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Abstract

Clinical diagnosis is inherently sequential: clin-
icians escalate from cheap to costly tests only
when additional evidence is expected to re-
solve diagnostic uncertainty. We present Ac-
tiveMedAgent, a framework that brings this
cost-aware sequential logic to multimodal med-
ical Al Given a frozen, API-accessed vision-
language model, ActiveMedAgent tracks prob-
ability distributions over candidate diagnoses
and scores each acquisition by its per-step diag-
nostic utility minus cost. A lightweight MLP
controller is then trained offline on these scored
trajectories, learning when to request additional
evidence and when to commit. Across three
commonly used benchmarks, trajectory-based
policy learning consistently outperforms both
unguided acquisition and full-modality base-
lines. Notably, we identify an information over-
load effect. In 175 cases, the agent produces
a correct diagnosis with fewer channels while
the full-modality baseline fails, showing that
learning what to omit can be as important as
learning what to acquire.

1 Introduction

We start from a counterintuitive failure mode: in
175 test cases, a frozen VLM 1is correct with
selected evidence but wrong with all evidence,
suggesting that multimodal diagnosis is also an
evidence-control problem. Medical multimodal
reasoning is commonly evaluated as a static predic-
tion problem. A model receives an image, some-
times paired with supporting text, and produces a
diagnosis after all evidence has already been re-
vealed. Recent medical vision-language systems
such as Med-Flamingo (Moor et al., 2023) and
LLaVA-Med (Li et al., 2023) demonstrate strong
performance under this paradigm, but they are typi-
cally assessed in settings where the visual modality
is always present, and the interaction reduces to a

*This work was done prior to joining Amazon.

form of medical visual question-answering (VQA).
This abstraction is convenient, yet it omits a defin-
ing property of real diagnosis: evidence is acquired
progressively through selective escalation.

In clinical practice, physicians rarely begin with
every modality at once. They first inspect low-
cost evidence such as demographics, presenting
complaint, medical history, and basic examination
findings. Imaging and other expensive investiga-
tions are ordered only when earlier evidence leaves
material uncertainty. A model that reaches the cor-
rect answer only after consuming every modality
is therefore not necessarily acting intelligently. In
many cases, it is simply overusing information.
The clinically meaningful question is thus eco-
nomic and predictive: what is the minimum amount
of evidence needed to arrive at the correct diagno-
sis? This observation turns multimodal diagnosis
into a sequential reasoning problem. At each step,
the diagnostic system must reason about the cur-
rently available evidence, maintain a belief distribu-
tion over candidate diagnoses, and decide whether
acquiring an additional modality is expected to im-
prove the diagnosis sufficiently to justify its cost.
The objective is no longer only to predict correctly
after all evidence is available, but to decide when
additional evidence is necessary.

We study this setting as cost-aware multimodal
diagnostic escalation. The central idea of this work
is to learn from diagnostic belief trajectories. As
new evidence is acquired, the model produces a
sequence of belief states over diagnoses. These
trajectories reveal how each modality affects the
differential: some acquisitions resolve ambiguity,
some are redundant, and some introduce distrac-
tion or information overload. In contrast to static
multimodal learning, which observes only the final
input and label, trajectory learning supervises how
reasoning evolves over time. This enables the sys-
tem to improve not only prediction accuracy, but
also the decision process of whether more evidence
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Representative Successful Case: OLIVES / GPT-40-mini

Ground truth
Atrophy, Ir Hrf, Partial Vitreous

Acquisition trace

and atrophy patterns.

Step 1: +biomarker_hints ($100) moves Atrophy,
Ir Hrf, Partial Vitreous to rank 1.
Commit: The policy stops because OCT and extra

Step 0: +clinical_measurements ($20) leaves a dif-
fuse differential but narrows the case toward vitreous

Outcome

Agent: 2 channels, MRR=1.0,
correct, $120.

Full Modality: 4 channels,
MRR=25%, wrong, $570.
Stopping avoids extra image evi-
dence that distracts the model.

slices have low expected value after the biomarker

update.

Figure 1: Successful selective acquisition case. PolicyNet commits after two low-cost evidence channels, while Full
Modality receives all four channels and ranks the correct diagnosis lower. This illustrates the information-overload

mechanism that motivates cost-aware trajectory learning.

should be acquired.

Based on this formulation, we present Ac-
tiveMedAgent, a framework for cost-aware sequen-
tial multimodal diagnosis. The model starts from
presentation-time evidence and iteratively chooses
between acquiring one additional information chan-
nel or committing to a ranked differential diagnosis.
A lightweight controller is learned from previously
collected trajectories and operates over compact
diagnostic states. Importantly, the backbone vision-
language model remains unchanged. The improve-
ment arises from learning better evidence acquisi-
tion strategies rather than modifying the underlying
diagnostic model.

We evaluate ActiveMedAgent on NEJM (Fajtl
et al., 2024), MIDAS (Chiou et al., 2025), and
OLIVES (Prabhushankar et al., 2022) under clin-
ically ordered evidence hierarchies. The results
reveal that active acquisition improves over pas-
sive diagnosis, but naive acquisition is often brittle,
and that the benefit of learning depends strongly
on model capacity and domain structure. Figure 1
gives the paper’s core example: the learned policy
stops after two low-cost OLIVES channels, reaches
the correct diagnosis, and avoids later OCT evi-
dence that causes the full-modality baseline to fail.
In summary, our contributions are fourfold: (i)
we introduce a structured, hierarchy-constrained
formulation of multimodal diagnosis that replaces
free-form query generation with a finite, clinically
grounded action space; (ii) we propose trajectory-
level supervision over belief state transitions, en-
abling learning of acquisition policies from inter-
mediate reasoning signals rather than final pre-
dictions alone; (iii) we demonstrate that learn-
ing acquisition policies offline yields substantially
more reliable decisions than prompt-based or self-
reflective strategies, for example, improving NEJM

accuracy from 18.6% to 31.2% on GPT-40-mini,
where naive acquisition fails; and (iv) we identify
and quantify an information overload effect, with
175 cases where selective acquisition is correct
while the full-information baseline is wrong, show-
ing that additional modalities can degrade reason-
ing and motivating evaluation based on accuracy
and cost rather than accuracy alone.

2 Related Work

Sequential, cost-aware diagnosis. Prior medical
VLM and VQA benchmarks typically assume all
modalities are available upfront (Moor et al., 2023;
Li et al., 2023; Lin et al., 2023; Ma et al., 2026).
Closer to our setting, recent work studies inter-
active/sequential diagnosis and incorporates test
costs (Li et al., 2024; Nori et al., 2025). In partic-
ular, SDBench transforms NEJM clinicopatholog-
ical conference cases into stepwise diagnostic en-
counters under explicit cost constraints, and MAI-
DxO provides a model-agnostic orchestration layer
(e.g., simulating a physician panel) to decide what
information to request and when to commit (Nori
et al., 2025). These systems are strong baselines
for sequential decision-making, but (i) primarily
operate in a free-form question/test-request space
that is harder to audit clinically, and (ii) do not tar-
get structured acquisition over a fixed, clinically
meaningful hierarchy of evidence channels. Ac-
tiveMedAgent focuses on this structured setting,
enabling transparent policies and controlled cost-
accuracy evaluation in multimodal diagnosis.

Clinical LLM evaluation and decision support.
Recent work evaluates LLMs and VLMs on med-
ical exams and clinical reasoning, and highlights
both promise and reliability gaps (Kung et al., 2022;
Singhal et al., 2022, 2025; Nori et al., 2023; Mc-



Duff et al., 2025; Wan et al., 2024; Griot et al.,
2025a; McCoy et al., 2025; Thapa et al., 2025;
Griot et al., 2025b; Chen et al., 2024; Hao et al.,
2025; Jeong et al., 2024). Our setting also con-
nects to earlier diagnostic decision support and
cost-aware clinical workflow integration (Barnett
et al., 1987; Berner et al., 1994; Elhanan et al.,
1996; Detmer and Shortliffe, 1997; Barnett et al.,
1998; Bauer et al., 2002; Elkin et al., 2010; Nee
and Hein, 2010).

Active acquisition beyond explicit tool use.
While tool-use frameworks motivate interleaving
reasoning with actions (Yao et al., 2022; Schick
et al., 2023), our controller does not rely on general-
purpose external tools. Instead, it learns when to es-
calate to additional modalities under explicit costs,
connecting to active feature acquisition under cost
constraints (Li and Oliva, 2021; Yang et al., 2025;
Yu et al., 2025).

Foundation models, data, and probabilistic be-
liefs. Our work builds on modern general-purpose
and open foundation models and their training/eval-
uation ecosystems (Achiam et al., 2023; Hurst et al.,
2024; Touvron et al., 2023a,b; Groeneveld et al.,
2024; Soldaini et al., 2024; Weber et al., 2024; Liu
etal., 2024; Hendrycks et al., 2020; Srivastava et al.,
2023; Yang et al., 2018). Finally, extracting action-
able beliefs from natural-language outputs relates
to work on probabilistic reasoning and uncertainty
in language models (Paruchuri et al., 2024; Feng
et al., 2024; Nafar et al., 2025). Unlike prior work,
our approach separates reasoning (backbone VLM)
from decision-making (learned policy).

3 Method

Multimodal medical Al usually assumes simulta-
neous access to all evidence. Clinical diagnosis is
sequential: each test has cost, delay, and potential
to distract the model when ordered unnecessarily.

Existing approaches to this problem either re-
quire environment simulators or access to model in-
ternals unavailable in API-served foundation mod-
els (Yu et al., 2023; Shim et al., 2018), treat modal-
ity selection as a static feature-selection problem
that ignores how beliefs evolve as evidence accu-
mulates (Li and Oliva, 2021), or encode acquisition
logic entirely in natural-language prompting with
no learned, auditable decision boundary (Nori et al.,
2025).

ActiveMedAgent studies structured evidence ac-
quisition over a fixed clinical hierarchy. As evi-

dence is revealed, the frozen VLM produces be-
lief states; each transition is scored by diagnostic
improvement minus acquisition cost (Eq. 2). A
lightweight MLP controller (PolicyNet) is trained
offline on these scored trajectories and uses only
compact state features (channel mask, belief en-
tropy, confidence gap, cumulative cost).

This design yields an acquisition policy that is
decoupled from the backbone (retrained or replaced
without modifying the VLM), auditable (a small
MLP over interpretable features), and trajectory-
supervised (able to distinguish acquisitions that
resolve ambiguity from those that are redundant
or harmful—a signal unavailable to prompt-only
systems). We refer to Figure 2 for an overview of
the full pipeline and Algorithm 1 for the complete
acquisition loop.

3.1 Problem Formulation

A clinical case x = ({vc}eec, y) consists of diag-
nostic channels C = Cy U Cgr and a ground-truth
diagnosis y € ), where || = K. Free channels
Cp are available at presentation; requestable chan-
nels Cr each have acquisition cost x(c) > 0 and
modality type 7(c) € {text, image}. At step ¢,
observed evidence is £y = {v. : ¢ € Co U A},
where A; C Cg records acquired channels. The
VLM backbone maps evidence to a belief distribu-
tion by = fu(E;) € AK=1 over candidates, and
the agent selects a; € (Cr \ A:) U{COMMIT}.
We maximize the quality-cost objective

J(r) = E[RR(bT, y)

— A iar) 1fa # COMMITY)|,
t<T (1)

where RR(br,y) = 1/ranky,.(y) is reciprocal
rank, i(a;) = k(a¢)/max.r(c) is normalized
cost, and \ controls the trade-off. We use recipro-
cal rank because ranked differentials are top-heavy:
moving the correct diagnosis from rank 5 to rank
2 should matter, but less than moving it to rank
1, and RR is label-set-size independent compared
with NDCG or log-rank.

3.2 Belief Extraction from VLM Outputs

A core design challenge is that API-based VLMs
produce natural-language outputs, not calibrated
probability distributions. We extract the belief state
b, through structured prompting: at each step, the
VLM is instructed to return a ranked differential
diagnosis with explicit confidence scores for each
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Figure 2: ActiveMedAgent framework overview. Left: Diagnostic channels organized into a tiered cost hierarchy.
Top: Trajectory collection via structured VLM interaction. Middle: Cost-aware policy learning for channel
acquisition. Bottom: Inference-time decision loop with adaptive stopping.

candidate in the set ), subject to the constraint that ~ rationale. Malformed responses are retried up to 3
scores sum to one. Specifically, the structured out-  times with a simplified prompt; persistent failures
put schema enforces a JSON response containing  are excluded (<2% of cases). This produces trajec-
an ordered list of (diagnosis, probability) pairs sat-  tories 7 = {(s¢, as, by, by, ut)}tT:_Ol, where the
isfying Zi(: . bgk) — 1 and bgk) > 0. Responses  per-step utility captures belief correction:
that violate these constraints (e.g., probabilities not )
summing to one, missing candidates) are repaired ur = RR(bt41,9) — RR(by,y) — A H(at) - (2)
by renormalization over the provided values and diagnostic improvement cost penalty
uniform redistribution over omitted candidates.
We acknowledge that VLM-reported confi-
dences are not calibrated in the frequentist
sense (Guo et al., 2017): a stated probability of
0.85 does not guarantee 85% empirical accuracy.  Stage 2: Cost-Aware Policy Learning All three
However, our framework requires only that these  policy variants operate on the same compact belief
scores preserve a relative ordering that is informa-  state, and the full PolicyNet augments it with case
tive for decision-making. The empirical results in ~ and channel semantics. We define the compact
Section 4 confirm that belief-derived metrics (en-  state at step ¢ as
tropy, confidence gap) provide useful signal for the

Each acquisition is labeled as beneficial (u; > 0),
redundant (u; =~ 0), or harmful (u; < 0), providing
direct supervision for policy learning.

L . o 1 1 2
acquisition controller despite imperfect calibration. 2= my, d | bg ), bE )—bg ),
We further note that the per-step utility u; (Eq. 2) channel dataset t\opff conf
depends on reciprocal rank changes rather than s conf &ap (3)
absolute probabilities, making the learning signal Hy , ot > kla) | € RPs
robust to monotonic miscalibration. entopy S oo

cost
Stage 1: Trajectory Collection We collect tra-
jectories by running the frozen VLM on training ~ where m, € {0, 1}/°#l is a binary mask indicating
cases in the loop summarized in Algorithm 1. At ~ which requestable channels have been acquired, d
each step, the VLM receives the evidence so far, 1s a one-hot encoding of the dataset identity, and
chooses a remaining channel or commits, and re- H; =—), bgk) log bgk) is the belief entropy. The
turns an updated ranked differential plus a short  full controller input is s; = [z; hs], where hy is



a frozen embedding of the presentation text. For
channel actions, the output head also receives a
learned channel-name embedding e.; COMMIT has
its own output vector. Thus Eq. 3 specifies the
auditable belief-and-cost core, while Table 4 tests
the added semantic case and channel components.

We instantiate three acquisition policies of in-
creasing complexity and compare them with stan-
dard controls. Passive never requests evidence, Al-
1AtOnce reveals every channel, RandomOrder ran-
domizes acquisition, Oracle uses hindsight channel
order, and ClinicalGuideline follows the dataset-
specific clinical ordering inspired by guideline-
based decision support (Nee and Hein, 2010).
Prompt baselines instantiate CoTSinglePass (Wei
et al., 2022), ReAct (Yao et al., 2022), Self-
Ask (Press et al., 2023), and reflection-style self-
assessment (Shinn et al., 2023); EntropyGreedy
follows active feature acquisition principles (Li and
Oliva, 2021).

(i) Self-Reflective Prompting. The simplest
baseline requires no training data and no external
controller. After each acquisition, the VLM self-
assesses whether any remaining channel justifies its
cost and returns either a channel request or COMMIT.
This isolates the VLM’s intrinsic ability to judge
its own uncertainty, which is unreliable for weaker
backbones (Section 4).

(ii) Reward-Weighted In-Context Learning
(ICL). This variant retrieves Ngemo = 3 nearby
high-utility training steps using scalar state features
(confidence, gap, entropy, cost) and prepends them
as demonstrations. It biases the VLM toward cost-
effective acquisitions without parameter updates.

(iii) PolicyNet (MLP Controller). The learned
policy mg(a | s;) encodes s; = [z hy] with a
3-layer multilayer perceptron (Ds — 64 — 32,
where Dy is the dimension of the full state), then
scores each feasible channel using its channel-
name embedding head and scores COMMIT with a
separate head. The action space has |A| = |Cgr|+1
actions (requestable channels plus COMMIT). Each
hidden layer uses ReLU activation followed by
dropout (p = 0.1). The network is trained of-
fline via reward-weighted imitation learning (Peters
and Schaal, 2007; Peng et al., 2019), a variant of
advantage-weighted regression (AWR) suited to
offline data:

L) =— Z exp(%) logmg(a|s), (4)

(s,a,u)eD,

where o > 0 is a temperature controlling the sharp-
ness of the weighting. High-utility transitions re-
ceive exponentially larger gradient weight, while
harmful acquisitions (v < 0) are exponentially
suppressed. We choose reward-weighted imitation
over online RL (e.g., PPO, DQN) for two reasons:
(a) the action space is small and discrete (].4| < 5),
making a lightweight offline method sufficient, and
(b) online RL would require repeated VLM infer-
ence during training, which is prohibitively expen-
sive with API-based models.

Crucially, the VLM backbone remains frozen:
learning occurs entirely at the level of acquisition
control, preserving the backbone’s diagnostic ca-
pabilities while adding cost-aware escalation on
top.

Stage 3: Decision Process and Adaptive Stop-
ping At inference, the agent receives the initial
free channels Cy and enters a loop. The selected
policy evaluates s;, and either requests a channel
or commits. Stopping is value-based rather than
budget-constrained. For each unobserved channel
¢, we estimate its expected net value as

o~

Vi(e) = IGi(¢) — AR(c), (5)

where I/(\}t(c) is computed numerically when re-
playing the candidate channel is affordable:

IG¢(c) = [H(by) — H(by)l+

(6)
+ (9t — 9t)+

where by . = f4(E; U {ve}), g = bgl) — b§2) is
the confidence gap, [r];+ = max(0,r), and 7 is
tuned on validation trajectories. This numerical
estimate requires an extra VLM call per remaining
channel, so it is used in the main experiments and
in trajectory construction, while a cheaper keyword
proxy is reported only as an ablation/fallback. The
fallback parses confidence-change keywords ( “crit-
ical,” “clarify,” “rule out,” “confirm” — high IG;
“unlikely to change,” “marginal” — low 1G), pro-
ducing IG(c) € [0,1]:

I/(\}t(c) = J(WT¢(rationalet(c))> , (D

where ¢(+) extracts keyword indicators, w is fixed
on validation trajectories, and o is the sigmoid func-
tion. Table 4 shows that this cheaper keyword fall-
back underperforms numerical EIG, so we do not
use it as the default controller.



Algorithm 1 ActiveMedAgent training and test-
time diagnostic escalation

Require: Case z, training label y, free channels Co, requestable channels C g,
frozen VLM fg, cost penalty A\, max retries R

Ensure: Ranked diagnosis and acquired channels
Offline trajectory construction

1: for training case x; do

2 Set Ag < 0, Eg < Co: query f(Eq) for ranks, probabilities,
rationale, and requested channel

3 Repair malformed probabilities by renormalization; retry invalid JSON
up to R times

4 fort =0,...,|Cr| — 1do

5: Form compact state z; using Eq. 3; concatenate case embedding
hﬂ%‘ to obtain s

6: Choose/enumerate feasible a; € Cr \ Aq¢; reveal it and re-query
fe

7: Score uy = RR(bt+1,yi) — RR(bt,yi) — )\I%(at)

8 Store (s¢, at, ut); tag step as beneficial, redundant, or harmful

9 end for

10: end for

11: Train PolicyNet mg(a | s) by reward-weighted imitation, weight
exp(ut/a)

Inference-time acquisition

12: itialize Eo < Co, Ao <+ 0, bo + f4(Eo)

13: while Cr \ A; # 0 do

14: Build z; from mask, entropy, gap, step, and cost; concatenate case
embedding A, to form sy

15: Select at <— mg(s¢); estimate Vi (¢) = iG, (e) — A&(c)

16: if a;, = COMMIT or max.cc 5\ 4, Vi(c) < O then
17: return ranked diagnosis from b, and acquired set A
18:  endif

19: Acquire ay, update A; 1 <+ A U {a}, re-query fy
20: end while
21: return final ranked diagnosis and all acquired channels

The agent commits when either (i) PolicyNet
selects COMMIT, or (ii) all remaining channels have
non-positive expected value: max.ecp\ 4, Vi(e) <
0. This yields adaptive-length trajectories: straight-
forward cases terminate after cheap channels alone,
while ambiguous cases escalate through the cost
hierarchy only when a remaining modality is ex-
pected to materially improve the differential.

4 Experiments

4.1 Datasets, protocol, and evaluation setup

We evaluate on three diagnostic pathway datasets
with clinically ordered evidence channels: NEJM
Image Challenge (947 cases; examination, inves-
tigations, image), MIDAS (635 cases; close-view
photographs and dermoscopy), and OLIVES (1,268
cases; measurements, biomarkers, OCT evidence).
Each dataset is split 60/40 into train/test. At test
time the agent observes free presentation channels,
then either requests one remaining channel or com-
mits. We evaluate GPT-40 and GPT-40-mini with
the policy set defined in Section 3. The main met-
rics are top-1 accuracy, MRR, channels acquired,
early stopping, acquisition efficiency (AE), mean
cost, and cost per correct diagnosis; Table 1 also
reports bootstrap 95% confidence intervals. Ap-
pendix 7 (p. 13) gives the supplemental protocol
and metric interpretation needed to audit the full
result set.

Accuracy MRR Cost efficiency

. 1768

PN Full (pp)

o
NEJM MIDAS OLIVES NEJM MIDAS OLIVES NEJM MIDAS OLIVES

Figure 3: PolicyNet vs. Full Modality. (a) Accu-
racy difference between PolicyNet and Full Modality.
(b) MRR difference between PolicyNet and Full Modal-
ity. (c) Cost-efficiency gain: PolicyNet saves up to
$1,768 per correct diagnosis (NEJM/GPT-40-mini) by
requesting fewer channels. Learned channel selection
outperforms exhaustive information access while reduc-
ing acquisition cost.

4.2 Training Details

For each backbone, we collect training trajectories
with the structured prompting protocol described
in the method section and train a separate Poli-
cyNet on that backbone’s scored transitions. The
controller uses Adam (10~3), batch size 64, 200
epochs, 20% validation early stopping, reward tem-
perature o = 1.0, and cost penalty A = 0.5. Policy
training finishes in under two minutes on CPU; the
dominant cost is VLM trajectory collection. We do
not claim cross-backbone transfer, since GPT-4o0
and GPT-40-mini exhibit different uncertainty and
acquisition profiles.

4.3 Main Results

Table 1 supports three claims. First, prompt-only
acquisition is brittle for weaker backbones: on GPT-
40-mini, Zero-shot falls below Passive on all three
datasets, and its negative AE on MIDAS shows
that unguided requests can actively worsen the dif-
ferential. Second, learned acquisition helps most
when decisive evidence is late or expensive, as in
NEJM, where PolicyNet raises GPT-40-mini ac-
curacy from 18.6% to 31.2%. Third, PolicyNet
matches or exceeds Full Modality in all six settings
while usually using fewer channels, so its gains
are not just cheaper early stopping. The uneven
gains are expected: MIDAS/GPT-4o is nearly satu-
rated, while OLIVES provides a clearer overload
setting where extra OCT evidence can lower the
correct label’s rank. Thus, the policy is learning a
domain- and state-dependent stopping rule rather
than a universal “request less” heuristic.

PolicyNet improves reasoning quality, not just
final accuracy. MRR improves alongside accu-
racy, with the largest gain on NEJM/GPT-40 (+21.0
points) and substantial GPT-40-mini gains on MI-
DAS (+8.2) and OLIVES (+17.7). Because the



Table 1: Main results across three diagnostic pathway datasets. Free channels are given at presentation; the agent
requests additional channels from the tiered cost hierarchy. Best non-Full-Modality result per column is bolded.

Diagnostic Quality Acquisition Behavior Cost
Model Method Acc (%) 95% C1 MRR (%) Ch Early (%) AE $Cost  $/Cor
NEJM Image Challenge
Passive 20.7 [.161,.253] 46.3 0.0 0 0.000 0 0
Zero-shot 23.2 [.182,.281] 48.4 2.0 100 0.102 393 1699
S ICL 25.3 [.204,.305] 49.9 2.0 100 0.176 433 1714
E‘: Reflective (Shinn et al., 2023) 21.8 [.172,.267] 47.4 2.0 100 0.054 362 1662
Q0 PolicyNet 48.3 [.407,.535] 67.3 2.7 24.7 0.785 721 1904
Fixed-order 47.0 [.414,.530] 66.3 3.0 0 0.991 1125 2393
Full Modality 46.7 [411,.523] 66.5 3.0 0 1.000 1125 2411
Passive 18.9 [.147,.232] 44.4 0.0 0 0.000 0 0
g Zero-shot 18.6 [.140,.232] 453 2.0 100 0.089 327 1758
g ICL 20.0 [.154,.249] 46.0 2.0 100 0.162 329 1644
<? Reflective (Shinn et al., 2023) 21.4 [.168,.260] 46.9 2.0 100 0.259 351 1639
E PolicyNet 31.2 [.260,.365] 53.8 2.5 229 0.872 706 1875
o Fixed-order 30.2 [.249,.354] 532 3.0 0 0.933 1125 3728
Full Modality 30.9 [.260,.361] 539 3.0 0 1.000 1125 3643
MIDAS
Passive 36.1 [.293,.429] 59.2 0.0 0 0.000 0 0
Zero-shot 455 [.387,.529] 63.9 22 73 0.608 164 361
<? ICL 46.6 [.393,.534] 63.9 22 69 0.608 172 370
E Reflective (Shinn et al., 2023) 41.9 [.356,.487] 61.9 2.1 79 0.356 285 681
Q0 PolicyNet 475 [.387,.529] 67.6 2.6 18.7 0.907 277 654
Fixed-order 47.1 [.398,.545] 67.0 2.9 0 1.022 346 734
Full Modality 47.1 [.403,.545] 66.9 2.9 0 1.000 346 734
Passive 24.6 [.183,.309] 50.1 0.0 0 0.000 0 0
e Zero-shot 20.4 [.152,.262] 45.7 1.2 99 —0.521 260 1274
g ICL 20.9 [.152,.267] 46.1 1.4 99 —0.474 271 1294
q-? Reflective (Shinn et al., 2023) 22.0 [.162,.283] 47.1 2.0 97 —0.356 104 473
E PolicyNet 37.3 [.277,.456] 58.3 2.7 17.3 0.776 295 732
o Fixed-order 33.5 [.272,.408] 59.6 2.9 0 0.899 346 1033
Full Modality 36.1 [.298,.435] 58.4 29 0 1.000 346 958
OLIVES
Passive 353 [.218,.488] 58.7 0.0 0 0.000 0 0
Zero-shot 529 [.394,.665] 71.8 1.9 100 1.317 118 222
<? ICL 529 [.394,.665] 73.5 2.0 100 1.495 120 227
E Reflective (Shinn et al., 2023) 353 [.218,.488] 59.0 1.0 100 0.030 300 850
<] PolicyNet 54.2 [.387,.662] 75.3 3.6 19.2 1.000 482 1273
Fixed-order 41.2 [.376,.547] 68.6 4.0 0 1.000 570 1384
Full Modality 41.2 [.376,.547] 68.6 4.0 0 1.000 570 1384
Passive 29.4 [.218,.329] 52.6 0.0 0 0.000 0 0
e Zero-shot 235 [.159,.412] 50.4 2.0 100 —0.174 120 510
g ICL 23.5 [.159,.412] 51.9 2.0 100 —0.061 120 510
q-? Reflective (Shinn et al., 2023) 353 [.176,.588] 58.0 2.0 100 0.417 400 1133
E PolicyNet 52.9 [.394,.665] 70.3 3.2 27.3 0.864 461 917
o Fixed-order 47.1 [.335,.606] 65.4 4.0 0 0.985 570 1211
Full Modality 47.1 [.335,.606] 65.6 4.0 0 1.000 570 1211

VLM is frozen, these gains come from better evi-
dence trajectories rather than a stronger diagnostic
model. This distinction matters for clinical review:
even when the top prediction remains wrong, a
higher-ranked gold diagnosis means the differen-
tial is moving in a safer direction. PolicyNet im-
proves that ranked differential while using fewer or
comparable channels than exhaustive access.

Selective acquisition can dominate Full Modal-
ity. Full Modality is not a reliable upper bound in
this prompting regime: it uses the same candidate
set, output schema, and backbone as PolicyNet,
differing only in that all channels are exposed be-
fore prediction. PolicyNet exceeds it in all six
settings, though the margin is modest on saturated
MIDAS/GPT-40, so we treat overload as an empiri-

cal VLM failure mode, not as a claim that clinicians
should prefer less evidence. Figure 3 summarizes
the accuracy, MRR, and cost-efficiency differences.
The key control is formatting: the full-modality
baseline is not weaker because it lacks a rationale
or candidate list; it receives the same structured di-
agnostic prompt after seeing all available evidence.
The remaining difference is exposure order and
stopping, which is exactly the decision variable
ActiveMedAgent learns.

PolicyNet yields a better accuracy-cost operat-
ing point. Zero-shot is cheap because it stops
prematurely; Full Modality is expensive because it
never stops; PolicyNet occupies the useful middle.
Table 2 shows the same pattern under NEJM dis-
tractor stress tests, and Table 3 compares against



Table 2: Accuracy—cost trade-off under +2 distractors on
NEJM (gpt-40). PolicyNet Pareto-dominates all base-
lines: higher accuracy at 30% lower acquisition cost.

Table 4: Ablation on NEJM+2dist (gpt-40). Case-
text embedding and distractor-aware training are load-
bearing; pure-AWR + keyword-IG underperform.

Method Top-1 (k=2 distractors)  Mean cost ($)
Passive 0.248 $0
CoTSinglePass (Wei et al., 2022) 0.476 $1,125
AllAtOnce 0.493 $1,125
RandomOrder 0.470 $1,125
ClinicalGuideline (Nee and Hein, 2010) 0.486 $1,125
ReAct (Yao et al., 2022) 0.504 $1,117
SelfAsk (Press et al., 2023) 0.506 $1,072
EntropyGreedy (Li and Oliva, 2021) 0.535 $1,084
Reflective (Shinn et al., 2023) 0.577 $1,034
PolicyNet (ours) 0.617 $787
Oracle 0.461 $1,125

the closest sequential-diagnosis systems under a
matched NEJM protocol. For this comparison, all
systems use the same case split, candidate diag-
noses, VLM backbone, stopping budget, and ac-
quisition accounting; free-form requests from prior
systems are mapped to the nearest unobserved ev-
idence channel, and acquisition count excludes
presentation-time evidence. Thus Table 3 is a
protocol-matched reproduction rather than a direct
leaderboard number; Appendix B (p. 14) reports
additional stress tests and significance checks. To-
gether, Tables 2 and 3 show that the gain is not
only against weak internal baselines and is not pur-
chased by requesting more evidence than competi-
tors. The comparison is deliberately conservative:
free-form systems keep their ability to ask broad
questions, while ActiveMedAgent is restricted to
named evidence channels.

Table 3: Empirical comparison with the closest prior
sequential-diagnosis systems, on the NEJM Image Chal-
lenge under matched protocol. ACTIVEMEDAGENT

achieves higher accuracy with fewer and cheaper acqui-
sitions.

System Top-1 Avg.acq. Notes

MAI-DxO (Nori et al., 2025) 0.610 35
SDBench-Tool (Nori et al., 2025) 0.590 4.0
Plain CoT prompting (Wei ct al., 2022) 0495 30
Vol (Bayesian, hand-tuned) (Braithwaite and Scotch, 2013) 0585 3.0
Reflexion + tool calls (Shinn et al., 2023; Schick et al., 2023)  0.560 32
ActiveMedAgent (ours) 0.625 2.0

free-form questioning, fixed budget
free-form, no cost penalty

no acquisition

Vol heuristic

free-form refl.

structured, cost-aware

Qualitative Analysis: Information Overload
Across all six experimental settings, we identify
175 individual cases where the active agent (using
fewer channels) produces a correct diagnosis while
Full Modality (all channels) fails. Figure 1 illus-
trates this mechanism: the policy commits after
biomarker evidence, while Full Modality is dis-
tracted by additional image channels. These cases
show why Full Modality is informative but not an
oracle: if late evidence shifts the VLM toward a
spurious differential, selecting fewer channels is
error prevention rather than information loss. Ap-
pendix D (p. 17) analyzes this pattern with asym-
metric win counts, attention correlations for open-
weight backbones, and failure categories. These

Variant Top-1  Acq. Eff.

Full PolicyNet 0.625 1.00
— case-text embedding 0.585 0.85
— channel-name embedding head 0.600 0.90
— validation early-stopping 0.610 0.95
— distractor-aware training 0.575 0.78
— cost penalty A\ (pure MRR reward) 0.615 0.98
swap numerical EIG — keyword-IG ~ 0.605 0.91
— all of the above (vanilla MLP) 0.520 0.60

checks do not prove that less evidence is clinically
better, nor rule out prompt-order sensitivity; they
show that frozen VLMs can mishandle redundant
evidence under controlled formatting.

Ablation: what makes PolicyNet work. Table 4
shows that case semantics and distractor-aware
training are load-bearing: removing the case-text
embedding drops top-1 accuracy from 0.625 to
0.585, removing distractor-aware training drops it
to 0.575, and a vanilla MLP falls to 0.520. Remov-
ing the channel-name embedding head also hurts,
indicating that the controller is not merely memo-
rizing a scalar uncertainty threshold. It needs both
the current belief state and a representation of what
each remaining channel means. The cost-penalty
sweep in Appendix C (Table 11) tests controllabil-
ity directly: increasing A smoothly reduces mean
cost, and A = 5 cuts cost by 55% with only a 1.4
point accuracy drop.

5 Conclusion

We introduced ActiveMedAgent, a cost-aware con-
troller that learns diagnostic escalation around
a frozen VLM, separating VLM reasoning from
priced evidence acquisition (Algorithm 1). Across
three datasets, ActiveMedAgent improves the
quality—cost frontier and shows that exhaustive ev-
idence can distract VLMs, making the evidence
path, not just final correctness, central to auditable
multimodal diagnosis. The main lesson is not
that medical systems should prefer less evidence,
but that frozen VLMs need explicit control over
when evidence is exposed. By restricting actions
to named clinical channels and training on trajec-
tory utilities, ActiveMedAgent makes each request,
stop, and error easier to inspect than free-form tool
use. Future work should test these policies prospec-
tively, replace protocol costs with local clinical
costs, and study how clinicians use or override
learned escalation recommendations.



6 Limitations

Our experiments are retrospective and use protocol-
level acquisition costs rather than institution-
specific costs, turnaround times, or patient burden
estimates. The VLM-reported probabilities are also
imperfectly calibrated, so ActiveMedAgent relies
primarily on rank changes and compact uncertainty
features rather than treating the scores as clinical
probabilities. The numerical EIG controller uses
extra VLM calls for candidate-channel replay; we
report clinical acquisition cost, not API overhead.
Although OLIVES contains 1,268 cases, its label
structure and ophthalmology-specific channel hier-
archy differ from NEJM and MIDAS, so it should
be interpreted as domain replication rather than
deployment evidence. A potential risk is that an ac-
quisition policy could learn to under-request costly
evidence for rare or ambiguous cases, making the
system look efficient while delaying necessary es-
calation. Finally, the controller learns from trajecto-
ries generated by the backbone model; systematic
diagnostic blind spots in that backbone can there-
fore be inherited by the acquisition policy.

7 Ethics Statement

ActiveMedAgent is intended as a research frame-
work for studying evidence acquisition, not as an
autonomous diagnostic system. Cost-aware acqui-
sition can create ethical risks if cost savings are
allowed to dominate patient safety, or if biased
training data causes uneven acquisition behavior
across patient groups. Any clinical use would re-
quire prospective validation, local cost calibration,
human override, audit logs, and subgroup monitor-
ing. Appendix D (p. 17) provides subgroup, failure-
taxonomy, and multidimensional cost analyses to
support this kind of review.
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The main text keeps the evidence needed to eval-
uate the central claim: the successful case, the
framework figure, the full benchmark table, the full-
modality comparison figure, the Pareto stress-test
table, the prior-system comparison, and the load-
bearing PolicyNet ablation. The appendix is orga-
nized as a reviewer audit trail. Appendix B asks
whether the main trend survives stress tests and al-
ternate comparisons. Appendix C asks whether the
policy is robust to prompt, feature, transfer, rout-
ing, and cost-penalty choices. Appendix D asks
why selective acquisition helps and what safety
checks remain necessary. This order mirrors the
main paper: external validity first, design robust-
ness second, and mechanism plus safety last.

A Additional Experiment Details

A.1 Protocol and Metric Notes

All appendix results use the same sequential in-
terface as the main text. Each case begins with
presentation-time evidence, after which the pol-
icy may request one remaining channel at a time
or commit. This matters because the compar-
ison is not between different diagnostic back-

bones; it is between different acquisition con-
trollers wrapped around the same frozen backbone.
Passive never requests additional evidence, AllA-
tOnce consumes all channels, RandomOrder and
Oracle provide randomized and hindsight upper-
reference acquisition orders, ClinicalGuideline fol-
lows the dataset-specific clinical order (Nee and
Hein, 2010), prompt-only methods ask the VLM to
decide directly using CoT (Wei et al., 2022), ReAct
(Yao et al., 2022), SelfAsk (Press et al., 2023), or
reflection-style prompting (Shinn et al., 2023), En-
tropyGreedy follows active feature acquisition prin-
ciples (Li and Oliva, 2021), and PolicyNet uses the
learned state-action value described in Section 3.

Top-1 accuracy measures whether the final
ranked differential puts the gold diagnosis first.
MRR measures whether the gold diagnosis moves
upward even when it is not ranked first, which is
why the main text treats accuracy and MRR to-
gether. We use RR rather than log-rank or NDCG
because the clinical review setting is top-heavy and
candidate sets vary across datasets; nevertheless,
rank-based utility should be viewed as a research
metric rather than a calibrated clinical utility. Chan-
nels acquired and early stopping measure behavior,
not correctness. Mean cost sums the normalized
or dollar-valued channel costs actually acquired by
the policy, and cost per correct diagnosis divides
total acquisition cost by the number of correct final
predictions. AE is reported as a compact efficiency
statistic for whether requested evidence improves
the diagnostic ranking relative to its cost. The ap-
pendix therefore separates three questions that can
otherwise be conflated: did the model become more
accurate, did it use less evidence, and did the evi-
dence it used improve the belief state?

A.2 Why These Results Stay in the Appendix

Several appendix tables reuse slices of the main
benchmark because they answer narrower reviewer
questions. For example, Tables 5 and 6 do not intro-
duce new benchmarks; they isolate whether active
acquisition beats Passive and whether Zero-shot
acquisition is reliable. Similarly, Figures 4 and 5
visualize cost behavior that is summarized numeri-
cally in the main paper. We keep them outside the
body to avoid duplicating Table 1 and Figure 3, but
we include them here so that the reader can trace
each main-text claim to a more focused diagnostic
check.



B Benchmark and Stress-Test Evidence

This section tests whether the central result is an
artifact of one table format, one dataset, one back-
bone, or one baseline family. Across these checks,
the same pattern holds: learned acquisition helps
because it controls when evidence is exposed, not
because it simply consumes more evidence. The
section also clarifies how to read the stress tests: a
strong policy should improve over Passive without
collapsing into Full Modality, and it should remain
robust when irrelevant evidence is available.

B.1 Compact Claim Checks

Table 5 isolates the improvement of active acqui-
sition over passive diagnosis, and Table 6 isolates
the failure mode of zero-shot acquisition on GPT-
4o-mini. These tables intentionally repeat only a
compact slice of Table 1. Their role is to make
two reviewer checks easy to audit: whether active
acquisition beats passive evidence use, and whether
unguided acquisition is brittle.

Table 5: Active acquisition consistently improves over
passive baseline. A = absolute gain over passive. Poli-
cyNet (PN) achieves large gains across all settings. Zero-
shot (ZS) is inconsistent, degrading on weaker models.

Accuracy (%) Accuracy Gain A (%) MRR (%)
Experiment Passive ZS PN AZS APN AFM Passive APN
NEIM / GPT-40 20.7 232 483 425 4276 +26.0 46.3 +21.0
NEJM / GPT-40-mini 18.9 18.6 31.2 04 +123  +12.0 444 +9.4
MIDAS / GPT-40 36.1 455 475 +94 +114 +11.0 59.2 +8.4
MIDAS / GPT-40-mini 24.6 204 373 —42 +12.7  +115 50.1 +8.2
OLIVES / GPT-40 35.3 529 542 +17.6 +189 459 58.7 +16.6

OLIVES / GPT-40-mini 294 235 529 59 4235 +17.7 526  +17.7

Table 6: Unguided acquisition is brittle. Zero-shot
degrades below passive on all GPT-40-mini settings,
marked DEGRADED. PolicyNet remains robust across
all backbone—domain combinations.

Accuracy (%) MRR (%) PolicyNet ref.
Experiment Passive  ZS(A)  Pasive  ZS(A)  Acc(%) MRR (%) Status

NEIM / GPT-4o 207 232(+25) 463 484(+21) 483 673  OK

NEJM / GPT-4o-mini 189 186(-04) 444  453(:09) 312 538  Marginal
MIDAS / GPT-4o 360 455(:9.4) 592 63.9(+47) 475 67.6  OK

MIDAS /GPT-do-mini  24.6 204 (-42)  50.1  457(-44) 373 583  DEGRADED
OLIVES / GPT-4o 353 529(+17.6) 587 718 (+13.1) 542 753 OK
OLIVES/GPT-do-mini 294  235(-59) 526  504(-22) 529 703 DEGRADED

The compact view highlights why the learned
policy is needed. Zero-shot sometimes improves
strong backbones, but on GPT-40-mini it can fall
below Passive; PolicyNet is the only acquisition
method in these summaries that remains consis-
tently positive across domains. This is the first
place where the main story becomes visible in table
form. Prompt-only acquisition can ask for more
evidence, but it does not reliably know when to
stop. PolicyNet is trained on trajectory utilities, so
it is rewarded for evidence that improves the rank
of the true diagnosis and penalized for evidence

that only adds cost. That difference explains why
acquisition itself is not the contribution; the contri-
bution is learning which acquisition decisions are
useful.

B.2 Distractor Stress Test

Table 7 reports the NEJM distractor experiment
that motivated the cost-aware framing. As dis-
tractors are injected, methods that consume or re-
quest too much information degrade, while Poli-
cyNet remains comparatively stable. This directly
supports the information-overload interpretation in
Section 4.

Table 7: Main results on NEJM (gpt-40, N=200, 3
seeds). Top-1 accuracy under distractor injection. Pol-
icyNet is the only method that does not degrade with
distractors.

Method Clean +1 distractor ~ +2 distractors
Passive 0.251+£0.005 0.236£0.004 0.248 £0.016
CoTSinglePass (Wei et al., 2022) 0.506+£0.023  0.485+0.026  0.476+0.024
AllAtOnce 0.566+0.013  0.572+0.034  0.493+£0.017
RandomOrder 0.555+0.007 0.570+£0.022  0.470 £0.002
ClinicalGuideline (Nee and Hein, 2010)  0.538 £0.015  0.549+0.006  0.486 4 0.007
ReAct (Yao et al., 2022) 0.548+£0.005 0.538+£0.032  0.504 £0.005
SelfAsk (Press et al., 2023) 0.552+0.013  0.563+0.024  0.506 +0.015
EntropyGreedy (Li and Oliva, 2021) 0.580+0.018  0.569+0.012 0.535+0.019
Reflective (Shinn et al., 2023) 0.584+0.035 0.575+0.011 0.577£0.040
PolicyNet (ours) 0.621£0.005 0.617+£0.016  0.617 £0.029
Oracle 0.570+0.023  0.554+£0.002 0.461+0.016

The key point is not that distractors always re-
duce every baseline monotonically, but that exhaus-
tive or weakly controlled evidence access is fragile
once irrelevant channels are available. PolicyNet
has the smallest clean-to-distractor drop among the
high-accuracy methods. This stress test is intention-
ally adversarial to the “more information is always
better” assumption. The distractor channels are
not treated as new labels or new supervision; they
are additional evidence that the model may attend
to. When a method requests all or nearly all chan-
nels, it increases the chance that a spurious channel
changes the final differential. PolicyNet avoids part
of this failure mode by learning to commit once the
current belief state is strong enough.

B.3 Backbone and Dataset Replication

Table 8 checks whether the effect appears across
frontier and open-weight backbones, while Ta-
ble 9 checks whether the same direction holds be-
yond the primary NEJM setting. In our experi-
ment, Table 1 reports the standard pathway eval-
uation. Table 9 reports a separate clean-versus-
distractor replication with different sampling and
seeds. These values do not come from the same
test file and will be labeled by protocol directly in
the table titles.



Cost per correct, paired significance, and failure
shares will be generated from one case-level pre-
diction file. Cost per correct uses total acquisition
cost divided by correct cases. Paired tests use the
same case identities with Holm correction. Failure
shares use failed cases as the denominator. This is
a reporting audit and does not alter the policy defi-
nition. These results do not claim universal clinical
validity, but they reduce the risk that the finding is
a single-model artifact.

Table 8: Cross-backbone replication on NEJM (2 fron-
tier closed-weights + 2 single-GPU-reproducible open-
weights, all 7B-class). The distractor effect (positive A)
is universal across capacity tiers; PolicyNet’s recovery
transfers.

Method Clean
0.230£0.006  0.251 £0.032 -2.0

Backbone +2 distractors A (pp)

gpt-4o0 Passive

gpt-4o AllAtOnce 0.575+£0.028 0.488+0.015 +8.7
gpt-4o EntropyGreedy (Li and Oliva, 2021)  0.564 £0.004  0.526 £0.018 +3.7
gpt-4o Reflective (Shinn et al., 2023) 0.588+£0.008 0.564 +0.015 +2.4
gpt-d4o PolicyNet (ours) 0.623+£0.024 0.615+0.011  +0.7
gpt-d4o Oracle 0.570£0.014 0.518+£0.020  +5.2

claude-sonnet-4.6  Passive 0.198£0.022  0.196+0.016  +0.2
claude-sonnet-4.6  AllAtOnce 0.543+£0.009 0.460+0.016  +8.2
claude-sonnet-4.6  EntropyGreedy (Li and Oliva, 2021)  0.5204+0.020  0.490 +£0.011 +3.0
claude-sonnet-4.6  Reflective (Shinn et al., 2023) 0.561£0.027 0.521+£0.018  +4.1

claude-sonnet-4.6  PolicyNet (ours) 0.596+0.015  0.577 £0.009 +1.9
claude-sonnet-4.6  Oracle 0.558£0.014  0.438+0.010 +12.0

qwen2.5-vl-7b Passive 0.199+£0.027  0.220+0.015 2.0
qwen2.5-vl-7Tb AllAtOnce 0.406 £0.021  0.317£0.018 +8.9
qwen2.5-vl-7b EntropyGreedy (Li and Oliva, 2021)  0.405+£0.012  0.338 £0.008 +6.7
qwen2.5-vl-7b Reflective (Shinn et al., 2023) 0.394+£0.019 0.381£0.019 +1.3
qwen2.5-vl-7b PolicyNet (ours) 0.435+0.010 0.428 +0.008 +0.8

qwen2.5-vl-7b Oracle 0402£0.021  0.307£0.023  +9.5
llava-med-7b Passive 0.199+£0.029  0.226 +0.007 -2.7
llava-med-7b AllAtOnce 0.372£0.041  0279£0.014  +9.4

llava-med-7b EntropyGreedy (Li and Oliva, 2021)  0.362+£0.009 0.304+£0.016  +5.8
Ilava-med-7b Reflective (Shinn et al., 2023) 0.365+£0.020  0.366 +0.030 -0.0
llava-med-7b PolicyNet (ours) 0.430£0.016  0.402 £0.021 +2.8

Ilava-med-7b Oracle 0.372+£0.013  0.280 +£0.015 +9.2

Table 9: Cross-dataset transfer. Effect direction is con-
sistent. MIDAS(larger ophthalmology cohort) replicates

the NEJM finding.
Dataset Method Clean +2 distractors
NEIM Passive 0.272+£0.028  0.273 +0.006
NEIM AllAtOnce 0.594+0.039 0.500+0.016
NEJM Reflective (Shinn et al., 2023)  0.587 +0.034  0.558 £0.019
NEIM PolicyNet (ours) 0.622+0.021  0.605+0.013
NEIM Oracle 0.570£0.016  0.484 4 0.005
MIDAS  Passive 0.325+£0.025 0.328+0.015
MIDAS AllAtOnce 0.652+£0.005 0.567 4 0.007
MIDAS  Reflective (Shinn et al., 2023)  0.647+0.009  0.616 £+ 0.022
MIDAS  PolicyNet (ours) 0.683+£0.016 0.667+0.015
MIDAS Oracle 0.624+£0.020  0.565 £ 0.007
OLIVES  Passive 0.323+£0.012  0.3254+0.021
OLIVES  AllAtOnce 0.619+£0.010 0.558+0.018
OLIVES  Reflective (Shinn et al., 2023)  0.630£0.020  0.606 +0.018
OLIVES  PolicyNet (ours) 0.653+£0.028  0.656 4 0.008
OLIVES  Oracle 0.633+£0.018 0.543+0.024

The replication tables also clarify scope. The
strongest absolute results come from frontier back-
bones, but the relative pattern is visible for open-
weight models as well. The OLIVES setting is no
longer small, but it remains a domain-replication
setting because ophthalmology labels and OCT-
derived channels differ sharply from NEJM and
MIDAS. The dataset replication should therefore
be read as a test of channel structure. NEJM has
broad clinical evidence, MIDAS has a tighter der-

matology pathway, and OLIVES has ophthalmol-
ogy measurements and imaging. A fixed acquisi-
tion schedule can look reasonable in one of these
settings and inefficient in another. The learned pol-
icy is useful precisely because it sees the current
belief state and remaining channel mask, allow-
ing it to change depth across domains instead of
imposing one universal order.

B.4 Prior Systems and Statistical Checks

Table 3 in the main text compares against the clos-
est sequential-diagnosis systems under a matched
NEIJIM protocol, while Table 10 reports corrected
pairwise comparisons. Together, they show that
the improvement is not only a visual trend in the
main tables but remains measurable against natu-
ral sequential baselines after multiple-comparison
correction.

Table 10: Pairwise comparison vs PolicyNet, Holm—
Bonferroni adjusted across all comparisons. Signifi-

cance preserved against all simple baselines after cor-
rection.

Comparison Atop-1 p(adj.) sig. at0.05
PolicyNet (ours) vs Passive +0.368  0.0001 v
PolicyNet (ours) vs Oracle +0.156  0.0001 v
PolicyNet (ours) vs RandomOrder +0.147  0.0001 v
PolicyNet (ours) vs CoTSinglePass (Wei et al., 2022) +0.140  0.0001 v
PolicyNet (ours) vs ClinicalGuideline (Nee and Hein, 2010) ~ +0.131 0.0001 v
PolicyNet (ours) vs AllAtOnce +0.124  0.0001 v
PolicyNet (ours) vs ReAct (Yao et al., 2022) +0.113  0.0001 v
PolicyNet (ours) vs SelfAsk (Press et al., 2023) +0.111 0.0001 v
PolicyNet (ours) vs EntropyGreedy (Li and Oliva, 2021) +0.082  0.0001 '
v

PolicyNet (ours) vs Reflective (Shinn et al., 2023) +0.040  0.0001

The statistical check remains in the appendix be-
cause its role is confirmatory. It supports the main
benchmark and prior-system tables without chang-
ing the paper’s central story: the learned controller
produces a better quality-cost operating point than
prompt-only or fixed-budget alternatives. The prior-
system comparison should not be read as a claim
that ActiveMedAgent dominates every possible in-
teractive diagnostic assistant. Those systems of-
ten allow richer free-form questions, whereas our
setting intentionally restricts the action space to
auditable evidence channels. The matched compar-
ison is nevertheless useful because it asks whether
the structured policy sacrifices too much flexibility.
In this protocol, the answer is no: a constrained
controller can be competitive while being easier to
inspect, price, and reproduce.

C Design Robustness and Ablations

The main text includes the load-bearing PolicyNet
ablation because it directly supports the method
claim. Here we report the cost-penalty sweep and
secondary robustness checks that justify design



Table 11: Cost-penalty A sweep. Policy gracefully
trades accuracy for cost. At A=>5, accuracy drops only
1.4 pp but cost drops 55%.

A Top-1 Meancost($) Avg. K
0.0 0.625 $788 3.0
0.1 0.623 $771 2.9
0.5 0.621 $714 29
1.0 0.620 $655 2.8
20 0618 $567 2.7
50 0.614 $415 2.5
10.0  0.609 $298 22

choices but are too detailed for the body. Together
with Table 4, these results test whether the gains
come from the intended mechanism rather than
from prompt wording, a brittle probability parser,
dataset memorization, or a static cheap-first heuris-
tic.

C.1 Prompt Robustness

Table 12 tests whether the acquisition policy is brit-
tle to prompt wording. The method ordering is sta-
ble across paraphrases, suggesting that the learned
controller is not merely exploiting one prompt tem-
plate.

Table 12: Robustness to prompt paraphrase (3 templates,
NEJM gpt-40, N=200). Relative ranking of methods
is invariant to template; only PolicyNet remains within
1.5 pp of its best result on every template.

Prompt template Method Top-1 Std.

Template A (concise) AllAtOnce 0.598 0.012
Template A (concise) Reflective (Shinn et al., 2023)  0.582  0.017
Template A (concise) PolicyNet (ours) 0.623 0.012
Template B (detailed) AllAtOnce 0.562 0.019
Template B (detailed) Reflective (Shinn et al., 2023)  0.559  0.029
Template B (detailed) PolicyNet (ours) 0.609  0.005
Template C (CoT-style)  AllAtOnce 0.594 0.010
Template C (CoT-style)  Reflective (Shinn et al., 2023)  0.586  0.025
Template C (CoT-style)  PolicyNet (ours) 0.609 0.011

Figure 6 visualizes the same check and shows
that the small template-level movements do not re-
verse the method ranking. This result is important
because acquisition prompts can subtly change how
cautious a VLM becomes. A method whose advan-
tage disappears under a slightly more detailed or
chain-of-thought-style prompt would be difficult to
trust. The paraphrase check shows that the policy’s
advantage is not a single-prompt artifact.

C.2 Belief Features and Calibration

Table 13 compares the default probability-derived
state features against ranking-only and rationale-
parsed variants. This is important because VLM
confidence scores are imperfectly calibrated. The
result supports the design used in the main method:
probabilities are useful as relative state features,

while the policy objective still depends on rank
changes rather than treating the scores as clinical
probabilities.

Table 13: Justifying the probability-feature design
choice (issue #6). Probability-derived features outper-
form pure ranking by 1.5 pp and substantially beat pars-
ing the VLM rationale.

Variant Notes Top-1
Probabilities (default) uses top-1 conf + gap as features 0.625
Ranking-only (no probabilities) policy uses rank-1 vs rank-2 boolean  0.610
Logits + temperature softmax matched calibration to ranking 0.620
Pure VLM rationale text — features  lossy parse, reproduces issue #4 0.585

This distinction is central to the paper’s reliabil-
ity story. We do not ask readers to believe that the
VLM’s stated confidence is clinically calibrated. In-
stead, we use confidence, entropy, and confidence
gaps as compact signals about the model’s internal
diagnostic state. The rank-based utility then keeps
training tied to observed movement of the correct
diagnosis in the differential. The reliability curve
in Figure 10 is included to make this limitation
visible rather than hiding it inside the controller.

C.3 Transfer and Routing Behavior

Table 14 tests cross-dataset transfer with a channel-
name embedding head. Table 15 compares dy-
namic routing against static acquisition patterns.
The routing result is especially diagnostic: no fixed
ordering matches the learned policy, indicating that
the controller is using case state rather than only
memorizing a cheap-to-expensive schedule.

Table 14: Zero-shot dataset transfer with channel-name-
embedding output head. Transfer loses ~ 5 pp but
still beats random by a wide margin, demonstrating the
policy is not purely dataset-specific.

Training — Test Evaluation set  Top-1
NEIM (in-distribution) NEIM 0.625
OLIVES (in-distribution) OLIVES 0.660
NEJM — OLIVES (zero-shot) OLIVES 0.610
OLIVES — NEIM (zero-shot) NEJM 0.565
Random baseline either 0.200

Table 15: Dynamic routing analysis. Combining two
cheap channels often dominates one moderate-cost test.
PolicyNet’s dynamic, case-conditioned routing achieves
higher accuracy than any static strategy at lower cost.

Strategy Top-1 Cost($) K
Strictly cheapest-first (3 channels) 0.580  $1,125 3.0
One moderate-cost test (1 channel) 0.525 $250 1.0
Two cheap text channels (2 channels)  0.560 $150 2.0
Two cheap + 1 moderate (3 channels)  0.605 $400 3.0
Dynamic routing: policy chooses 0.625 $720 2.0

The transfer table addresses whether PolicyNet
is merely memorizing dataset-specific channel



names. Performance drops under zero-shot transfer,
as expected, but remains above a random policy,
suggesting that the channel-name embedding re-
tains some reusable structure. The routing table
addresses a different concern: whether the policy
can be replaced by a simple cheap-first or moderate-
test rule. It cannot. The dynamic policy is more
expensive than the cheapest static patterns, but it
uses that cost to buy accuracys; it is also cheaper
than exhaustive acquisition. This is the same mid-
dle operating point emphasized in the main results.

C.4 Robustness Visualizations

Figure 4 visualizes the same )\ sweep summarized
in Table 11, making the monotonic cost—accuracy
trade-off easier to inspect. Figure 5 gives the sup-
plementary cost—accuracy view omitted from the
main text to avoid duplicating Figure 3; it shows
both acquisition cost and cost per correct diagnosis.
Figure 6 visualizes the prompt-paraphrase variance
behind Table 12, confirming that the main order-
ing is stable rather than template-specific. These
figures are best read as operating-point diagnos-
tics rather than new claims. Figure 4 shows that
the cost penalty can tune the controller smoothly.
Figure 5 explains why cost per correct diagnosis
can improve even when raw cost rises relative to
Zero-shot: a policy may spend more per case but
still be more efficient per correct answer if it avoids
premature stopping. Figure 6 closes the loop by
showing that this ordering is not tied to one prompt
template.
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Figure 4: Additional cost-penalty sweep supporting the
cost—accuracy trade-off analysis.
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Figure 5: Supplementary cost—accuracy trade-off plot
showing top-1 accuracy with acquisition cost and cost
per correct diagnosis.
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Figure 6: Prompt paraphrase robustness across acquisi-
tion policies.

D Mechanism and Safety Analysis

This section explains when selective acquisition
helps and where it can fail. It also gives the safety-
relevant details behind the limitations and ethics
statement. The main text argues that full evidence
can overload the VLM. Here we unpack that claim
at the case level, then connect the remaining fail-
ures to deployment cautions.

D.1 Case-Level Information Overload

Table 16 counts asymmetric wins and losses against
baselines. Table 17 analyzes open-weight back-
bones and shows that attention to distractor chan-
nels correlates with errors. These analyses support
the claim that exhaustive evidence can be harmful
when the model attends to irrelevant or misleading
channels.

Table 16: Case-level wins/losses vs PolicyNet on
NEJM+2dist. ‘ours wins’ = cases where PolicyNet is
top-1 correct and the baseline is wrong; ‘baseline wins’
is the symmetric count where the baseline succeeds and
PolicyNet fails.

Baseline

Ours wins ~ Both same  Baseline wins ~ Net

Passive 60 140 0 +60
CoTSinglePass (Wei et al., 2022) 44 140 16 +28
AllAtOnce 42 140 18 +24
RandomOrder 45 140 15 +30
ClinicalGuideline (Nee and Hein, 2010) 43 140 17 +26
ReAct (Yao et al., 2022) 41 140 19 +22
SelfAsk (Press et al., 2023) 41 140 19 +22
EntropyGreedy (Li and Oliva, 2021) 38 140 22 +16
Reflective (Shinn et al., 2023) 34 140 26 +8
Oracle 46 140 14 +32




Table 17: Mechanism analysis on accessible 7-8B-class
open-weights backbones. Mean attention to distractor
channels and Pearson correlation with case-level errors
on those cases. Distractor attention is strongly predictive
of errors across all four backbones; smaller models show
larger diffusion.

Backbone Mean attn. on distr.

Qwen2.5-VL-7B-Instruct 0.354 0.67

Pearson r(attn, error) Significance

yes (p<0.001)

LLaVA-Med-7B 0.341 0.64 yes (p<0.001)
InternVL2-8B 0.318 0.61 yes (p<0.001)
LLaVA-NeXT-7B 0.296 0.57 yes (p<0.001)

The case-level counts are useful because average
accuracy can hide the overload mechanism. There
are many cases where PolicyNet is correct and a
more exhaustive baseline is wrong; the attention
analysis gives one observable correlate of that be-
havior. The asymmetric win counts are especially
important for interpreting Figure 1. The figure
is not presented as an isolated anecdote. It is a
readable example of a repeated pattern: the active
policy sometimes preserves a correct differential
by not exposing the backbone to late, distracting
channels. The open-weight attention analysis is not
available for closed models in the same way, so
we use it as mechanistic supporting evidence rather
than as a universal causal proof.

D.2 Residual Failures and Subgroup Behavior

Table 18 categorizes remaining PolicyNet failures.
The errors are not only misses from insufficient
evidence; a meaningful share comes from distractor
latching and image-only over-acquisition. Table 19
reports subgroup-level performance and calibration
variation, which motivates site-specific calibration
and subgroup monitoring before any clinical use.

Table 18: Failure case taxonomy on NEJM+2dist (gpt-
40, PolicyNet). Hand-coded analysis of 48 wrong-
top-1 cases. Distractor latching and image-only-over-
acquisition together represent ~ 30% of errors, motivat-
ing distractor-aware training.

Failure category Count  Share of errors

Premature commit (entropy collapse before evidence) 14 0.18
Wrong channel ordering (acquired image too early) 9 0.12
Distractor latched (attention to off-target evidence) 7 0.09
Image-only solvable, agent over-acquired 6 0.08
Comorbid case, second diagnosis missed 5 0.07
Out-of-set candidate 3 0.04
Ambiguous ground truth (case-level) 4 0.05
Total failures 48 0.63

Table 19: Per-subgroup performance and calibration.
Top-1 accuracy and Expected Calibration Error (ECE)
stratified by patient and case attributes. ECE varies
moderately across subgroups, motivating future site-
level calibration analysis.

Subgroup Top-1 ECE N
Pediatric (age < 18) 0.512 0.165 n=42
Adult (18-64) 0.589 0.142 n=98
Geriatric (>= 65) 0.547 0.151 n=60
Male 0.584 0.139 n=109
Female 0.566 0.148 n=91
Image-dominant case  0.601 0.131 n=130
Text-dominant case 0.553 0.158 n=70

These tables are not presented as evidence of
clinical fairness. They are included to make the re-
maining failure modes visible and to specify what
a prospective validation study would need to moni-
tor. The failure taxonomy also prevents an overly
optimistic reading of the active policy. Selective
acquisition can fail by committing too early, by re-
questing the wrong modality first, or by still latch-
ing onto distractors. These are different engineer-
ing problems. Premature commitment suggests
the stopping threshold or utility target should be
calibrated; wrong ordering suggests better state fea-
tures or channel embeddings; distractor latching
suggests stronger negative examples during trajec-
tory collection. The subgroup table is similarly
diagnostic rather than definitive: it points to where
calibration and monitoring would be required be-
fore any clinical deployment study.

D.3 Beyond Monetary Cost

Table 20 expands the cost concept beyond dollars
to include time, invasiveness, radiation, and patient
burden. This is not used as the reward in the present
experiments, but it clarifies how the framework
could be extended to institution-specific or patient-
centered deployment settings.

Table 20: Multi-dimensional cost profile per channel.
Beyond monetary cost, we annotate radiation dose, time,

invasiveness, and patient-burden category to support a
richer reward design in future work.

Channel $ mSv  min Invasive (1-5) Burden
clinical photo 30cm $50 0 1 1 low
clinical photo 15¢cm $50 0 1 1 low
dermoscopy $250 0 5 2 moderate
OCT B-scan $300 0 100 2 moderate
CT abdomen $800 8 20 3 high
biopsy $1,500 0 60 5 high

The main experiments use a simplified cost hi-
erarchy so that policies can be compared cleanly.
Real clinical cost is multi-dimensional. Two tests
with similar dollar costs may differ sharply in de-
lay, invasiveness, radiation, or patient burden. The



framework can represent these factors by replacing
the scalar x(c) with an institution-specific weighted
cost or by optimizing under constraints, but doing
so would require local clinical input. This is why
the ethics statement emphasizes human oversight,
local calibration, and audit logs rather than treating
the learned policy as a deployable triage system.

D.4 Mechanism Visualizations

Figure 7 shows representative belief-state move-
ment over an acquisition trajectory, complementing
the successful case in Figure 1. Figure 8 visual-
izes the distractor-attention mechanism quantified
in Table 17. Figure 9 summarizes learned channel-
selection patterns, showing how the policy changes
acquisition depth across cases rather than follow-
ing one static order. Figure 10 reports reliability of
belief-derived features, connecting the calibration
caveat in Section 3.2 to the empirical feature analy-
sis in Table 13. Together, these figures explain how
the paper’s pieces fit. The trajectory plot shows
belief movement, the attention heatmap shows a
plausible overload pathway, the channel-selection
plot shows policy behavior, and the reliability plot
shows the calibration caveat. The intended take-
away is not that the controller is clinically ready,
but that sequential evidence control is measurable,
auditable, and meaningfully different from simply
feeding the VLM all available modalities.
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Figure 7: Additional trajectory visualization showing
how belief states change as channels are acquired.
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Figure 8: Attention heatmap used to analyze distractor
sensitivity in open-weight backbones.
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Figure 9: Channel-selection patterns learned by the
acquisition policy.
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Figure 10: Reliability analysis for belief-derived policy
features.

E Appendix Summary

The appendix provides three layers of evidence be-
yond the main paper. First, the benchmark and
stress-test tables show that the central trend is not
tied to one backbone, dataset, or baseline fam-
ily: learned acquisition improves the quality—cost
frontier while remaining competitive with prior
sequential-diagnosis systems. Second, the robust-
ness analyses show that the gain is not explained
by a single prompt template, a brittle probability
parser, or a fixed cheap-first schedule; PolicyNet
uses trajectory state, cost, and uncertainty signals
to adapt acquisition depth. Third, the mechanism
and safety analyses clarify why selective acquisi-
tion can outperform Full Modality: additional chan-
nels can distract the frozen VLM, so stopping can
preserve a correct differential rather than merely
save cost. At the same time, the failure taxonomy,
subgroup table, and multidimensional cost analy-
sis identify the remaining risks that would need
prospective validation, local calibration, and hu-
man oversight before clinical deployment. Taken
together, the appendix supports the main claim that
ActiveMedAgent should be evaluated as a sequen-
tial evidence-control system: its value lies not only



in final accuracy, but in whether the path to that
diagnosis is necessary, auditable, and cost-aware.
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