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BioMed-Agent-RL: A Meta Learning, All You
Need for Biomedical Applications

Md Asaduzzaman Jabin, Member, IEEE, Zihao Wu, and Tianming Liu, Member, IEEE

Abstract—The current progress of Clinical Vision
Large Language Models (C-VLLMs) has substantially
improved digital diagnostics, still these frameworks
often endure lesion noises, modality misalignment,
hallucination, and missed contextual grounding in
complex clinical cases. Moreover, prevailing agent
systems usually depend on static and non-adaptable
pipelines and lack the versatility necessary for
complex medical reasoning. To resolve these
difficulties, we present BioMed-Agent-RL, a unified
medical agent that incorporates adaptive
orchestration, policy, and reward-based
reinforcement learning (RL) models for biomedical
applications. To ensure reliability, it invokes clinical
context-aware preference optimization (CPO), direct
preference optimization (DPO), and group relative
policy optimization (GRPO) with dynamic entropy
regulation. This pipeline utilizes a multimodal meta-
learning approach that operates as a field-specific
expert and human judgment synthesizer. The agent
adaptively utilizes a set of model-level expertise, such
as clinical grounding and reasoner, lesion
segmenter, and field-specific synthesizer, across
various clinical modalities (e.g., X-ray) by utilizing an
iterative and adaptive RL approach. The agent learns
to seriously synthesize misleading, conflicting vision
cues and trust in inherent reasoning, while specialist
advice is faulty. An intensive ablation study is
conducted across multiple benchmarks, and the
agent significantly outperforms existing state of the
art models, such as GPT-5, attaining up to ~73%
accuracy (gain of ~5%) over contemporary baselines.
As a result, the framework suggests a new standard
for building factual, reliable, robust, and expert-like
intelligent agent systems for independent clinical
reasoning.

Index Terms—Biomedical Agent, Contextual-aware
Preference Optimization (CPO), Direct Preference
Optimization (DPO), Group Relative Policy
Optimization (GRPO), and Reinforcement Learning
(RL).

[. INTRODUCTION

" HE recent progress of multimodal vision large
language models (VLLMs) into biomedical

T

applications [1] across various clinical modalities like
MRI, CT, X-ray, and Gross, etc., has exhibited
substantial possibilities for intelligent reasoning and
clinical diagnostics. However, VLLMs trained on large
multimodal clinical data depict promising performance
to some extent, yet a single backbone often fails in
reasoning [2] of various clinical subfields (e.g.,
radiology). Still, the advancement of clinical
intelligence systems depicts several major challenges
[3]- high computation cost associated with human-
feedback alignment and optimization, the limited
generalization capabilities of sole backbone across
distinct modalities, hallucinations caused by multimodal
misalignment, and non-adaptive, non-iterative essence
of contemporary agent systems.

Achieving specific and most accurate iterative
reasoning direction in foundation models generally
entails reinforcement learning with human feedback
(RLHF) with proximal policy optimization (PPO) [4], a
method that is often computation-intensive and time
consuming due to need of huge manual data annotation
and tuning a huge distinct reward model. To tackle this,
direct preference optimization (DPO) [5] has surfaced as
firm and lightweight option which optimizes LLM
models by drawing policy function in the loop through
binary cross-entropy, bypass external reward model.
While DPO elevates general contextual conversations,
but expert-level clinical tasks necessitate further greater
precision.

In the medical field, a generalist LLM backbone
frequently struggles [6] to tackle the reasoning and
lesion grounding task necessary for diverse branches
like pathology, radiology, and surgery, etc. This requires
an agentic framework, multimodal clinical agent, able to
adaptively orchestrating specific mechanism [7] for
multimodal  grounding, lesion reasoning and
segmentation, report and summary generation across
various clinical cues like, MRI, CT, and X-rays. In spite
of the triumph of such agents, they repeatedly endure
from multimodal misalignment where the model mostly
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Fig. 1. The overview of BioMed-Agent-RL- (a) The reasoning loop; and (b) The agent comparison paradigm- (i)
Single backbone agent, (ii) Multisystem agent, and (iii) C-GRPO BioMed-Agent-RL (Ours).

prefers text-based knowledge over visual embedding.
Therefore, it leads to erroneous reasoning and fatal
hallucinations. To alleviate these issues, clinical context
preference optimization (CPO) [8] selects excellent-
quality preference cues by presenting “rejected”
instances through region-specific lesion noising.
However, the noising often disturbs visual reasoning of
vital investigative areas and causes the inclusion of
hallucinations [9]. However, by applying weights over
these cues through agent pipelines, the model grasps to
prefer critical visual embedding over hallucinated
words.

To address the problems with solely generalist
backbone, a multi-agent system [10] can be a great
solution. But, their architecture commonly depend on
non-adaptive, static and rigid frameworks. Finally, to
surmount problems of multi-agent pipelines, a group
relative policy optimization (GRPO) framework [11],
[12] can be enhanced with intra-group relative reward
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model, avoiding the necessity of a critic model. To
optimize co-operation between the expert model and
assistant model, curriculum guided reinforcement
learning (C-RL) [13] with GRPO can be a viable
solution. Gradually, coaching the model through the
exploration and exploitation dilemma on difficult cases,
which leads to hallucinations.

In this manuscript, we propose an integrated clinical
agent that relies on LLM model orchestration with
curriculum-based reinforcement learning (RL). Our key
contributions are, (a) A multimodal alignment
architecture with reasoning, lesion segmentation module
and use a weighted DPO framework guided by
diagnostic relevance ranking; (b) Implementing a
clinical-aware = preference = optimization  (CPO)
framework with local lesion-noising to improve visual
and textual alignment; and (c) A agent collaboration
with GRPO based curriculum learning (C-GRPO) to
surpass prominent generalist model, GPT-5 [14] in
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Fig. 2. The performance evaluation between DPO, CPO and C-GRPO- (a) architecture-specific; and (b) Dataset-specific

performance efficiency gains of C-GRPO RL approach.
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complex clinical and grounding across various metrics
and benchmarks. The more details about agent backbone
paradigm is depicted in Figure 1(b). The model acquires
the ability to wisely combine contradictory
recommendations and trust in intrinsic reasoning, while
the expert entity collapses. This integrated architecture
founds a new standard for automated intelligence
systems.
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Il. PRIOR WORKS

A. Clinical Al Agent

Recently, Al agent has emerged with great prospects
in clinical applications and reasoning. Some are
unimodal, and some are multimodal in nature. Al agent
expertise in medical setups [15], [16], [17], such as
clinical, radiology, pathology, radiotherapy, dermatology,
dental, genomics, EHR, and surgical have gained
commendable recognition in the research arena. But most
of the agents are either unimodal (text-based) or perform
better in textual reasoning. Moreover, they are prone to
multimodal misalignment, unstable and computation-
intensive, limited generalization, a static sole backbone
with no self-evolving, no adaptation, and no re-correction
mechanism. As a result, they underperform by causing
factual misalignment, false contextual reasoning,
inefficient lesion grounding and segmentation, and
hallucination [3].

B. Reinforcement Learning Based Agent

On the other hand, reinforcement learning (RL) is
used as a great tool in the agentic Al space, due to its self-
adaptation, iterative, and self-evolving mechanisms. RL
concepts [18] like, DPO, PPO, CPO, and GRPO, etc. are
used in generalist tasks like, dialogue continuation, report
generation, captioning, self-reasoning, spatial
recognition, and vision cue generation related to medical
fields. But, they often suffer inaccurate processes with
human feedback alignment, instability, a generalist
backbone, and in-adaptively orchestrate LLM tools, non-
iterative and mismatched co-operation between expert
tools [19] (refer to Figure 1(b)).

TABLE | THE PERFORMANCE COMPARISON OF RL APPROACHES ACROSS 5 CLINICAL BENCHMARKS.

Metrics and Checkpoints
Backbone RL RAD- SLAK PATH- MIMIC- IU-Xray
Methods VQA E VQA CXR
LLaVA-Med DPO 47.54 41.65 40.29 47.37 37.42
CPO 50.21 45.87 45.49 47.59 43.93
C-GRPO 50.43 51.31 49.59 51.9 49.95
DeepSeek-VL DPO 56.2 61.12 51.71 49.94 49.79
CPO 61.19 65.12 55.73 55.56 55.52
C-GRPO 60.77 62.65 60.45 60.89 60.91
GPT-5 DPO 60.26 57.1 52.36 50.51 55.18
CPO 64.6 61.45 57.34 55.8 60.46
C-GRPO 63.23 65.19 61.09 63.22 64.02
Ours DPO 65.29 60.43 56.8 61.33 60.77
CPO 68.72 65.9 63.43 67.79 66.61
C-GRPO 73.08 71.71 70.68 72.55 72.68




In this part, we provide a concise overview of VLLMs,
multimodal agent collaboration, DPO, CPO, and GRPO
techniques with dynamic entropy regulation.

VLLM: Let multimodal clinical input x; = (Xvis, X2,
where, visual input is x,; and corresponding text input is
x:;. They auto- iteratively guess the following token’s
distribution to generate clinical reasoning and grounding
response Vour.

Multi-Agent System: To help with complicated agent
pipelines, multi agent clinical systems harmonize various
expert agents. Our scenario imitates a clinical setup for
radiology diagnostics: Expert Agent (EA) > Clinical
Specialist > Expert Model (EA). If an expert agent a' €
AN observe an policy method 7y, (Xin| Your) for a
multimodal vision cue xi, = (x.is, X;), the multimodal agent
systems would be, AN, ={ak,,a2,,a34,,,,,, a8}
Where, N = total number of agent and 7y, is the policy
model. The pipeline progresses as follows: (a) Task
captioning;: agip agent selects the category of task based
on the task caption and category of tasks via ranking
scores, Tq = arg maxy Tgcap (k| xin); and (b) Expert

METHODS

model response: Every individual captioning agent ag‘fq
after ranking most-k input sequence, and select the
corresponding expert agent from the pool, thus produce
responses, Yy, ~ HB;?, Vout | xvis); and (c) Aggregation
agent: The output from expert agent, then fend into
aggregator (agzg ) to choose and finalize the appropriate
output, Yrinar ~ nggflg Oout | xin:)’rd)-

Direct Preference Optimization (DPO): Preference
optimization has demonstrated to be very effective in
fine-tuning language models (LMs) and leads to
substantial coordination between target and model
behavior. If a DPO [5] policy method 7g,, produces a
contingent  distribution 7g, .. (Vourl Xin) across a
preference data D = {Xin, Ypref) Vaiike}, Where X,
Yprefs and Vg tepresent the multimodal input,
preferred response, and disliked output, respectively. The
likelihood score of choosing y,.r is designed as,
S (ypref | Yaiike) = 0 (T (xin' ypref) —7(Xin» YVaiike)-
Where, o (.) = the sigmoid non-linear function. The
DPO optimization can be calculated through loss function

over preference data D, L ppg (ngDPO,ngme f)

Toppo (Ypref | Xin)
ﬂepref (Ypref | Xin)

= preference

_E(xin: Ypref» :leike) ~D [10g0' <a lOg
Toppo Vatike | Xin)
atike | xin)

alog Here,

T0pref Mo prer
policy.
Context-aware Preference Optimization (CPO):

During DPO, the likelihood score (S) is used as a penalty
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representing the influence of individual preference-pair
data on the total fine-tuning process. To avoid
underfitting caused by a small value from the DPO loss
function, normalization is applied to achieve better
context-aware preference. It maps every score within a
fixed range with its variance and mean intact. The
normalized clinical relevance score would be, § = S?T”
Where, (i, 0) are the mean and variance pair. Then the
score is trimmed into [a, f]. Here, a, are chosen as
lower and upper bound respectively. So the modified
weighted loss function with diagnostic relevance can be
computed as,

L CPO (T[BCPO‘n-Bpref)

_E(xinv Xx, Ypref  Ydliker §) ~D [ S_log o (a log

Toppo Vadlike | X+)
0 prer Valike | %)

Group Relative Policy Optimization (GRPO): The
GRPO method [11] escapes fine-tuning a critic function
by utilizing within-group relative rewards to enhance the
policy function. For each multimodal inquiry x;, , the
pipeline extracts N output responses {Vi,V2,,,,,,Vn}>
which are rated to obtain a list of rewards {ry,7,,,,,,,7v}-
It always chooses and contains normalized leverage
points and refreshes the policy function with a trimmed
objective function similar PPO [4]. The GRPO

optimization would be, L crpo (0) =
1 . .
Etxin v [ﬁ SN(min(r; 4;, clip(r;, 1 — a, 1 + @) 4;) —

B Dk1. (ng GRPO | Mo, f)]. Here, each reward component

alog

Tocrpo Vil Xin) -
Moy Vil xim) > Oold

function, and «, [ are the agent’s hyper-parameters,

respectively. So, the final agent advantage component

ri—u(rjl 1)
a(ril i)
based learning through grouped relative policy rewards
rather than a critic function.

Curriculum Design (C-GRPO) and Dynamic
Entropy Regulation: We classify jobs based on the
performance of an expert’s assessment, S =
ACC (¥, ¥+)- The whole dataset can be split into 3
complexity levels: totally accurate expert outputs (S=1,
tagged as easy (Drasy)), partially accurate results (0< § <
1, marked as medium (Disedium)), and entirely incorrect

—findings (S = 0, designated as hard (Drarq)). So, the full
dataset would be, D = Dgggy U Dyegiuvm Y Dhara-
Therefore, we create a triad-step curriculum based on a
GRPO approach to enhance expert knowledge, like when
to apply expert knowledge precisely and when to depend
on their individual perception to resolve multimodal cues.

would be, r; = = old GRPO policy

would be, 4; = . The GRPO enhance policy

TOppo (Ypref | xin)
Trepref (J’pref | xin)

)_



However, we apply GRPO [11] as our base RL
curriculum approach. For each multimodal query x,
aggregation policy T gagg producing a collection of N

responses {y}inal}livzl. Each reward component r; for each
output is calculated by a reward template 754rmar € {0,
0.5} and reward accuracy Tyccyracy € 10, 1}, and
computes the conditional advantage component A; for
policy model update. To attain dynamic entropy control,
we present an entropy regularization into our GRPO
optimization function,

Lc_grro (8) = E [L grpo (0) + vs Hy (”gggg)]“(l)

Where, H, = — Z]T-=1pt’j logps ;.
And, p; = Softmax (%), T = vocabulary token size,

softmax logits Z, € RT, T = temperature, y, = entropy
penalty co-efficient is adaptively established based on
curriculum level § of current cues. To mention, Yegsy ~ 0,
Ymedium > 0, and Yngra ~ 1 (>> Ymedium) respectively for
easy (S = 1), medium (0<s<1I), and hard (S =0) cues. In
case of hard cues, a very strong positive penalty is implied
vigorously to stimulate exploration, forcing the agent to
deviate from deceptive expert suggestions.

Initial Captioning Expert: Contemporary task-
specific agent approaches like Agent Hospital [20],
depend on preset or rule-based allocation plans and do not
directly improve the captioning mechanism. Therefore,
expert-based routing is fixed and misses flexible
optimization over the clinical data. To handle those
drawbacks, we formulate our initial task captioning
module as a tunable policy nggipthat allocates every

instance to one of K domain experts, where K = 7 for our
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BioMed-Agent-RL. Supervising is obtained from
method-dependent ground-truth offered by dataset (e.g.,
radiology image - radiologist LLM backbone), allowing
methodical positioning between input and medical
expertise. Then, the chosen caption can be denoted based
on ranking, tasks via ranking scores, Ty =
arg max;, mocap (k| xin), where x = multimodal

clinical cue. We improve this strategy utilizing GRPO
with a combined reward model comprising of template
restrictions for report generation (rformat / caption €
{0.0,0.50}) and reward accuracy(raccumcy/ 1 € {0.0,
1.0}). This kind of reward model promotes assigning of
both precise specialty and systematic semantic reasoning
results.

Role Specialist: After choosing appropriate captions,
we employ various robust pipelines as field specialists
agf‘q to facilitate moderately precise evaluations. This
assists following reference by a human expert. In our
framework, we utilize outputs from K specialists as
pointers for every input sample. We collect the human
expert opinions to autonomously incorporate in the data
and backbone. So expert output would be,
Vrg ~ negi Yout | Xin). This guarantees framework

efficacy and bypasses dominant polling, which could
dominate subordinate views and assign the task for final
call by a physician.

Aggregation Agent: After expert-tier reasoning is
produced, the ultimate investigative judgement could be
taken by a medical expert who combines diverse
specialist views to the final output. In this integration
stage, both human and agent expert outputs may vary in
terms of reliability or, disagree with one another.
However, majority voting may result in depriving
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Fig. 3. The query category and complexity level analysis for our C-GRPO based BioMed-
Agent-RL (1200 instances per category, and 2000 data points per complexity).



IEEE TRANSACTIONS ON MEDICAL IMAGING, VOL. xx, NO. X, 2020

® ;'ﬂ Is there any radiographic evidence of pneumonia? If so, describe supportive findings.

DPO CPO C-GRPO (Ours) @
3 G IEEL: Thinking: [<API>
Thinking: [<4P=: ['WMMedAgantT], Thinking: [<AP>:
['MMedAgent’], <params=: ["MMedAgentT],
SPEFATIS {"pRaumonia”, “DING-Y2",
"pneumonia’, - WAAY N 2 = .
VoA . Fpneumonia”, “WioA"
Bilateral opacilies are seen, possibly | The bilaleral palchy opacilies in lower lung
preumania, The findings are not fields, consistent with airspace
There are soime possible infection, but specific lo a single cause, but consolidation and progressive pneumonia
the findings are non-specific. hilateral lower lobe opacities are with baunding box coardinates [0.04 0.037
Preumonia can be considered. present. 0.47 0.52], and [0.67 0.02 0.96 0.43) &

® [-.'ﬂ Is there any radiographic evidence of pneumaonia? If so,

describe supportive reports.

(b} Report Generation Thinking: [<AP>; Thinking: [dAP_b:
Thinking: [<AP/>: [*MMedAgent"], [ "-'LM:f;?g:t I
['MMedAgent], <params=; . (EICIREESE .
<paramss: {“preumcnia”, “report”}] | {"pneumonia’, “report’}]

Findings: Patchy opacity is in right lower
lobe, right sided pleural effusion,
cardiomediastinal silhouette within normal
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Impression: Right lower lobe consolidation,
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Impression: May represent early limits. No pneumothorax is identified.
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Fig. 4. The BioMed-Agent-RL qualitative result comparison for different RL Algorithms- (a) VQA task, and (b) Report
generation task.

TABLE Il THE QUERY COMPLEXITY ANALYSIS FOR C-GRPO BIOMED-AGENT-RL (6000 INSTANCES).

Reasoning difficulty in various dimensions

Query Categories Query RAD- SLAKE PATH- MIMIC- IU-Xray
Complexity VOQA VQA CXR
Close-ended Easy 73.08 72.98 72.45 73.01 72.88
Medium 68.83 68.55 68.69 68.59 68.67
Hard 61.53 61.71 62.18 62.66 62.93
Open-ended Easy 65.21 65.48 64.64 64.7 65.35
Medium 59.67 58.11 57.83 58.03 57.97
Hard 53.56 52.89 52.78 51.99 51.64
Grounding-based Easy 70.94 71.79 71.86 71.91 71.56
Medium 66.82 65.95 65.53 65.83 65.62
Hard 64.22 63.49 63.11 63.82 63.74
Attribution- Easy 71.31 71.73 70.99 71.39 71.45
based Medium 67.51 67.9 66.79 67.12 67.26
Hard 63.29 63.82 63.4 63.92 64.03
Easy 72.97 72.41 72.65 72.83 72.48
Summary-based Medium 67.32 68.79 68.89 68.95 68.33
Hard 63.78 62.99 63.55 63.09 63.68

minority explanations may cause propagation of
structured errors. Therefore, we are proposing adaptive
aggregation policy with entropy regulation, [21] policy-
based to reveals attending physician in complex clinical
cases, thus empowering systemic adaptation. This policy
C-GRPO entropy controls the exploitation and
exploration balance. To add more, low entropy fosters
agreement-based exploitation while expert consensus is
credible. However, high entropy promotes exploratory

thinking when unpredictability exists. By incorporating
entropy regulation to RL pipeline, C-GRPO reduces error
buildup, imbalance between LLM experts, and improves
consistency in final outputs.

V. EXPERIMENTS

A. Datasets and Baselines
We measure BioMed-Agent-RL over 2 agent
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architectural setups: (a) Single Backbone, and (b)
Domain-specific list of VLLMs experts. Particularly, we
incorporate the performance evaluation of our proposed
agent with LLaVA-Med [22], DeepSeek-VL [23], and
GPT-5 [13]. We train and fine-tune our agent on 5
medical datasets upon 2 categories: (a) VQA domain-
RAD-VQA [24], SLAKE [25]; and (b) Report generation-
Path-VQA [26], MIMIC-CXR [27], and IU-Xray [28].
The evaluation query types are a mixture of multimodal
closed-ended (e.g., yes/ no), open-ended (e.g.,
abnormality type), grounding-based (e.g., counting),
attribution-based (e.g., shape, size, and density), Q&A,
and summary generation tasks. We rigorously follow the
standard for splitting the datasets into 40%: 30%: 30% for
train, validation, and test sets, respectively. To promote a
curriculum learning approach, we additionally grouped
train and validation sets into prior categories- VQA
domain (dialogue) and Report generation (explanation).
And, each sub-categories further sampled into 3
complexity levels, easy, medium, and hard, based on the
subject-expert’s feedback. And, for DPO and CPO
optimization, each data point contains preferred and non-
preferred data fields. Overall, our experiment cases are
combinations of 3 RL methods, 4 model backbones, 2
benchmark categories (5 datasets), 5 query categories,
and 3 query complexity levels. In total, 3 x4 x 5x5x3
=900 experimental cases are examined retrospectively on
the test data to illustrate the agent’s robustness against
specialist ground truth and confirm no potential data leak.

B. Implementations

We employ MMedAgent [10] as a backbone and
develop the prompt blueprint to clearly designate
mandatory inference structure based on VQA and report
generation query category. It involves using <thinking>
and <gpt answer> tag to individually enclose reasoning
and lesion grounding process, and inference answer.
More details about the workflow is depicted in Figure 1
(a). A curriculum based GRPO algorithm (C-GRPO) is
implemented to make the agentic system more robust,
accurate grounding, and less hallucinated results (refer to
Algorithm 1). The agent’s

hyperparameters are- batch size- 256, rollouts- 8§,
temperature- 9.0, learning rate- 1x10°, KL curriculum
coefficients are- 3x1073, 5x107°, 7x107, # of specialists- 3,
and dynamic entropy coefficients- 0.03, 0.003, 0.0003
respectively for query complexity (hard (s = 0), medium
(0<s<1), and easy (s=1) multimodal cues). The baseline
training and tuning are done on Nvidia 8xA5000, 192 GB
VRAM. The whole process took 10~12 days straight to
get the final agent checkpoints and inference results.
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C. Ablation Studies

In this part, we assess the overall performance of
BioMed-Agent-RL, striving to solve subsequent
challenges: (a) Does C-GRPO enhance comprehensive
multimodal reasoning and grounding?, (b) Are the
performance improvements robust across all datasets?, (c)
Is the performance enhancement model architecture
independent?, (d) does C-GRPO helped in all query
categories and complexity levels?.

From Figure 2(a), the metrics of average F1 (%) across
3 RL algorithm at 4 diverse backbone, and combined over
5 clinical benchmarks. Throughout all architectures, C-
GRPO uniformly attains better efficiency contrasted to
CPO and DPO algorithms. The mean F1 (%) ranges from
49.95% for LLaVA-Med to 73.08% for C-GRPO based
MMedAgent checkpoints (refer to yellow bar). The
uncertainty bars (error bar window) indicate 95%
intervals of confidence is figured across 5 benchmarks,
showing steady performance increases. These
performance outcomes denotes that C-GRPO offers
framework-neutral improvements in mixed modality
grounding and reasoning. On the other hand, Figure 2(b)
exhibits dataset-specific efficiency gains of C-GRPO
proportional to CPO, and DPO RL approaches. Involving
all 5 biomedical benchmarks, C-GRPO generates steady
affirmative improvements with average gains varying
from 1% to 10.5% of AF1 (%). During each iteration of
RAD-VQA benchmarks, C-GRPO running performance
improved from 2.9% to ~4% (blue error bars) while fine-
tuning for the IU-Xray dataset. Similarly, while 3%, 41
and 5" benchmark, the agent is consistently learning and
improving grain F1(%) of ~5%, 4.8% and ~6.5%
respectively. It can be noticed that the gain from DPO to
C-GRPO (C-GRPO-DPO, refer to red curve) shows much
higher than the CPO to C-GRPO (C-GRPO - CPO)
curves, which denotes the actual precedence of
performance in descending order, C-GRPO > CPO >
DPO. More details about performance are shown in Table
1, while the best performance (F1 (%)) for each
benchmark and backbone is marked with green text. It can
be claimed that with the consistent fine-tuning of each
benchmark, the model’s reasoning, grounding, and
generalization improved with steady upward non-linear
trends.

Figure 3 examines our C-GRPO based BioMed-
Agent-RL output across 5 query categories and 3 query
complexities. As displayed in Figure 3(a), efficiency
persists comparatively firm across query categories-
close-ended, open-ended, grounding-based, attribution-
based, and summarizer. We consider 6000 data points in
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total for this study and 1200 multimodal data instances for
each category. To begin with, open-ended queries are
normally much more complex and dynamic in clinical
applications; therefore show a little downward slope
(dipped) to 59% (F1) accuracy. Otherwise, all other
categories remained relatively flat (between ~68% and
73.3%). This suggests that the suggested enhancement
strategy scales reliably across diverse semantic
multimodal cues rather than over-learned specific
category. In the contrary, Figure 3(b), shows query
complexity analysis over our C-GRPO based BioMed-
Agent-RL. Here, we are considering 2000 clinical
instances per complexities. It can be noted that a
methodical decline in efficiency as clinical grounding and
reasoning difficulty rises from easy to hard level cues.
The accuracy of easy cues (73.08%) moves downward to
hard cues (~58%), mirroring the drop across all
benchmarks. Finally, the comparative efficiency study of
query complexities and categories for our agent helps to
establish a robust, reliable, explainable, and trustworthy
clinical intelligence systems. More details about the
performances on query level is depicted in Table 2.
Figure 4 displays the qualitative result comparison
among various checkpoints with C-GRPO approach. The
goal is to analyze the quality of inference from 2 group of
tasks, such as (a) VQA task, (b) report generation. VQA
task refers to regular days to day clinical tasks though user
interaction and regular dialogues by utilizing execution
parameters <params> as “VQA” to the backbone. On the
other hand, report generation refers to generated inference
through a specific format (“Findings:” and “Impressions
:”). It also passes parameter (<params> as “report”) to the
backbone. When asking a cues like, “any evidence of
pneumonia?” The agent generates VQA task, DPO and
CPO shows surface level output for clinical x-ray cue with
acute diseases (e.g, “pneumonia“) such as, “possible
infection”, “early infection,”, and “Bilateral opacities”.
Whereas, our BioMed-Agent-RL replies with sematic
clinical keywords like, “patchy opacity”, “right lower
lobe”, “pleural effusion”, and “acute pneumonia”,
grounding and reasoning with rectangular bounding
boxes with format [x1, yl, x2, y2]. Based on captioning
LLM, the model’s prompt builder refers to the backbone
with tag <API> which containing model name, for
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