silver-labeled samples through a
two-step pipeline applied to three public dialogue
sources (details in Appendix A).

Data sources. We draw from MediTOD (Saley
et al., 2024) (231 multi-turn consultations with
gold slot annotations), MTS-Dialog (Ben Abacha
et al., 2023) (filtered history-taking segments), and
MedDialog-EN (Zeng et al., 2020) (226k single-
turn consultations from which we extract patient
profiles and instantiate simulated multi-turn consul-
tations). None of these sources overlaps with our
evaluation benchmarks.

Step 1: Evidence annotation. We apply
MedSpaCy (Eyre et al., 2021) (biomedical NER
+ UMLS concept linking) with the ConText algo-
rithm (Harkema et al., 2009) for assertion classifi-
cation. Each extracted clinical entity is categorized
as confirmed (affirmed by patient), denied
(negated), or pending (hypothetical or doctor-
proposed). On MediTOD’s gold annotations, this
pipeline achieves 87% precision and 82% recall
(Appendix A.2).

Step 2: Assessment and Next Step. Given
the extracted evidence and dialogue prefix, we
prompt GPT-4o (gpt-4o-2024-11-20) with

structured output constraints (JSON Schema) to
generate the assessment and next_step
fields. The LLM receives evidence as input but not
the ground-truth diagnosis, ensuring labels reflect
reasoning from available information only. GPT-4o
produces structured intermediate belief labels un-
der an evidence-constrained JSON schema, rather
than free-form responses or final-diagnosis targets.

Quality filtering. Each silver label carries a con-
fidence score that weights the SFT loss, so low-
confidence labels contribute less. A stratified hu-
man audit by two clinically-trained annotators con-
firms that label accuracy increases monotonically
with the confidence score; high-confidence labels
reach 96% evidence accuracy and 90% assessment
accuracy (Appendix A.5).

3.4 Two-Stage Training
3.4.1 Stage 1: Belief SFT
Starting from Qwen3-8B, we fine-tune on 35k
silver-annotated dialogue trajectories. Each sam-
ple consists of a dialogue prefix paired with
the target: <PLAN> (silver belief) followed by
<UTTERANCE> (ground-truth next doctor utter-
ance).

Objective.

LS1 = LSFT + λB · Lbelief (1)

where LSFT is standard next-token cross-entropy
over the full <PLAN>+<UTTERANCE> sequence,
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and λB=0.3 weights the auxiliary consistency
term.

Belief consistency loss. Lbelief prevents unjus-
tified retraction of established findings: for each
multi-turn sample at turn t, any finding present
in confirmed at t−1 receives additional cross-
entropy loss to ensure it remains confirmed at t.
Patient-initiated contradictions are exempted via
the contradiction detection mechanism described
above.

Policy conditioning. The model generates
<UTTERANCE> after <PLAN>, so each action is
conditioned on the predicted belief: at ∼ π(· |
ht, bt) where bt denotes the structured content of
<PLAN>. The belief thus serves as a structured
reasoning context that organizes clinical thinking
before action selection. This distinguishes our ap-
proach from auxiliary prediction tasks where the in-
termediate output is not used for decision-making.

3.4.2 Stage 2: Belief-Progress RL
Stage 2 refines the agent’s questioning strategy
through reinforcement learning in an online multi-
turn environment. At the start of each episode, we
sample one structured clinical profile from 2,400
profiles constructed from MedDialog-EN (Zeng
et al., 2020); the same profile conditions the frozen
Qwen2.5-72B Patient Agent and provides the fi-
nite fact set for reward verification. Each pro-
file enumerates its clinical facts—positive find-
ings, pertinent negatives, history, labs—with canon-
ical names that the Patient Agent reveals naturally
across turns. This online setup allows RL to opti-
mize questioning behavior without pre-annotated
belief labels. Profile construction and contamina-
tion filtering are detailed in Appendix C.1.

Reward: belief progress. The reward measures
whether each action meaningfully advanced clini-
cal reasoning, computed from rule-based compari-
son of consecutive belief states. All reward values
are fixed constants; no learned reward model is
required. The belief-progress reward at turn t is:

r
prog
t = α

∑

e∈Enew
t

⊮[e ∈ Rt]

− β · ⊮[redundt]− γ · ⊮[contrat]

+ δ · ⊮[sharpt]

(2)

where Enew
t denotes findings newly added to the

confirmed set between consecutive beliefs bt and

bt+1, aligned to the canonical profile-fact space,
and Rt is determined by profile-grounded closed-
set verification: a frozen NLI model (Deka et al.,
2023) (PubMedBERT-MNLI-MedNLI) checks
which facts from the patient’s finite profile F are en-
tailed by pt (Appendix C.2). Constants are α=0.2,
β=0.1, γ=0.3, δ=0.2. The largest penalty goes to
contradiction (γ=0.3) because unsupported belief
reversals directly undermine state consistency.

Interaction timeline. The per-turn sequence is:

ht → (bt, ut) → pt → (bt+1, Rt) → r
prog
t

At turn t, the agent observes dialogue history ht and
generates belief bt together with utterance ut. The
patient responds with pt, from which two quantities
are derived independently: the agent generates up-
dated belief bt+1 (using only pt and history), while
the environment-side verifier extracts Rt (facts en-
tailed by pt). The reward r

prog
t then compares bt

against bt+1 using Rt as ground truth—crucially,
Rt is never exposed to the agent. Verification
pipeline details are in Appendix C.2; a human au-
dit confirms pipeline–human agreement at κ=0.82
(Appendix C.3).

Terminal reward. When action=DIAGNOSE:

rT =





+1.0 top matches ground-truth
+0.5 ground-truth in alternatives
0 otherwise

(3)
If the agent fails to select DIAGNOSE within Tmax

turns, the episode terminates with rT = −0.5, dis-
couraging indefinite information gathering.

4 Experiments

4.1 Setup
Benchmarks. We evaluate on three complemen-
tary benchmarks: (1) HealthBench (Arora et al.,
2025), 5,000 multi-turn healthcare conversations
scored across seven themes and five behavioral
axes by physician-authored rubrics. (2) Static
medical benchmarks: MedQA (US 4-option) (Jin
et al., 2021), MedMCQA (Pal et al., 2022), Pub-
MedQA (Jin et al., 2019), and six MMLU medical
subsets (Hendrycks et al., 2021), ensuring dialogue
training preserves factual knowledge. (3) Agent-
Clinic (Schmidgall et al., 2026), a multimodal
agent benchmark where the doctor agent interacts
with patient and measurement agents in a simulated
clinical environment.
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Table 1: Results on HealthBench Main. Best open-source results in bold. BridgeGap obtains the best open-source
average score. Columns are grouped into Themes (scenario categories) and Axes (behavioral skills).

Avg. Theme Axis

Model Scale Score
Emerg.

Referrals
Health
Data T.

Commu-
nication

Global
Health Hedging

Context
Seeking

Complex
Resp. Acc.

Comm.
Quality

Instr.
Foll.

Context
Aware.

Comp-
leteness

Open-Source Models (≥32B)
Baichuan-M2 32B 33.04 20.49 9.07 21.86 18.63 17.06 28.51 24.18 34.22 57.74 52.68 46.52 40.29
OpenBioLLM-70B 70B 18.78 33.91 12.62 23.12 9.44 16.23 9.51 30.58 24.09 48.35 38.05 37.54 20.11
HuatuoGPT-o1-70B 70B 21.04 36.92 18.02 24.18 11.79 20.03 12.63 29.42 26.08 55.21 49.72 38.23 22.91
Med42-v2-70B 70B 25.79 41.22 24.39 35.91 13.25 21.14 15.83 33.46 30.87 55.76 51.71 41.61 26.69
UltraMedical-70B 70B 26.57 38.31 23.48 31.18 19.68 17.86 16.71 45.47 32.34 50.89 40.96 45.72 27.36

Open-Source Models (7B–8B)
HippoLlama 7B 2.44 0.61 0.39 1.82 0.72 4.16 0.42 12.34 6.89 9.76 20.41 15.88 5.03
HippoMistral 7B 6.08 9.82 2.24 5.94 3.51 5.83 3.17 13.49 11.29 23.58 18.05 22.12 9.48
BioMistral 7B 6.12 12.76 2.85 5.83 3.31 7.36 3.09 12.08 11.57 19.38 24.21 23.41 8.39
OpenBioLLM-8B 8B 8.34 18.05 6.58 6.12 4.96 7.61 2.69 16.21 13.17 25.43 24.57 23.49 10.92
Med42-v2 8B 15.11 28.17 18.77 13.86 7.61 14.03 9.08 32.21 20.91 45.39 42.72 30.84 18.04
DoctorAgent-RL 7B 15.58 33.76 14.82 17.84 7.52 15.51 8.04 30.27 20.06 50.32 38.28 32.01 18.31
HuatuoGPT-o1 8B 16.42 33.89 18.26 17.49 8.36 14.89 11.14 26.28 21.36 53.96 41.83 33.55 17.29
UltraMedical 8B 22.03 46.83 19.34 26.39 13.56 19.55 18.06 26.98 25.24 57.68 44.42 40.51 27.15
Doctor-R1 8B 36.05 54.21 28.83 46.97 24.57 33.13 26.22 34.17 37.71 63.96 53.84 49.03 40.51

BridgeGap 8B 38.89 58.48 31.51 53.39 27.48 36.97 33.35 35.03 42.43 69.34 56.75 55.30 45.69

Table 2: Static medical benchmark results. Best 8B-scale results in bold. MMLU reports six medical subsets.

MMLU

Model Scale
MedQA

(US 4-opt)
MedMCQA

(Dev)
PubMedQA
(Reasoning) Avg.

Clinical
Knowledge

Medical
Genetics Anatomy

Professional
Medicine

College
Biology

College
Medicine

Open-Source Models (≥32B)
OpenBioLLM-70B 70B 78.16 74.01 78.97 91.02 92.93 93.20 83.90 93.75 93.83 85.75
HuatuoGPT-o1-70B 70B 83.30 73.60 80.60 87.97 86.04 91.00 82.96 93.38 94.44 79.19
UltraMedical-70B 70B 82.20 72.30 78.80 88.03 86.40 91.00 82.20 92.30 89.60 86.70
Med42-v2-70B 70B 79.10 73.20 78.80 84.48 82.64 89.00 76.30 88.60 92.36 78.03
Baichuan-M2-32B 32B 79.47 66.12 64.00 87.05 84.53 92.00 81.48 91.54 92.36 80.92

Open-Source Models (7B–8B)
Doctor-R1 8B 83.50 58.38 75.80 85.03 86.04 88.00 76.30 86.40 88.89 83.24
UltraMedical-8B 8B 73.30 61.50 77.00 77.50 78.90 78.00 74.10 83.80 78.50 71.70
HuatuoGPT-o1-8B 8B 72.60 60.40 79.20 78.05 77.36 86.00 71.85 80.88 81.94 71.68
Med42-v2-8B 8B 62.84 61.34 68.40 73.65 75.85 79.00 69.63 75.37 76.39 65.32
OpenBioLLM-8B 8B 58.99 56.91 74.12 77.08 76.10 86.10 69.83 78.21 84.21 68.04
DoctorAgent-RL 7B 58.52 56.06 77.40 75.76 76.60 80.00 75.56 74.63 84.72 66.47
Qwen3-8B 8B 65.59 58.09 74.20 79.61 78.87 80.00 69.63 82.35 86.11 78.61

BridgeGap 8B 82.36 60.52 76.80 85.59 86.42 86.00 75.56 87.87 90.28 84.39

Baselines. We compare against open-source mod-
els spanning two scales: ≥32B: Baichuan-M2-32B
(Baichuan-M2 Team et al., 2025), UltraMedical-
70B (Zhang et al., 2024), HuatuoGPT-o1-70B
(Chen et al., 2025), Med42-v2-70B (Christophe
et al., 2024), OpenBioLLM-70B (Pal and
Sankarasubbu, 2024a). 7B–8B: Doctor-R1 (Lai
et al., 2026), DoctorAgent-RL (Feng et al.,
2026), HuatuoGPT-o1-8B (Chen et al., 2025),
UltraMedical-8B (Zhang et al., 2024), Med42-v2-
8B (Christophe et al., 2024), OpenBioLLM-8B
(Pal and Sankarasubbu, 2024b), BioMistral (Labrak
et al., 2024), HippoLlama (Acikgoz et al., 2024),
HippoMistral (Acikgoz et al., 2024). We also report
Qwen3-8B (our base model) on static benchmarks
for reference. Evaluation prompts and parameters
are detailed in Appendix D.

Implementation. BridgeGap fine-tunes Qwen3-
8B in two stages: SFT on 35k trajectories with GPT-
4o-generated belief annotations, followed by PPO
against a frozen Qwen2.5-72B patient simulator
(Appendix C).

4.2 Overall Performance
HealthBench. Table 1 presents results on Health-
Bench Main. BridgeGap achieves an average
score of 38.89, surpassing Doctor-R1 (36.05) by
2.84 points and the 4× larger Baichuan-M2-32B
(33.04) by 5.85 points. The improvement is un-
even across dimensions, reflecting the method’s de-
sign: gains are largest on Context Seeking (+7.13
over Doctor-R1), Communication (+6.42), and
Context Awareness (+6.27)—precisely the axes
where belief-grounded planning contributes most—
while knowledge-intensive themes such as Global
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Table 3: AgentClinic-MedQA Extended results (213
cases). Conf.: patient agent’s post-consultation confi-
dence in the doctor’s assessment (1–10 scale, higher
is better). Early≤5t: percentage diagnosed correctly
within 5 turns.

Model Acc. Turns↓ Conf. Early≤5t

Doctor-R1 37.6 15.5 8.4 5.2
DoctorAgent-RL 17.1 15.1 6.0 1.9
HuatuoGPT-o1 16.3 18.36 8.27 0.9
Med42-v2 11.4 19.2 8.1 0.0
UltraMedical 0.5 19.9 3.3 0.0

BridgeGap 44.6 10.5 8.8 10.3

Health (+2.91) and Complex Responses (+0.86)
see modest gains limited by the 8B model’s capac-
ity. BridgeGap leads all open-source models on six
of seven Themes and on all five Axes.

Static medical benchmarks. Table 2 veri-
fies that dialogue-focused training does not de-
grade factual medical knowledge. BridgeGap
achieves an MMLU-Medical weighted average
of 85.59, slightly exceeding Doctor-R1 (85.03)
and approaching 32B-scale models (Baichuan-
M2: 87.05). Gains concentrate on clinically-
oriented subjects (Clinical Knowledge, Profes-
sional Medicine, College Medicine) where struc-
tured belief training provides transferable reason-
ing.

4.3 Analysis on AgentClinic
We conduct detailed analysis on AgentClinic-
MedQA Extended, an interactive benchmark where
the doctor agent must decide both what to ask
and when enough evidence has been gathered to
diagnose—directly testing the behavior targeted by
BridgeGap.

Diagnostic accuracy and efficiency. Table 3
compares open-source medical agents under the
same 20-turn interaction budget. BridgeGap
reaches 44.6% diagnostic accuracy, improving over
Doctor-R1 by 7.0 absolute points while using 5.0
fewer turns on average (10.5 vs. 15.5). The gain
is not merely a final-answer effect: BridgeGap
also doubles early diagnostic accuracy within five
turns (10.3% vs. 5.2%), suggesting that the pre-
dicted next_step.critical field helps the
agent ask discriminative questions earlier.

Diagnosis dynamics. Figure 3(a) shows that the
improvement stems from a fundamentally different
interaction pattern. Doctor-R1 accumulates cor-
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Figure 3: Diagnosis dynamics on AgentClinic-MedQA
Extended. (a) Cumulative accuracy over turns. (b) Rain-
cloud plot (jittered samples, box plot, half-violin) of
diagnosis turn distribution.

rect diagnoses slowly and exhibits a large jump
at the 20-turn limit (26.3% to 37.6%), indicating
heavy reliance on forced terminal guessing. In con-
trast, BridgeGap reaches 10.3% accuracy by turn 5,
matches Doctor-R1’s final accuracy by turn 14, and
shows only a small turn-20 jump (43.7% to 44.6%).
The turn distribution in Figure 3(b) further confirms
this: BridgeGap diagnoses 51.6% of cases within
10 turns with only 1.9% reaching the turn limit,
whereas Doctor-R1 exhausts 20 turns in 41.8% of
cases. This confirms that the belief state improves
not only final correctness but also stopping behav-
ior: the agent recognizes when sufficient evidence
has been collected rather than relying on end-of-
dialogue guessing. A detailed case study compar-
ing three models’ dialogue strategies on the same
patient is provided in Appendix E.

4.4 Ablation Study
We ablate key components on both HealthBench
and AgentClinic to isolate each design choice’s
contribution. All variants use Qwen3-8B as the
base model: ID 1 — dialogue SFT only (standard
next-token loss on doctor utterances, no belief su-
pervision); ID 2 — adds structured belief state
(Stage 1 with Lbelief); ID 3 — adds interactive RL
with terminal-only reward; ID 4 — full BridgeGap
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Table 4: Ablation study on HealthBench and AgentClinic. Each row incrementally adds one component.

Components HealthBench AgentClinic

ID
Dialogue

SFT
Belief

Structure
Interactive

RL
Belief-Prog.

Reward Avg Acc.
Context
Aware.

Comm.
Quality

Comp-
leteness Acc. Turns↓

1 ✓ ✗ ✗ ✗ 23.41 26.18 35.72 52.83 25.14 15.5 18.7
2 ✓ ✓ ✗ ✗ 34.26 37.51 50.18 64.27 39.83 32.4 16.2
3 ✓ ✓ ✓ ✗ 35.94 39.12 51.47 65.83 41.26 36.2 13.8
4 ✓ ✓ ✓ ✓ 38.89 42.43 55.30 69.34 45.69 44.6 10.5

0.2
0.4

0.6
0.8

1.0

Evidence
F1

Assessment
Acc

Next-step
Hit

Non-
Contradiction

Question
Eff

Conf.
Calibration

ID 1 ID 2 ID 3 ID 4

Figure 4: Belief quality metrics across ablation variants
(Table 4) on AgentClinic episodes.

with per-turn belief-progress reward.

Belief structure is the core. The largest gain
comes from adding the structured belief state
(#1→#2): +10.85 HealthBench Avg with Con-
text Awareness seeing the biggest jump (+14.46),
and +16.9 AgentClinic accuracy. Notably, Com-
pleteness also improves by +14.69, indicating that
belief-structured supervision teaches the model to
cover more clinically relevant dimensions per re-
sponse. This confirms that an explicit representa-
tion of evolving clinical knowledge—not merely
more training data or RL—is the primary driver of
both response quality and diagnostic success.

Dense reward unlocks RL. Terminal-only RL
(#2→#3) adds only +1.68 HealthBench Avg, show-
ing that sparse end-of-dialogue signals provide lim-
ited learning signal for response quality. How-
ever, it already reduces turns on AgentClinic by
2.4. Replacing terminal reward with per-turn belief-
progress (#3→#4) yields +2.95 HealthBench Avg
and +8.4 AgentClinic accuracy while further re-
ducing turns by 3.3. The dense reward enables the
agent to optimize each questioning step rather than
relying solely on final-diagnosis feedback.

Belief quality analysis. Figure 4 reveals how
each component improves belief fidelity, mea-
sured by six metrics (Evidence F1, Assessment
Acc, Next-step Hit, Non-Contradiction, Question
Efficiency, Conf. Calibration; definitions in Ap-
pendix B). (1) Adding belief structure (#1→#2)
sharply improves Evidence F1 (+0.40) and Assess-
ment Accuracy (+0.31), confirming that Stage 1
SFT teaches the model to identify and organize clin-
ical facts—directly explaining the large end-to-end
gains. (2) Terminal RL (#2→#3) primarily boosts
Question Efficiency (+0.15) while leaving Evi-
dence F1 and Assessment Acc nearly unchanged—
terminal reward incentivizes what to ask but does
not improve how to track. (3) Belief-progress re-
ward (#3→#4) lifts Evidence F1 (+0.11), Next-step
Hit (+0.17), and Confidence Calibration (+0.17) si-
multaneously, demonstrating that the dense belief-
level reward directly improves belief fidelity, which
in turn drives the end-to-end gains in Table 4.

5 Conclusion

We presented BridgeGap, a two-stage training
framework that uses a structured clinical belief
state as both SFT supervision target and RL re-
ward signal for medical dialogue agents. The
belief state—comprising confirmed evidence, di-
agnostic assessment, and prioritized next steps—
provides a unified mechanism for state tracking,
action selection, and dense reward computation.
Our belief-progress reward is fully rule-based with
environment-side verification, eliminating the need
for LLM judges or learned reward models.

Experiments across interactive and static bench-
marks demonstrate that BridgeGap outperforms
all evaluated open-source baselines on interactive
clinical tasks, with the largest gains on context-
aware metrics that directly reflect belief tracking
quality. Ablation studies confirm that the struc-
tured belief state is the primary contributor, and
that dense belief-progress reward unlocks RL po-
tential beyond sparse terminal signals alone.
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Limitations

No empathy optimization. The reward targets
diagnostic reasoning efficiency without explicitly
optimizing for empathetic communication or pa-
tient emotional needs.

English-only scope. All benchmarks, training
corpora, and profile facts are in English. Extend-
ing to multilingual clinical scenarios would re-
quire language-specific NLI models and culturally
adapted patient profiles, which remain untested.

Simulated interaction. All interactive exper-
iments rely on LLM patient simulators—a
frozen Qwen2.5-72B agent during training, and
benchmark-provided agents (separate from train-
ing) during evaluation—rather than real patients.
Results should be interpreted as benchmark evi-
dence; clinical validation with real patients remains
future work.
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A Silver Belief Annotation Pipeline

A.1 Data Sources and Scale
We construct 35k silver-annotated training samples
from three sources:

1. MediTOD (Saley et al., 2024): 231 multi-turn
consultations (avg. 48 doctor turns each), fo-
cused on respiratory conditions. Gold turn-
level slot/intent/status annotations allow direct
mapping to our belief structure and serve as
NER pipeline validation. Multi-prefix sampling
yields ∼5k samples.

2. MTS-Dialog (Ben Abacha et al., 2023): 1,201
section-level dialogue fragments from real clin-
ical encounters. We retain only information-
gathering sections (GENHX, CC, PASTMED-
ICALHX; ∼477 fragments, avg. 9.6 doctor
turns). Paired clinical note text enables post-hoc
assessment verification. Yields ∼2k samples.

3. MedDialog-EN (Zeng et al., 2020): 226k
single-turn patient consultations spanning cardi-
ology, dermatology, gastroenterology, neurol-
ogy, and more. Used in two ways: (a) 10k
richly-described patient messages become turn-
1 belief training samples; (b) 4k case profiles
extracted from patient messages drive synthetic
multi-turn dialogue generation (GPT-4o as doc-
tor, Qwen2.5-72B as patient), yielding ∼18k
samples.

Contamination control. None of these sources
overlap with our evaluation benchmarks. We ad-
ditionally run embedding-based deduplication (co-
sine similarity < 0.8) against MedQA and Agent-
Clinic case pools.

A.2 Step 1: Evidence Annotation
We use MedSpaCy with three components:
(1) biomedical NER (en_core_sci_lg), (2)
UMLS concept linking via QuickUMLS (threshold
= 0.7), and (3) the ConText algorithm (Harkema
et al., 2009) for assertion classification.

Each entity is classified as:
• confirmed: ConText = AFFIRMED and

speaker = patient
• denied: ConText = NEGATED (any speaker)
• pending: ConText = HYPOTHETICAL, or en-

tity appears in a doctor question/suggestion
Evidence accumulates incrementally:

evidencet = evidencet−1 ∪ new_entitiest.
Status transitions follow monotonicity constraints
(pending → confirmed is allowed; confirmed →
denied triggers contradiction detection).

Validation. On MediTOD’s gold annotations,
our NER pipeline achieves 87% precision and 82%
recall for entity extraction + assertion classifica-
tion.
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A.3 Step 2: LLM-Generated Assessment
Given the dialogue prefix and extracted ev-
idence, GPT-4o generates the assessment,
next_step, and utterance fields via OpenAI
Structured Outputs (JSON Schema enforcement,
guaranteeing 100% format compliance).

Key design choices:
• The LLM receives evidence as structured input,

reducing hallucination of unsupported findings.
• Ground-truth diagnosis is never provided in the

prompt.
• For multi-turn sources (MediTOD, MTS-Dialog,

synthetic), the utterance target is the actual
next doctor turn from the dialogue (not LLM-
generated).

A.4 Quality Filtering and Confidence Scoring
Each silver label receives a confidence score:

score = 0.4·evidence_conf+0.6·assessment_conf

where evidence confidence is the mean UMLS
similarity of extracted entities multiplied by the
UMLS linkage coverage ratio, and assessment con-
fidence maps the LLM’s self-reported confidence
(Low=0.3, Medium=0.6, High=0.9) with a con-
sistency penalty if the top diagnosis contradicts the
evidence.

Samples are discarded if: (1) no entities ex-
tracted, (2) LLM refuses to diagnose, (3) criti-
cal questions repeat confirmed evidence, or (4)
score < 0.2. The SFT loss weight is w =
min(1, score/0.7).

A.5 Silver Label Quality Audit
To validate silver label quality, we stratified 1,000
samples by confidence score into four groups
(250 each: high ≥0.78, medium [0.55, 0.78), low
[0.20, 0.55), and discarded <0.20) and conducted
a two-tier audit. Two clinically-trained annotators
(an internal medicine resident and an emergency
medicine attending) independently reviewed 200
core samples (50 per stratum) across three dimen-
sions: evidence status accuracy, assessment plau-
sibility, and next-step usefulness. Disagreements
were adjudicated by a senior internist. An addi-
tional 800 samples were evaluated via automated
heuristics with 50-sample human cross-validation.

Three patterns emerge: (1) accuracy is strictly
monotonic with confidence, validating the score
as a quality proxy; (2) discarded samples are sub-
stantially worse than retained ones (evidence 68%

Table 5: Silver label accuracy by confidence stratum
(200 core samples, post-adjudication).

Stratum Evid. Assess. Next-step

High (≥0.78) 96.0% 90.0% 86.0%
Medium [0.55, 0.78) 92.0% 82.0% 78.0%
Low [0.20, 0.55) 84.0% 72.0% 68.0%
Discarded (<0.20) 68.0% 48.0% 44.0%

Retained (avg.) 90.8% 81.3% 77.3%

Table 6: Inter-annotator agreement (Cohen’s κ, pre-
adjudication, n=200).

Stratum Evid. κ Assess. κ Next-step κ

High 0.847 0.683 0.715
Medium 0.762 0.610 0.652
Low 0.715 0.561 0.604
Discarded 0.683 0.485 0.541

Overall 0.741 0.596 0.640

vs. 84%, a 16pp gap), confirming that the filtering
threshold removes genuinely low-quality labels;
and (3) the difficulty gradient Evidence > Assess-
ment > Next-step aligns with the increasing sub-
jectivity of each dimension. On the 800-sample
automated tier, heuristic pass rates track the core-
layer accuracy within ±2pp across all strata, with
a 50-sample cross-validation showing 86% agree-
ment between heuristic and human judgments on
evidence status.

B Belief Quality Metrics

We define six metrics to assess the fidelity of pre-
dicted belief states on AgentClinic episodes. All
metrics are computed per-turn and averaged across
episodes.

Evidence F1. Micro-F1 between the model’s
predicted evidence set Êt = confirmedt ∪
deniedt and the environment’s ground-truth dis-
closed findings R≤t (cumulative up to turn t).
Matching uses UMLS concept IDs (CUI) with
exact-match fallback on normalized surface forms.

Assessment Accuracy. The fraction of turns
where assessment.top matches the scenario’s
ground-truth diagnosis. Matching uses a curated
synonym table (e.g., “MI” = “Myocardial Infarc-
tion”) plus LLM-based equivalence check for am-
biguous cases.

Next-step Hit. For each turn t, we check whether
at least one question in next_step.critical
is semantically matched (BERTScore ≥ 0.85) to
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the actual doctor utterance in turns t+1 or t+2.
The metric is the fraction of turns where a hit oc-
curs.

Non-Contradiction. Let Ct = confirmed at
turn t and Dt = denied at turn t. A contra-
diction occurs when a CUI appears in Ct−1 and
Dt without the patient having explicitly negated
it in turn t’s response. Non-Contradiction = 1 −
(contradictions/|Ct−1|), averaged across turns and
episodes.

Question Efficiency. The fraction of doctor ques-
tion turns that produce at least one new verified
evidence item in the subsequent patient response:
|Enew

t+1 ∩Rt+1| ≥ 1.

Confidence Calibration. We partition all turns
by their confidence level and compute diag-
nosis accuracy within each group. Calibration is
defined as Acc(HIGH) − Acc(LOW), normalized
to [0, 1]. A higher value indicates the model’s con-
fidence is discriminative of actual diagnostic cor-
rectness.

C RL Training Details

C.1 Patient Simulator
Stage 2 uses a frozen Qwen2.5-72B-Instruct as the
patient agent. The scenario pool consists of 2,400
unique clinical cases constructed from MedDialog-
EN.

Scenario construction. Each MedDialog-EN en-
try provides a patient description (chief complaint,
brief history) and a doctor response (which often
suggests differential diagnoses and recommended
tests). We construct full clinical profiles in two
steps: (1) we extract all clinical facts explicitly
mentioned in both the patient message and doctor
response using MedSpaCy; (2) we prompt GPT-4o
to supplement additional findings that are medically
consistent with the identified diagnosis, drawing on
standard clinical presentations for that condition.
Each final profile contains a ground-truth diagno-
sis, positive findings, pertinent negatives that dis-
tinguish from plausible differentials, and relevant
history.

Scenario diversity. Cases span 18 medical spe-
cialties (internal medicine, neurology, cardiology,
etc.) with no overlap with evaluation bench-
marks (HealthBench, AgentClinic, MedQA, Pub-
MedQA, MedMCQA, MMLU). Overlap is verified

by matching ground-truth diagnoses and chief com-
plaints against benchmark case lists.

C.2 Profile-Grounded Fact Verification (Rt)
The belief-progress reward requires determining
which clinical facts the patient disclosed at each
turn. Since each simulated patient is instantiated
from a structured clinical profile, the environment
verifies disclosures directly against this profile.

Profile fact structure. Each RL training pro-
file enumerates its clinical facts at the individual-
finding granularity. Each fact f ∈ F has a canon-
ical name (e.g., “constant vertigo”) and an asser-
tion (confirmed or denied). Facts correspond
to independently verifiable clinical observations:
“substernal chest pain” and “radiation to left arm”
are separate facts.

NLI alignment model. We use
PubMedBERT-MNLI-MedNLI, a PubMed-
BERT model fine-tuned on MultiNLI then
MedNLI (Romanov and Shivade, 2018). Given
a profile fact as premise and a text segment as
hypothesis, the model outputs ENTAILMENT (fact
disclosed), CONTRADICTION (fact denied), or
NEUTRAL (not addressed). The model is frozen
throughout RL training and does not participate in
policy optimization.

Rt construction. After each patient response pt,
the environment applies the NLI model to every
(sentence, profile fact) pair. A fact f ∈ F is added
to R+

t if some sentence s in pt entails f , and to
R−

t if some sentence contradicts f . The reward
uses Rt = R+

t for the positive evidence term. De-
nied facts in R−

t contribute to the contradiction
penalty when the agent incorrectly adds them to
confirmed. The environment maintains a cumu-
lative set D≤t =

⋃t
i=1R+

i for redundancy detec-
tion.

Belief-to-fact alignment. The same NLI model
aligns agent belief findings to profile facts. For
each new finding e ∈ Enew

t , the model evaluates
NLI(f, e) for all f ∈ F . Finding e receives posi-
tive reward only if it maps (via entailment) to some
fact in Rt.

C.3 Reward Verification Audit
The belief-progress reward relies on automatic
profile-grounded verification rather than an LLM
judge. To validate this pipeline, we audit whether
its decisions agree with human judgments.
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Sampling. We randomly sample 300 turns from
held-out RL rollouts, stratified by reward sign (pos-
itive / zero / negative, 100 each) and dialogue stage
(early / middle / late). This yields 2,847 response–
fact pairs for disclosure detection and 412 belief–
fact pairs for alignment evaluation.

Annotation. Two clinically-trained annotators in-
dependently label each item. For disclosure detec-
tion, annotators judge whether each profile fact is
entailed, contradicted, or not mentioned in the pa-
tient response. For belief alignment, they judge
whether the agent’s newly confirmed finding cor-
rectly maps to the matched profile fact. Inter-
annotator agreement is κ = 0.83; disagreements
are adjudicated by a third reviewer.

Results. Table 7 reports pipeline–human agree-
ment. Positive fact disclosure achieves F1 = 92.3%,
confirming that the primary reward signal is reli-
able. Denied-fact detection is lower (F1 = 87.8%);
however, denied facts only trigger the contradiction
penalty under strict conditions, limiting the impact
on training. Overall reward-sign agreement reaches
κ = 0.82, indicating the fixed pipeline provides a
sufficiently reliable training signal for online RL.

Table 7: Human audit of the reward verification pipeline
on 300 stratified RL turns. Two clinically-trained anno-
tators (κIAA = 0.83).

Component Metric Result

Positive fact disclosure (R+
t ) F1 92.3

Denied fact disclosure (R−
t ) F1 87.8

Belief-to-fact alignment Accuracy 91.5
Redundancy detection F1 94.9
Contradiction detection F1 85.9

Overall reward-sign agreement κ 0.82

C.4 PPO Training Details
We use PPO with Stage 1 data replay (∼15% of
each batch) to prevent format degradation, and
adaptive KL penalty (βKL, target=0.02) to con-
strain policy drift. The per-turn reward is rt =
r

prog
t ; the terminal reward rT is added at the final

turn.

D Evaluation Protocol

We evaluate all models under the official protocols
of each benchmark to ensure reproducibility. Be-
low we list system prompts, generation parameters,
and scoring mechanisms.

Table 8: PPO hyperparameters for Stage 2 training.

Parameter Value

Learning rate 1× 10−5 (cosine decay)
Batch size 128 episodes
Mini-batch size 16
PPO clip ratio 0.2
GAE λ 0.95
Discount γRL 0.99
KL target 0.02
KL penalty coefficient adaptive
Stage 1 replay ratio 15%
Max turns per episode (Tmax) 20
Total training episodes 50k
Value function coefficient 0.5
Entropy bonus 0.01
LoRA rank (r) 64

D.1 HealthBench
All models receive the default system prompt from
the OpenAI simple-evals framework:

You are a helpful assistant.

Each model generates a single completion for the
full multi-turn conversation history using the of-
ficial default parameters (temperature=0.5, max
tokens=2048, temperature sampling).

Grading. Each response is scored against
physician-authored rubric items by an LLM judge
(GPT-4.1). For each rubric item the judge returns a
binary criteria_met label; the overall score is∑

achieved points /
∑

positive points, clipped to
[0, 1]. Rubric content and scoring logic follow the
official HealthBench release (Arora et al., 2025).

D.2 AgentClinic
AgentClinic simulates an OSCE-style multi-turn
consultation with four agents. All models share
identical prompt templates.

Doctor Agent Prompt

You are a doctor named Dr. Agent who only responds in
the form of dialogue. You are inspecting a patient who
you will ask questions in order to understand their disease.
You are only allowed to ask {MAX_INFS} questions total
before you must make a decision. You have asked {infs}
questions so far. You can request test results using the for-
mat “REQUEST TEST: [test]”. Your dialogue will
only be 1–3 sentences in length. Once you have decided
to make a diagnosis please type “DIAGNOSIS READY:
[diagnosis here]”.
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Patient Agent Prompt

You are a patient in a clinic who only responds in the form
of dialogue. You are being inspected by a doctor who will
ask you questions and will perform exams on you in order
to understand your disease. Your answer will only be 1–3
sentences in length.

The patient agent is parameterized with the full
scenario profile (demographics, symptoms, history)
and instructed not to reveal the diagnosis explicitly.

Moderator (Diagnosis Judge)

You are responsible for determining if the correct diagno-
sis and the doctor diagnosis are the same disease. Please
respond only with Yes or No.

Interaction parameters. All parameters follow
the official AgentClinic release (Schmidgall et al.,
2026): max turns=20, temperature=0.05, max to-
kens per response=200. The patient agent, mea-
surement agent, and moderator are fixed across all
evaluated doctor models.

E Case Study: Comparative Dialogue
Analysis

Below we show an AgentClinic case (scenario
71) where the same patient interacts with three
different doctor agents. Ground-truth diagnosis:
Labyrinthitis (post-viral inner ear inflammation).
Doctor-R1 diagnoses incorrectly (✗); DoctorAgent-
RL diagnoses incorrectly (✗); BridgeGap diagnoses
correctly (✓).

Presenting Complaint (shared by all agents)

“I’ve been feeling like the room is spinning since this
morning, and it’s been constant. I also feel a bit nauseous
at times.”

Doctor-R1 — Final diagnosis: BPPV ✗

Turn 1 Doctor: Is the dizziness constant or does it come
and go?
Patient: It’s constant, like the room is spinning. Started
this morning and hasn’t let up.

Turn 2 Doctor: Have you experienced any hearing loss,
tinnitus, or ringing in the ears?
Patient: No hearing loss or ringing. Just the spinning
and occasional nausea.

Turn 4 Doctor: Does the dizziness worsen with certain
head movements?
Patient: A bit worse when I turn my head quickly, but
it’s mostly just constant. [constant ̸= BPPV]

Turn 5 Doctor: REQUEST TEST: Vestibu-
lar_Function_Test

Result: NORMAL READINGS

Turn 6 Doctor: Have you had any recent viral infec-
tions, such as a cold?
Patient: Yes, I had a cold a few days ago. [key clue—not
synthesized]

Turn 8 Doctor: Any neck pain or cervical spine issues?
Patient: No. [low-yield]

Turn 9 Doctor: Any changes in diet, fluid intake, or
electrolyte balance?
Patient: I’ve been drinking plenty of fluids. Only change
is extra garlic. [low-yield]

Turn 17 Doctor: DIAGNOSIS: Benign paroxysmal
positional vertigo (BPPV) with possible viral etiology. ✗

▷ Contradictory: BPPV is episodic/positional, but pa-
tient’s vertigo is constant. Viral precursor supports
labyrinthitis, not BPPV.

Doctor-R1 collects all discriminative findings—
constant vertigo (Turn 1), recent URI (Turn 6)—
but fails to synthesize them. It diagnoses BPPV
despite the patient describing constant vertigo, and
acknowledges a viral precursor that contradicts
BPPV.

DoctorAgent-RL — Final diagnosis: “Ver-
tigo” ✗

Turn 1 Doctor: How can I assist you today?
Patient: I’ve been feeling like the room is spinning since
this morning. Also a bit nauseous.

Turn 2 Doctor: Do you have any history of dizziness
or vertigo?
Patient: No, I’ve never had anything like this before.
Constant, low-grade spinning all day.

Turn 3 Doctor: Have you noticed any changes in vision
or hearing?
Patient: No, vision and hearing seem normal. The
spinning is constant. [no follow-up on triggers]

Turn 4 Doctor: Based on your symptoms, you may
be suffering from vertigo, possibly related to a viral
infection...
Patient: I’ll follow your advice.

Turn 5 Doctor: DIAGNOSIS: Vertigo, possibly viral.
✗ [correct direction, but non-specific]

DoctorAgent-RL intuits the viral link but stops at a
vague “vertigo” label without specifying the etiol-
ogy, performing no differential reasoning between
BPPV, labyrinthitis, and vestibular neuritis.

BridgeGap — Final diagnosis: Labyrinthi-
tis ✓

Turn 1 Doctor: Can you describe the dizziness—is it
a constant spinning, or brief episodes triggered by head
movement?
Patient: It’s constant, room is spinning since this morn-
ing. Hasn’t stopped.
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▷ Belief: top = Peripheral vertigo; conf = Low; con-
firmed: acute_onset, constant_vertigo

Turn 2 Doctor: Have you had a recent cold, flu, or ear
infection in the past week?
Patient: Yes, I had a cold a few days ago.
▷ Belief: top = Labyrinthitis; conf = Med; +1 re-
cent_URI; alts: Vestib. neuritis, BPPV

Turn 3 Doctor: Have you noticed any hearing loss or
ringing in your ears? Any ear fullness or pressure?
Patient: No hearing loss or ringing. Just spinning and
nausea.
▷ Belief: conf = Med; denied: hearing_loss; BPPV
dropped (vertigo is constant, not positional)

Turn 4 Doctor: Any numbness, weakness, slurred
speech, or severe headache? Does the vertigo change
with position?
Patient: No numbness or weakness. Slightly worse with
quick head turns but mostly constant.
▷ Belief: conf = High; denied: neuro_sx; central causes
excluded; no critical questions remain

Turn 5 Doctor: DIAGNOSIS READY: Labyrinthitis—
acute vestibular inflammation following a recent upper
respiratory infection. ✓

▷ Belief: action = DIAGNOSE

Summary. This case illustrates the mechanism
behind the aggregate results in §4. Doctor-R1
collects all discriminative findings—constant ver-
tigo, recent URI, absence of focal neurological
signs—but lacks a structured representation to syn-
thesize them, yielding a contradictory BPPV di-
agnosis. DoctorAgent-RL intuits the viral link
but terminates with a non-specific “vertigo” label
without differential reasoning. BridgeGap’s be-
lief state explicitly tracks these three findings, uses
next_step.critical to prioritize the most
discriminative question at each turn, and reaches
the correct, specific diagnosis (labyrinthitis) in 5
turns—explaining its higher diagnostic accuracy
and earlier stopping behavior in the quantitative
evaluation.
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