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Abstract

Existing tool-augmented agentic systems are limited in the
real world by (i) black-box reasoning steps that undermine
trust of decision-making and pose safety risks, (ii) poor mul-
timodal integration, which is inherently critical for health-
care tasks, and (iii) rigid and computationally inefficient
agentic pipelines. We introduce PASS (Probabilistic Agentic
Supernet Sampling), the first multimodal framework to ad-
dress these challenges in the context of Chest X-Ray (CXR)
reasoning. PASS adaptively samples agentic workflows over
a multi-tool graph, yielding decision paths annotated with
interpretable probabilities. Given the complex CXR reason-
ing task with multimodal medical data, PASS leverages its
learned task-conditioned distribution over the agentic super-
net. Thus, it adaptively selects the most suitable tool at each
supernet layer, offering probability-annotated trajectories for
post-hoc audits and directly enhancing medical AI safety.
PASS also continuously compresses salient findings into an
evolving personalized memory, while dynamically deciding
whether to deepen its reasoning path or invoke an early exit
for efficiency. To optimize a Pareto frontier balancing per-
formance and cost, we design a novel three-stage training
procedure, including expert knowledge warm-up, contrastive
path-ranking, and cost-aware reinforcement learning. To fa-
cilitate rigorous evaluation, we introduce CAB-E, a compre-
hensive benchmark for multi-step, safety-critical, free-form
CXR reasoning. Experiments across various benchmarks val-
idate that PASS significantly outperforms strong baselines in
multiple metrics (e.g., accuracy, LLM-Judge, semantic sim-
ilarity, etc.) while balancing computational costs, pushing a
new paradigm shift towards interpretable, adaptive, and mul-
timodal medical agentic systems.

1 Introduction
Chest X-Ray is the most commonly performed diagnostic
imaging procedure worldwide, widely regarded as a corner-
stone of modern radiology (Johnson et al. 2019). However,
interpreting CXRs demands careful multi-structure assess-
ment that is time-consuming and expertise-intensive (Bahl,
Ramzan, and Maraj 2020). While specialized AI tools for
tasks like classification (Rajpurkar, Irvin, and Zhu 2017),
segmentation (Ma et al. 2024) or report generation (Tanno
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and Barrett 2024; Chambon and Delbrouck 2024) etc. have
shown promise in improving turnaround time and diagnostic
consistency (Baltruschat et al. 2021; Ahn et al. 2022; Pham
2022; Shin 2023), their narrow specialization hinder their
use in complex clinical reasoning scenarios (Erdal 2023;
Fallahpour et al. 2024).

Large-scale foundation models (FMs) in recent years like
GPT-4o (OpenAI 2024), LLaVA-Med (Li et al. 2023a), and
CheXagent (Chen et al. 2024c) offer a more unified ap-
proach by integrating visual and textual reasoning. However,
these monolithic systems often hallucinate (Eriksen, Möller,
and Ryg 2024), lack domain-specific robustness (Chen et al.
2024c), and operate as uninterpretable “black boxes”, mak-
ing them unsuitable for high-stakes medical deployment.

Motivated by the need for more reliable, generalized,
and autonomous solutions, recent efforts have explored
multi-agent medical AI systems that coordinate domain-
specific tools utilizing the capability of large language mod-
els (LLMs) and vision language models (VLMs). Recent
progress in general-purpose agent systems (Li et al. 2023b;
Wu et al. 2024; Zhuge et al. 2024) demonstrate the poten-
tial of collaborative LLM agents to outperform single-agent
baselines through structured communication and role spe-
cialization (Du et al. 2023; Liang et al. 2024). Despite these
advances, most systems rely on manually-defined and rigid
workflows (Qian et al. 2025; Zhang et al. 2025b), which can-
not adapt to the varying complexity of clinical queries and
are computationally inefficient.

To address these challenges, recent methods have aimed
to automate the design of multi-agent workflows. Works
such as DsPy (Khattab et al. 2024) and EvoPrompt (Guo
et al. 2024) optimize prompts, while G-Designer (Zhang
et al. 2025a) and AutoAgents (Chen et al. 2024a) refine
inter-agent communication and profiling strategies. In the
medical domain, MedRAX (Fallahpour et al. 2025) exem-
plifies this direction by orchestrating multiple CXR tools
via ReAct-style prompting (Yao et al. 2023), achieving im-
proved accuracy over end-to-end models. However, these
methods largely rely on black-box LLMs for the decision-
making of invoking agents, leaving the concerns regarding
trustworthiness and safety risks as open questions.

The most recent advance, agentic supernets like
MaAS (Zhang 2025), introduced a paradigm shift by learn-
ing a distribution over possible workflows, enabling adap-
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Figure 1: An overview of PASS. Given a multimodal complex reasoning task (CXR image, textual comprehensive query,
multimodal personalized context), our probabilistic controller learns a continuous task-conditioned distribution over the agentic
supernet (i.e. a directed acyclic graph of medical agent containers). At each step, it samples an action, yielding a workflow
annotated with interpretable probabilities for post-audits and directly enhances clinical AI safety. Tool outputs, which can be
both text and images, are summarized and fed into an evolving personalized memory and shared in-context to inform subsequent
steps. The controller is trained via a principled three-stage strategy (expert knowledge warm-up, contrastive path ranking, cost-
aware reinforcement learning) to optimize the accuracy-cost trade-off. Eventually, PASS is enabled to answer multimodal
medical questions in free-form text via an interpretable, adaptive, and efficient agentic reasoning process.

tive, cost-aware reasoning. However, this approach has two
fundamental flaws for medical applications. First, it is de-
signed for text-only reasoning and lacks multimodal inte-
gration, which is inherently a core requirement in clinical
reasoning. Second, while its textual gradient mechanism en-
ables workflow optimization, it operates implicitly within
the LLM’s internal prompt space during multi-turn conver-
sations, providing limited interpretability and traceability in
high-stakes use.

These challenges highlight a critical need for a medical
agentic system that is not only multimodal and truly inter-
pretable, but also adaptive and efficient. To this end, we
propose PASS (Probabilistic Agentic Supernet Sampling).
To the best of our knowledge, PASS is the first framework
for interpretable and adaptive CXR reasoning via multi-
modal agentic workflow sampling. Given a CXR image and
a complex free-form clinical reasoning task, PASS man-
ages an evolving contextual memory, operates over a di-
rected acyclic graph consisting of multiple specialized med-
ical agent containers (i.e., agentic supernet), and adaptively
samples layer-wise tool sequences from the graph. Cru-
cially, we design a Controller module to learn the task-
conditioned continuous distribution over the supernet, yield-
ing decision paths annotated with interpretable probabilities.
This provides transparent trajectories for post-hoc audits,
directly enhancing medical AI safety. We design a princi-
pled three-stage regimen for the training of PASS: (1) expert
knowledge-guided warm-up aligns tool usage with clinical
best practices; (2) contrastive path-ranking sharpens order-
ing preferences among tool sequences; and (3) cost-aware
reinforcement learning trains the controller to learn the opti-
mized accuracy-cost Pareto frontier with an early-exit mech-
anism.

To systematically evaluate such agentic systems, where
existing CXR benchmarks largely focus on simplified clas-
sification or short-form QA and are thus poorly aligned
with this paradigm, we introduce CHESTAGENTBENCH-

E (CAB-E), a new challenging new benchmark compris-
ing 2,550 comprehensive and safety-critical CXR reason-
ing cases annotated with free-form QA pairs, image inputs,
and queries that demand highly complex rationales1. CAB-
E expands the scope of prior evaluations (Fallahpour et al.
2025; Liu et al. 2021), emphasizing multi-step and clinically
grounded queries that require adaptive tool orchestration. It
also evaluates free-form answering and safety-critical cases.

Our key contributions can be summarized as follows:
• We propose PASS, the first framework to our knowledge

to instantiate a probabilistic agentic supernet for multi-
modal medical reasoning, representing a paradigm shift
towards building trustworthy, adaptive, transparent, and
cost-aware agentic systems.

• We design a principled three-stage training strategy in-
cluding expert knowledge guided warm-up, contrastive
path ranking, and cost-aware reinforcement learning.

• We introduce CAB-E, a comprehensive public bench-
mark to evaluate multi-hop and safety-critical agentic
reasoning for CXR with free-form answers.

• Extensive experiments validate that PASS outperforms
strong baselines among various benchmarks, while main-
taining the balanced computational cost and providing
interpretable agentic workflows.

2 Methodology
In this paper, we propose a probabilistic framework for
PASS that interprets workflow construction as a latent
decision-making process governed by a multimodal gener-
ative policy. In this section, we first formulate a probabilis-
tic controller over tool trajectories and answers, and derive
a cost-aware objective grounded in expected utility maxi-
mization. We then introduce the architecture and parame-
terization of the controller ωω, followed by a theoretically

1Code, data, and benchmarks are available for research pur-
poses at https://github.com/ys-feng/PASS.



motivated multi-phase training algorithm that combines ex-
pert knowledge warm-up, contrastive path ranking and cost-
aware reinforcement learning.

2.1 Preliminary
Problem formulation and notations. Let Q =
{(qi, Ii, Ci)}Ni=1 be a collection of multimodal diag-
nostic queries, where qi → T is a free-form text question,
Ii → RH→W→3 is a chest X-ray image and Ci → C denotes
personalized contextual memory, including summarized
information like structured demographic factors, clinical
results, and previous analysis outputs. PASS answers qi

by sampling a workflow ε over a directed acyclic multi-
container graph and executing the tools in corresponding
containers in the selected sequence. We frame workflow
generation as sampling from a probability distribution ωω

based on multimodal evidence:

ε ↑ ωω( · | q, I, C), â = EXECUTE(ε) (1)

where the workflow ε = (a1, a2, . . . , aT ) is the trajectory
of the actions and â is a free-form answer (e.g., finding,
measurement, report section, etc.) returned to the clinician.
PASS must simultaneously maximize diagnostic utility U
and minimize a composite cost L capturing latency, token
usage and privacy risk. The hyperparameter ϑ, configured
by the user or deploying institution, controls the trade-off
between performance and operational constraints. Under the
above settings, the goal of our model could be stated as:

max
ω

E(q,I,C)↑Q
ε↑ϑω

[
U(â, aϖ)↓ ϑ · L(ε)

]
(2)

Agentic supernet. Supernet G = (V, E) contains agent
containers as nodes and legal tool invocations as edges.
Each container v → V is typed by one of SEG-
MENTATION, CLASSIFY, GROUNDING, REPORT, VQAN-
ALYZE, GUIDELINELOOKUP and MKG. The container v

also stores a mutable set of tool models Tv = {tv,1, . . . }
that share identical I/O signature but may differ in back-
bone architecture, patch size or training epoch. The de-
tailed tool model descriptions are in the Appendix2. Edges
e = (v↔ v

↓)→ E are labeled with a routing policy ϖe spec-
ifying which fields of the current memory are forwarded to
the next container.

Formal Interface. Every container v adheres to a unified
formal interface, defining its input xv and output yv as:

{
xv =

(
q
(sub)

, I
(roi)

, C
(sub)

, ϱ
)

yv =
(
ϖv, ςv, φv

) (3)

The input consists of a textual sub-query q
(sub), an optional

region-of-interest image tensor I(roi), a relevant slice of per-
sonalized contextual memory C

(sub), and tool-specific hy-
perparameters ϱ. The output comprises the primary multi-
modal payload ϖv—which may be a JSON object for struc-
tured data (e.g., TEXT, BBOX, PROB) or an image tensor
for visual data (e.g., a segmentation mask)—along with the

2Appendices are available at https://arxiv.org/abs/2508.10501

Algorithm 1: PASS: Training Procedure
Require: Expert demonstrations Dexp, unlabeled data Dul, super-

net G, state encoder ω, policy εω , answer generator pε, heuris-
tic reward Rh, cost weights ϑ, entropy weight ϖ.

Procedure 1
1: # Phase I: Expert Knowledge Warm-up
2: for (s, aϑ) → Dexp do
3: ϱ ↑ ϱ ↓ ς1↔ω

(
↓ log εω(a

ϑ | s)
)

4: end for
5: # Phase II: Heuristic-Guided Path Ranking
6: for (q, I, C) → Dul do
7: {φk}Kk=1 ↗ εω(· | q, I, C)

8: p(φk) ↑ exp(Rh(ϖk)/ϱcpr)∑K
j=1 exp(Rh(ϖj)/ϱcpr)

9: LCPR ↑ ↓
∑K

k=1 p(φk) log εω(φk)
10: Update ϱ using ↔ωLCPR
11: end for
12: # Phase III: Cost-aware Reinforcement Learning
13: for n = 1 to NRL do
14: φ ↗ εω(· | q, I, C) → Dul

15: â ↗ pε(· | φ, q, I, C)
16: R(φ) ↑ U(â, aϑ)↓ ϑL(φ)↓ ϖH(â)
17: ϱ ↑ ϱ + ς3R(φ)↔ω log εω(φ)
18: end for

measured latency ςv and token cost φv , both utilized in the
overall objective (Eq. (2)). By strictly enforcing this inter-
face across all containers, our design ensures seamless plug-
and-play integration and maintenance.

Action space. The space spanned by legal actions at state
st is defined as:

A(st) =
{
(v, Tv,k) | (vt↔v) → E

}
↗ {EARLYEXIT}

where (v, Tv,k) denotes executing tool Tv,k inside container
v. Sampling the EARLYEXIT action, a special action that
halts the execution trajectory early to conserve resources,
thus initiating answer synthesis in advance.

2.2 Multi-agent Workflows
PASS models diagnostic reasoning as structured decision-
making in a latent space of tool-based workflows. Given an
input triplet (q, I, C), the agent sequentially builds a trajec-
tory ε = (a1, a2, . . . , aT ) by sampling actions at → A(st),
where st is the multimodal reasoning state at step t. The
agent’s final output is a multimodal package, consisting of
a final textual answer â → T and any visual artifacts (e.g.,
annotated images) produced during the workflow ε .

The core of PASS is the workflow policy ωω(at | st),
which we aim to learn. This policy, combined with a fixed
answer synthesis module pϱ, defines the full generative pro-
cess for the textual answer â:

pω(ε, â | q, I, C)

= pϱ(â | ε, q, I, C)
︸ ︷︷ ︸

Answer generator

·
T∏

t=1

ωω(at | st)
︸ ︷︷ ︸

Workflow policy

(4)



Algorithm 2: PASS: Inference
Require: Policy εω , generator pε, summarizer S, state encoder ω,

supernet G, max steps Tmax.

Procedure 2
1: M, φ ↑ ↘, [] // Initialize memory and trajectory
2: for t = 1 to Tmax do
3: at ↗ εω(· | ω(q, I, C,M))
4: if at = EARLYEXIT then
5: break
6: end if
7: ↼t ↑ EXECUTETOOL(at)
8: M ↑ M ≃ S(↼t)
9: φ ↑ φ · at

10: end for
11: â ↗ pε(· | q, I, C, φ)
12: RETURN (â, φ) // Return final answer and full workflow

where pϱ is a frozen synthesis module (e.g., a large lan-
guage model) responsible for generating the final text an-
swer â based on the evidence gathered in ε . All learning is
concentrated in the policy parameters ↼, ensuring improve-
ment stems from discovering better workflow decisions, not
from fine-tuning the generator. This decomposition makes
two key assumptions: (i) the tool sampling is a Markov pro-
cess over the state space S , and (ii) the final textual answer
is conditionally independent of the internal policy decisions,
given the full trajectory ε .

Policy-induced answer distribution. By virtue of
marginalizing out the latent tool trajectory ε , we obtain the
model-implied distribution over answers:

pω(â | q, I, C)

=
∑

ε↔T (q,I,C)

ωω(ε | q, I, C) · pϱ(â | ε, q, I, C) (5)

in which ωω(ε | q, I, C) =
∏|ε |

t=1 ωω(at | st) and T (q, I, C)
is the set of legal trajectories under G from initial state s0.
Although this marginal distribution is intractable to compute
exactly due to the combinatorial size of T , it can be approx-
imated with Monte Carlo sampling, which we exploit both
for training and for uncertainty estimation.

Expected utility and cost regularization. Given a
ground-truth answer aϖ and a reward function U(â, aϖ) mea-
suring the clinical utility of the predicted answer, our goal is
to maximize the expected utility of our policy. This objec-
tive must also be balanced against the cost of the workflows
it generates. Formally, the goal is to find optimal parameters
↼ for the policy ωω:

max
ω

E(q,I,C)↑Q

[
Eâ↑pω(·|q,I,C)U(â, aϖ)

↓ϑ · Eε↑ϑω(·|q,I,C)L(ε)
]

(6)

This formulation can be viewed as a constrained variational
inference problem over the latent workflow ε with an amor-
tized inference network ωω.

Uncertainty-aware generation. The posterior entropy of
the answer distribution, Hω(â | q, I, C) = ↓Eâ log pω(â |
q, I, C), can be utilized to quantify the epistemic uncertainty
of the model. Since the answer generator pϱ is frozen, this
entropy is solely induced by the sampling variability in the
workflow trajectory ε ↑ ωω. In practice, we estimate Hω

via Monte Carlo rollouts of the policy and use it both as
a proxy for answer confidence and as a regulariser during
policy learning (Sec. 2.4) to discourage high-entropy outputs
in high-risk settings.

2.3 Controller Architecture
The controller ωω(at | st) is designed as a masked categori-
cal distribution over permissible actions, with its parameters
determined by a state encoder ↽. Its logits are produced by
a policy network head that processes the state representation
ht. Let st = (q, I, C,Mt) denote the current multimodal
state. The state encoder maps this input into a shared repre-
sentation ht → Rd:

ht = ↽(st) = LN(zt) s.t.

zt = WI · ⇀(I) ↘ WQ · ⇁(q, C) ↘ WM · µ(Mt)
(7)

where ⇀(I) is a frozen ViT-B/16 image encoder with final-
layer CLS token projected to R256, ⇁(q, C) is a Sentence-
BERT-style text encoder for (q, C), projected to R128,
µ(Mt) encodes dynamically updating memory over its sum-
maries, with pooled final hidden state → R128, LN(·) de-
notes layer normalization, and ↘ denotes concatenation. The
policy head is a feed-forward network with a single hidden
layer and ReLU activation:

ωω(at | st)
=Softmax

(
maskA(st) [W2 · σ(W1ht)] /α

) (8)

where the legal-action mask maskA(st) zeroes out infeasible
transitions in the supernet G and α is a temperature parame-
ter annealed during training from 2.0 to 0.8.

Personalized contextual memory. At step t, what the
controller observes are stated as:

st =
(
q, I, C,Mt


, Mt =

{
(vj , ỹvj )

}t↗1

j=1

where the memory Mt is a bounded-size first-in-first-
summarized (FIFS) buffer. After each tool call, in order to
save the computational cost, the JSON response yv is sum-
marized to a compressed vector ỹv using a frozen language
model prompted to function only as paraphrasing. These tex-
tual summaries are appended to a FIFO memory Mt along
with image outputs (if any). This personalized and evolving
memory mechanism enables precise, in-context diagnosis in
the wild.

2.4 Three-Stage Training Procedure
We train the workflow policy ωω to optimize the objec-
tive in Eq. (6) via a principled three-stage procedure. This
curriculum-based approach progressively refines the policy,
starting with strong expert supervision before moving to
weaker preference signals and finally to direct reinforcement
learning on the end-task reward. The three stages are de-
tailed as follows. Each stage is grounded in a formal objec-
tive, allowing for stable and efficient training of ωω.



Model CAB-E CAB-Standard SLAKE

Acc.⇐ LLM-J.⇐ BLEU⇐ METEOR⇐ ROUGE-L⇐ Sim.⇐ Lat.⇒ Acc.⇐ Lat.⇒ Sim.⇐ Lat.⇒

GPT-4o (zero-shot) 60.06 ± 0.01 45.29 ± 0.07 4.09 ± 0.03 25.63 ± 0.02 25.84 ± 0.01 79.03 ± 0.01 18,37 45.45 ± 0.02 3.10 37.25 ± 0.03 2.25
CoT 59.18 ± 0.01 39.43 ± 0.06 3.83 ± 0.03 23.93 ± 0.02 25.25 ± 0.01 77.62 ± 0.01 20.30 50.51 ± 0.02 3.34 38.78 ± 0.02 2.43
ComplexCoT 63.26 ± 0.01 41.06 ± 0.06 4.22 ± 0.04 25.14 ± 0.02 25.12 ± 0.02 78.03 ± 0.01 22.17 44.44 ± 0.01 3.41 42.86 ± 0.03 2.57
SC (CoT⇑5) 79.59 ± 0.08 54.13 ± 0.07 5.34 ± 0.01 31.22 ± 0.02 25.83 ± 0.01 76.14 ± 0.03 14.55 43.43 ± 0.02 10.35 44.88 ± 0.02 7.83

GPT-4o (finetuned) 81.82 ± 0.06 75.76 ± 0.02 18.20 ± 0.01 32.92 ± 0.01 44.49 ± 0.02 88.19 ± 0.01 14.99 62.83 ± 0.01 3.79 81.82 ± 0.01 3.36
o3-mini (+visual tool) 73.73 ± 0.01 68.08 ± 0.04 4.43 ± 0.01 33.09 ± 0.01 24.52 ± 0.01 80.21 ± 0.02 41.91 50.51 ± 0.01 26.18 54.55 ± 0.01 11.63
CheXagent 83.67 ± 0.01 69.47 ± 0.01 2.71 ± 0.01 14.68 ± 0.01 20.78 ± 0.01 82.52 ± 0.01 2.20 62.63 ± 0.03 0.40 78.80 ± 0.01 0.65
LLaVA-Med 86.96 ± 0.05 82.65 ± 0.04 8.28 ± 0.01 29.96 ± 0.01 31.26 ± 0.01 91.00 ± 0.01 21.43 53.23 ± 0.01 7.79 60.60 ± 0.01 10.14
MedRAX 89.54 ± 0.02 76.94 ± 0.01 5.56 ± 0.02 32.84 ± 0.05 27.11 ± 0.02 88.69 ± 0.02 17.44 63.49 ± 0.02 7.39 74.90 ± 0.02 10.47
PASS (Ours) 91.22 ± 0.12 84.28 ± 0.10 8.51 ± 0.05 33.21 ± 0.05 31.49 ± 0.09 90.16 ± 0.04 22.06 66.10 ± 0.03 8.05 79.55 ± 0.04 11.68

Table 1: Performance across three radiology VQA benchmarks (mean ± standard deviation). Best and runner-up numbers are
bold and underlined.

Phase I: Expert knowledge guided warm-up. This ini-
tial phase uses imitation learning to bootstrap the policy.
We construct a dataset of expert demonstrations, Dexp, not
from scratch, but by using a more scalable, two-step pro-
cess. First, we use a powerful foundation model (GPT-4o)
to generate initial workflow sketches for a set of problems.
Second, these sketches are then reviewed, corrected, and val-
idated in a human-in-the-loop process by licensed radiolo-
gists. This “distill-and-refine” strategy yields a high-quality
dataset of one-step decisions Dexp = {(s, aϖ)}, where a

ϖ is
the expert-verified action for state s. We warm-start the pol-
icy by minimizing the KL divergence from the expert policy
(i.e., behavior cloning):

LBC = E(s,aε)↑Dexp
[↓ log ωω(a

ϖ | s)] (9)

This phase instills a strong prior in the policy, anchoring it
in clinically valid reasoning patterns.

Phase II: Heuristic-guided contrastive path ranking.
Expert demonstrations are costly to acquire and cannot
cover all scenarios. To generalize beyond Dexp, we intro-
duce a weaker supervisory signal based on heuristic pref-
erences for unlabeled data. For a given query, we sample
K candidate workflows {εk}Kk=1 from the current policy
ωω. We then score each path using a heuristic reward func-
tion, Rh(εk), which combines domain-specific priors such
as clinical guideline compliance, anatomical coherence, and
brevity. The policy is then updated using a contrastive loss
(InfoNCE) that encourages it to assign higher probability to
higher-scoring paths:

LCPR =E{εk}↑ϑω


↓

K∑

k=1

p(εk) log ωω(εk)


,

where p(εk) =
exp(Rh(εk)/αcpr)
K

j=1 exp(Rh(εj)/αcpr)

(10)

where αcpr is a temperature hyperparameter. This phase
teaches the policy to distinguish between good and bad rea-
soning structures, even without a ground-truth workflow.

Phase III: Cost-aware reinforcement learning. In the fi-
nal phase, we directly fine-tune the policy ωω using rein-
forcement learning to maximize the expected end-task util-
ity. To compute the reward for a generated workflow ε , we

first use the fixed answer generator pϱ to synthesize a textual
answer, â ↑ pϱ(· | ε, q, I, C). We then define the reward for
the trajectory as:

R(ε) = U(â, aϖ)↓ ϑ · L(ε)↓ ▷ ·H(â) (11)

where H(â) is the entropy of generated answers, penalizing
uncertainty. We then update the policy parameters ↼ using a
reinforcement learning approach. The objective is to maxi-
mize the expected reward over all trajectories sampled from
the policy:

J(↼) = Eε↑ϑω [R(ε)] (12)
The gradient of this objective, ≃ωJ(↼), can be estimated us-
ing sampling via the reinforcement algorithm, with a base-
line to reduce variance. This final tuning step aligns the
workflow generation directly with the ultimate goals of di-
agnostic accuracy and computational efficiency.

3 Experiments
We evaluate PASS across three radiology benchmarks of in-
creasing complexity to assess four critical aspects of real-
world deployment: clinical accuracy, language fidelity, com-
putational efficiency, and safety. All experiments are con-
ducted on a single NVIDIA H800 (80GB) GPU with access
to OpenAI’s GPT API for relevant baselines.

3.1 Experiment Setup
Benchmarks. We use the following evaluation suites, with
more details described in the Appendices:
• SLAKE (Liu et al. 2021): A native free-form medical

VQA benchmark with 6,437 image–question pairs, used
to assess zero-shot generalization.

• CAB-Standard (Fallahpour et al. 2025): A multiple-
choice Chest Agent Benchmark (CAB) containing 2,500
diagnostic queries. CAB-Standard is constructed using
the generation method proposed by Fallahpour et al.

• CAB-E: Our proposed benchmark with 2,550 multi-
step CXR reasoning cases, including 500 safety-critical
instances. Construction details and summary statistics
are provided in Appendices A and F. This benchmark
is designed to evaluate free-form, multi-hop reasoning
grounded in both imaging data and patient context. The



Model Acc. ⇐ Hallucination (%)⇒
GPT-4o (zero-shot) 61.22 7.00
LLaVA-Med 87.75 2.00
MedRAX 89.79 1.60
PASS 93.50 1.60

Table 2: Performance on radiologist-verified safety-critical
split from CAB-E.

Configuration Acc. !Cost

Full PASS 91.22 -
– EarlyExit 88.60 94.0
– Path-Rank Pretraining 87.86 8.9
– Expert-Guided Warm-up 88.89 9.5

Table 3: Ablation study on CAB-E. !Cost reports cost de-
crease relative to full PASS.

safety-critical subset focuses on complex, high-stakes
scenarios that demand careful and transparent decision-
making, such as life-threatening anatomical abnormali-
ties and urgent systemic conditions. CAB-E is publicly
available at the aforementioned URL.

Metrics. On CAB-E, we report: Accuracy, LLM-as-a-Judge
score (LLM-J.) based on human expert-guided rubrics,
BLEU, METEOR, ROUGE-L, embedding similarity, and
end-to-end latency. CAB-Standard is evaluated by accuracy
and latency. SLAKE is evaluated by embedding similarity
and latency. We evaluate the hallucination rate on the safety-
critical split of CAB-E, report blind human radiologist eval-
uation, and compare the inference cost against LLM-J. to as-
sess the models’ efficiency. We present detailed descriptions
of the metrics in Appendix B.
Baselines. We compare PASS against four groups of meth-
ods: (1) general-purpose VLMs, including GPT-4o (Ope-
nAI 2024), the finetuned version of GPT-4o on the same
training data of PASS, and its reasoning-augmented variants
CoT (Wei et al. 2022), ComplexCoT (Fu et al. 2023), and SC
(CoT⇐5) (Wang et al. 2023); (2) reasoning-centric VLMs,
o3-mini (OpenAI 2025) paired with LLaVA-Med (Li et al.
2023a) as a visual captioning front-end due to its lack of
image input; (3) medical/CXR-specialized VLMs, LLaVA-
Med and CheXagent (Chen et al. 2024c); and (4) agentic
systems, including the multimodal system MedRAX (Fal-
lahpour et al. 2025) and originally single-modality methods
(e.g., MaAS (Zhang 2025), AFlow (Zhang et al. 2025b)),
which we adapt to the multimodal setting by augmenting
them with the same vision tools as PASS, with detailed re-
sults for these adapted agents reported in Appendix E.

Implementation details. We optimize the model using the
AdamW algorithm, incorporating gradient clipping at 1.0 to
ensure numerical stability, a weight decay of 0.01 to pre-
vent overfitting, and a cosine learning rate schedule to facil-
itate smooth convergence. An entropy bonus of 0.01 is ap-
plied to encourage exploration and stabilize training. For RL
updates, we employ forward-mode unrolling with a 5-step
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Figure 2: Cost-Accuracy Pareto Frontier analysis. Each or-
ange point on the dashed frontier corresponds to a specific
penalty weight (ϑ) configuration of PASS, enabling flexi-
ble cost–accuracy trade-offs at deployment. MedRAX and
LLaVA-Med are plotted as additional points for compari-
son. Lower normalized inference cost and higher accuracy
are preferred; the arrow indicates the desired direction to-
ward the top-left preferred region.

truncation to balance computational efficiency and gradient
accuracy.

3.2 Performance Analysis
Table 1 presents the results on CAB-E, CAB-Standard, and
SLAKE. PASS achieves an accuracy of 91.22, outperform-
ing the strongest baseline MedRAX (89.54) by +1.68, sur-
passing CheXagent by +7.55 and LLaVA-Med by +4.26,
demonstrating substantial improvement in diagnostic accu-
racy through probabilistic multi-tool reasoning. This sug-
gests that adaptively sampled agentic trajectories, rather than
single-pass VLMs or black-box agent planners, offer supe-
rior coverage and reliability on diverse CXR cases. We also
observed that a specific version of GPT-4o that is finetuned
on the same training dataset of PASS lags behind PASS, sug-
gesting that probabilistic, query-dependent tool trajectories
are the key factor, not merely domain-specific training.

PASS also achieves the highest LLM-J. score (84.28),
METEOR (33.21), ROUGE-L score (31.49), and the
second-best BLEU (8.51) among all strong baselines. This
indicates that the answers provided by PASS align bet-
ter with ground truth clinical solutions, validating the con-
troller’s ability to coordinate image grounding, clinical rea-
soning, and textual fluency across multi-hop tool outputs.

3.3 Latency and Cost Analysis.
Table 1 shows that while PASS exhibits higher latency than
single-pass models like LLaVA-Med, this is a direct and
strategic trade-off for its superior accuracy, driven by a more
comprehensive reasoning process. Figure 2 illustrates the
empirical cost–accuracy Pareto frontier of PASS by varying
the penalty weight ϑ, where the x-axis denotes normalized
inference cost (relative to ϑ = 0.0003) and the y-axis reports
accuracy. As ϑ increases, PASS traverses a smooth fron-
tier that substantially reduces cost with only modest accu-
racy degradation, exposing multiple deployment-ready op-
erating points. The highest accuracy (91.2%) is achieved at
an intermediate setting ϑ = 0.003, where PASS outperforms



MedRAX and LLaVA-Med by 1.66 and 4.24 absolute accu-
racy points, respectively, at comparable cost. For more ag-
gressive cost-saving, larger ϑ values (e.g., ϑ = 0.03) fur-
ther reduce cost by roughly 20% while still retaining around
88% accuracy. Overall, PASS learns a well-structured fron-
tier, enabling practitioners to tune ϑ at deployment time to
match latency and budget constraints without retraining.

3.4 Safety-Critical Subset Evaluation
On this safety-critical CAB-E subset, PASS achieves an ac-
curacy of 93.50%, surpassing MedRAX by 3.71 percentage
points and LLaVA-Med by 5.75 percentage points. Notably,
PASS and MedRAX share the lowest hallucination rate, rep-
resenting a substantial improvement over the GPT-4o base-
line and highlighting PASS’s robustness in minimizing er-
rors on safety-critical CXR cases. A blind human radiologist
review further corroborates the superiority of PASS, with de-
tails provided in the Appendix. Taken together, these results
underscore PASS’s reliability in safety-critical clinical rea-
soning scenarios.

3.5 Ablation Study
Ablation results (Table 3) confirm critical design choices:
Removing early-exit causes a significant accuracy drop
(from 91.22 to 88.60) and a 94% relative cost decrease.
Removing path-rank pretraining and warm-up also demon-
strates their role in convergence acceleration and perfor-
mance improvements.

4 Related Work
Tool-augmented LLMs. Tool use in LLMs has evolved
from basic augmentation (Schick et al. 2023; Yao et al.
2023; Feng et al. 2025b) to modular agent frameworks (Wu
et al. 2024; Li et al. 2023b; Chen et al. 2024b; Zhuge et al.
2024) with specialized roles and communication. Yet, most
rely on static or handcrafted workflows, limiting adaptabil-
ity and efficiency in real-world deployment. Recent work be-
gins to automate tool strategies and workflows via reinforce-
ment learning or structured search (Feng et al. 2025a; Zhang
et al. 2025b), but typically commits to a single, task-agnostic
pipeline and offers little support for uncertainty-aware or dy-
namically adaptive inference.

Autonomous agent workflows. Recognizing the limita-
tions of fixed pipelines, a new wave of research seeks to au-
tomate agentic system design. Prompt optimization (Khat-
tab et al. 2024; Guo et al. 2024), inter-agent communication
tuning (Zhang et al. 2025a), and modular profiling (Chen
et al. 2024a) are key directions. Notably, MaAS (Zhang
2025) introduces an agentic supernet that learns a distri-
bution over multi-agent architectures and samples query-
dependent workflows, improving accuracy–cost trade-offs
and transferability beyond static designs. However, these ap-
proaches remain largely confined to text-only domains and
offer limited interpretability and explicit uncertainty model-
ing, which is particularly problematic in high-stakes appli-
cations such as medicine.

Multimodal reasoning in medical AI. Multimodal foun-
dation models (e.g., GPT-4V (Liu et al. 2024b), LLaVA-
Med (Li et al. 2023a), CheXagent (Chen et al. 2024c))
promise unified vision-language understanding and have
shown zero-shot capabilities across radiological tasks. Still,
they often hallucinate (Eriksen, Möller, and Ryg 2024), lack
task specificity (Chen et al. 2024c), and remain opaque.
Domain-specific systems like MedRAX (Fallahpour et al.
2025) and MDAgents (Kim et al. 2024) attempt to inte-
grate medical tools with LLMs via ReAct-style (Yao et al.
2023) prompting, offering partial medical multimodal rea-
soning capabilities. Yet, their decision-making still largely
relies on black-box LLMs, hindering real-world application
due to critical concerns about trust and potential risks.

Safety and interpretability in clinical deployment.
Clinical settings demand more than performance: they re-
quire transparency, controllability, and regulatory compli-
ance (Lundervold and Lundervold 2019). Beyond saliency-
based explanations, methods like MedCoT (Liu et al. 2024a)
and BoxMed-RL (Jing et al. 2025) leverage chain-of-
thought or RL-enhanced generation to increase reliabil-
ity. PASS extends these efforts with per-step, probability-
annotated execution traces and interpretable early exits, al-
lowing for post-hoc audits and fine-grained trust calibration,
which are crucial features for safe medical AI deployment.

5 Conclusion
In this paper, we introduce PASS, the first multimodal
framework to address the critical challenges of interpretabil-
ity, adaptability, and efficiency in complex chest X-ray rea-
soning. Existing agentic systems are often limited by their
black-box nature, poor integration of multimodal data, and
rigid, inefficient workflows. PASS overcomes these limita-
tions by leveraging a probabilistic controller to adaptively
sample workflows from a multi-tool supernet, yielding de-
cision paths annotated with transparent probabilities that are
crucial for clinical trust and post-hoc audits. Our novel three-
stage training strategy performs expert knowledge warm-
up, contrastive path-ranking, and cost-aware reinforcement
learning to optimize the performance-cost trade-off, bal-
ancing diagnostic accuracy with computational cost via a
dynamic early-exit mechanism. Through extensive experi-
ments on our newly curated CAB-E and other public bench-
marks, we have demonstrated that PASS not only achieves
superior accuracy over strong baselines but also provides in-
terpretable and efficient reasoning. Ultimately, we believe
that PASS represents a paradigm shift towards the next gen-
eration of multimodal, trustworthy, adaptive, and resource-
aware agentic systems, grounded in medical reasoning yet
potentially broadly applicable to other multimodal or high-
stakes domains.

Limitations. PASS deliberately uses a fixed container set
to ensure clinical safety and interpretability as a strategic
trade-off between safety and flexibility. Future works will
scale this robust foundation by expanding the supernet to
new imaging types like MRI or CT, and enriching its agentic
containers and tools, thereby further enhancing the diagnos-
tic utility and adaptability of PASS.
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