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Abstract

Recent research on medical MLLMs has shifted its focus
from image-level understanding to fine-grained, pixel-level
comprehension. Although segmentation serves as the foun-
dation for pixel-level understanding, existing approaches
face two major challenges. First, they introduce implicit
segmentation tokens and require joint fine-tuning of the
MLLM and external pixel decoders, increasing the risk of
catastrophic forgetting and limiting out-of-domain general-
ization. Second, most methods rely on single-pass reason-
ing and lack the ability to iteratively refine segmentation
results. To overcome these limitations, we propose IBIS-
Agent—a novel agentic MLLM that reformulates segmen-
tation as a vision-centric, multi-step decision-making pro-
cess. IBISAgent enables MLLMs to generate interleaved
reasoning and text-based click actions, invoke segmentation
tools, and produce high-quality masks without architectural
modifications. We also design a two-stage training frame-
work consisting of cold-start SFT and agentic RL with tai-
lored, fine-grained rewards. Through iterative multi-turn
visual reasoning, IBISAgent naturally facilitates mask re-
finement and enhances robustness in complex medical re-
ferring and reasoning segmentation tasks. Extensive experi-
ments demonstrate that IBISAgent consistently outperforms
both closed-source and open-source SOTA methods.

1. Introduction

Multimodal large language models (MLLMs) has yielded
notable advancements in developing powerful medical AI
assistants [4, 21, 33, 43]. These models now achieve high
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codes and trained models are available at https://github.com/
Yankai96/IBISAgent.

Biomedical Image Reasoning Segmentation
User：Are there any 

abnormalities in this CT image? 
If yes, please segment them. 

IBISAgent: Yes. Enhanced CT 
scan shows a round-shaped low-
contrast lesion in the 
pancreatic head, with uniform 
internal structure and clear 
boundaries.

IOU: 97.14

Biomedical Object Referring 
Find the skin lesion in the 

dermoscopic image
Please identify and locate  the 

lower-grade glioma in this image

IOU: 98.15 IOU: 97.37

Mask Refinement
User：I am annotating the 
glandular structures in a colon 
pathology image. Can you continue 
the mask annotation based on my 
current mask? 

IBISAgent: Sure. The target is 
the glandular structures in the 
colon pathology image. I have 
completed the final mask 
annotation.

IOU: 95.80IOU: 83.78

Figure 1. IBISAgent flexibly supports a wide range of fine-grained
biomedical image understanding tasks, including referring and
reasoning segmentation. It also handles a novel mask-refinement
task that assists annotators in completing partially labeled masks.

scores on exam-style medical question-answering bench-
marks [8, 16, 19, 29]. However, daily clinical diagno-
sis is far more complex than a single structured question-
and-answer interaction, since holistic medical image analy-
sis comprises multiple subtasks, such as segmentation and
detection of biomedical objects [46]. Prevailing medical
MLLMs focus on visual question answering (VQA) and are
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largely confined to image-level understanding tasks, thus
failing to achieve fine-grained pixel-level comprehension.

Recently, increasing efforts have been devoted to equip-
ping MLLMs with pixel-level reasoning segmentation capa-
bilities [3, 18, 23, 32, 45]. These models typically introduce
additional task-specific segmentation tokens (e.g., <SEG>),
which are decoded through external pixel decoders to gener-
ate segmentation masks. Building on this foundation, many
studies [1, 13, 38, 41] have adopted similar strategies to
adapt MLLMs for medical image segmentation. Despite
their effectiveness, the segmentation capabilities of exist-
ing medical MLLMs are still limited. Their dependence on
joint fine-tuning of the MLLM and external pixel decoders
heightens the risk of catastrophic forgetting, resulting in
strong in-domain performance but weak cross-domain gen-
eralization. Moreover, the introduction of implicit seg-
mentation tokens disrupts the MLLM’s natural text output
space, thereby weakening its reasoning ability and failing to
reflect the model’s intrinsic pixel-level understanding [35].

These limitations motivate a re-examination of how to
better elicit pixel-level visual reasoning in MLLMs for
biomedical image segmentation (BIS). Unlike natural im-
ages, biomedical images often exhibit subtle and complex
visual semantics, such as faint lesion cues and nuanced
pathological patterns. A single forward pass for segmen-
tation is often inadequate. In contrast, human experts
typically perform segmentation in a multi-step, interactive
manner. For instance, annotators iteratively refine masks
through positive and negative clicks using interactive seg-
mentation tools [17, 26, 30]. It is natural to ask whether
current MLLMs can observe an image multiple times, re-
evaluate their intermediate decisions, and adapt to feedback
to perform self-evolving segmentation—thereby emulating
the strategies and interactive behaviors of human annotators
through the use of segmentation tools.

Therefore, we propose IBISAgent, a novel agentic
MLLM that reformulates segmentation as a multi-step
Markov Decision Process. IBISAgent decouples pixel-level
visual grounding and mask prediction. It iteratively gener-
ates interleaved reasoning and text-based click commands,
invokes segmentation tools, and refines the current segmen-
tation based on evolving visual features. Compared with
previous medical MLLMs that rely on implicit tokens and
additional pixel decoders, IBISAgent preserves the LLM’s
inherent internal language representations and extends seg-
mentation beyond mere pixel prediction to encompass fine-
grained visual reasoning and action planning. This design
facilitates vision-centric, multi-step decision-making and
enables genuine reasoning to support advanced tasks such
as automatic mask refinement (Fig. 1). Moreover, by treat-
ing segmentation models as plug-and-play tools control-
lable through language, IBISAgent enhances flexibility and
extensibility by eliminating rigidly defined input–output

templates (e.g., “It’s <SEG>.”), thereby facilitating the im-
plementation of a unified framework across diverse tasks.

To develop IBISAgent, we first employ an automated it-
erative click-simulation algorithm to transform existing BIS
datasets into annotation trajectories. Then, we construct a
high-quality dataset comprising 400K+ samples, each an-
notated with step-wise reasoning traces, click action trajec-
tories, and corresponding masks. We further propose a two-
stage training protocol. First, we perform cold-start super-
vised fine-tuning (SFT) to enable IBISAgent to learn visual
reasoning and plan click actions according to user instruc-
tions. Then we employ reinforcement learning (RL) with
novel fine-grained rewards—particularly, a region-based
click placement reward and a progressive segmentation im-
provement reward—to further enhance decision-making, al-
lowing the model to autonomously discover efficient and
advanced action policies rather than merely imitating the
click trajectories learned during the SFT stage.

We conduct a comprehensive evaluation on multiple
benchmarks, spanning both in-domain and zero-shot sce-
narios, to rigorously assess the performance of IBISAgent.
Results show that our model exhibits strong pixel-level vi-
sual reasoning abilities and significantly exceeds the SOTA
MLLMs. Our contributions can be summarized as follows:
• We present IBISAgent, a novel agentic framework that

equips MLLMs with fine-grained pixel-level visual rea-
soning, enabling high-quality segmentation without ar-
chitectural modifications or implicit tokens.

• We construct a comprehensive dataset and introduce ef-
fective training strategies—cold-start SFT and RL with
tailored fine-grained rewards—to foster strong decision-
making and advanced action planning.

• We conduct extensive held-in and held-out experiments to
evaluate IBISAgent, and the results verify its superiority
on biomedical object referring and segmentation tasks.

2. Related Work
Pixel-Level Understanding in Medical MLLMs. Recent
advancements [12, 40, 41] in medical MLLMs have in-
creasingly focused on enhancing the models’ fine-grained,
pixel-level understanding to enable accurate detection and
segmentation of biomedical structures. Inspired by the pi-
oneering general-domain model LISA [18], which intro-
duced a “reasoning segmentation” task to enable models
to parse complex, implicit text queries and generate corre-
sponding masks, numerous recent studies [12, 14, 39, 40]
have adapted and extended this paradigm to the medical
domain to address its unique challenges. These LISA-
style MLLMs follow an innovative “embedding-as-mask”
paradigm, in which the hidden-state embeddings of a spe-
cial <SEG> token are projected by the LLM and subse-
quently decoded into segmentation masks via a vision de-
coder. While promising, these methods require MLLMs to
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learn task-specific implicit tokens and undergo additional
joint fine-tuning with a segmentation decoder. This pro-
cess disrupts the MLLM’s original text output space and in-
creases the risk of catastrophic forgetting, thereby compro-
mising semantic generalization by deviating from language-
based outputs. Moreover, existing methods are limited to
single-turn reasoning and grounding, lacking an inherent
mechanism for autonomous, self-evolving, multi-step re-
finement of mask predictions. These challenges represent
the key issues our work aims to address.
MLLMs with Segmentation Tools. Recent studies [11,
20, 24, 25] have explored activating the intrinsic pixel-level
understanding capabilities of MLLMs via RL, enabling the
models to generate bounding boxes or point prompts that
precisely localize target regions. These spatial coordinates
are subsequently passed to SAM as prompts to generate the
corresponding segmentation masks. However, these meth-
ods are constrained to single-turn reasoning and ground-
ing. In complex real-world scenarios, MLLMs often strug-
gle to precisely localize target regions in a single step.
In contrast, we reformulate segmentation as a multi-step
Markov Decision Process, enabling the MLLM to perform
iterative mask refinement and exhibit self-reflective behav-
ior—capabilities absent in prior work. This formulation ef-
fectively mitigates error accumulation and substantially im-
proves performance. Furthermore, during the RL process,
we design step-wise rewards that provide segmentation-
quality–guided feedback at each iteration, further enhanc-
ing the agent’s stability and generalization ability.

3. Method
IBISAgent is a unified multimodal agent capable of pixel-
space reasoning for biomedical image segmentation and
mask refinement by adaptively generating spatial prompts
and invoking segmentation tools. The ability is inherited
from the model’s native capability of visual grounding and
action planning, and further incentivized and enhanced via
end-to-end SFT (Sec. 3.2) and RL training (Sec. 3.3).

3.1. Architecture Overview.
As illustrated in Fig. 2, given a user question Q and an in-
put image I , the agent generates a multi-step, interleaved
reasoning path P to derive the final answer. Unlike the
predominant textual reasoning paradigm, this pixel-space
reasoning path P can be represented as an T -step chain:
P = {(rt, at, ot)}Tt=1, where each step comprises textual
thinking rt, an action at which refers to spatial click opera-
tions, and the resulting segmentation observation ot gener-
ated based on at. This iterative thought-action-observation
loop continues until the model reaches a conclusive answer
or when predefined limits on context length or interaction
turns are reached. The core components are detailed below:
• Textual Thinking: The internal reasoning process used by

the policy model to select the next action, conditioned on
the interaction history and the current observation.

• Action: The action space comprises two options: (1) click
operations and (2) emitting a final answer. For click oper-
ations, each action is parameterized by three components:
Target, which specifies the class name of the cur-
rent segmentation objective; Attribute ∈ {+1,−1},
which indicates whether the click is positive or nega-
tive; and Coordinate 2d ∈ [0, 1]2: represents the rel-
ative position of the point within the image, scaled to
the [0, 1] range for both x and y axes. Note that our
method supports performing click operations on multi-
ple targets at once. That is, in the action, it can contain
multiple triples consisting of Target, Attribute, and
Coordinate 2d. For clarity, in the following exposi-
tion, we focus on the single-target setting as a representa-
tive example to describe the method.

• Observation: The observation produced by executing at
in the environment. Concretely, it corresponds to the seg-
mentation mask generated by a segmentation tool (e.g.,
MedSAM2 [27]) given the inputs of the click prompts
in at, the previous step’s output mask Mt−1 as a spatial
prior, and the original image. The initial observation o0 is
an empty mask, whereas the final observation represents
the optimal target mask. This observation is appended to
the interaction history and fed back to the model.

Rollout Formulation. Our objective is to train a policy
πθ that emulates the annotation behavior of human experts
using an interactive segmentation tool. The policy itera-
tively generates textual reasoning with a series of positive
and negative click points conditioned on the current image
I and the evolving mask M , progressively refining the seg-
mentation to achieve a high-quality result. At each step t,
the policy is defined as:

rt+1, at+1 ∼ πθ(· | I,Q, P<t) . (1)

We instruct the model to mark its textual thinking, ac-
tion, and final answers in the output using the special to-
kens <think>, <action>, and <answer>. When the
model output includes <action>, we automatically parse
the action into a format compatible with the interactive seg-
mentation model. Subsequently, all previous actions a0:t,
the current mask Mt, and the original image I are fed into
the interactive segmentation model Fseg , which generates
the updated mask Mt+1. Furthermore, we overlay Mt+1 as
a semi-transparent mask on the original image I to create
a new composite image ot+1. This image ot+1 are then in-
serted into the <obs> field and appended to the ongoing
trajectory, serving as the input for the MLLM in next step,
allowing the model to simultaneously perceive information
about Mt+1 and I in a single frame. This iterative reasoning
process continues until the model determines that the seg-
mentation has reached satisfactory quality. It then outputs
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(C) Reinforcement Learning

Policy 
Optimization

Aligner

Figure 2. Overview of IBISAgent. (a) Overall architecture of the agent; (b) illustration of the cold-start SFT training process; and (c)
illustration of the RL training process.

a designated end token in <action> and generates the fi-
nal <answer>. The system and user prompts are provided
in Appendix E. Based on this formulation, IBISAgent sup-
ports flexible usage scenarios, including both from-scratch
segmentation and refinement of pre-existing masks.

3.2. Cold-Start Supervised Fine-Tuning
We aim to cultivate a novel pixel-space reasoning paradigm
within IBISAgent. Pure prompting, however, is insuffi-
cient to endow multimodal agents with the precision and
robustness required to reliably perform iterative visual oper-
ations in real-world medical scenarios. To establish a strong
foundation for subsequent reinforcement learning, we first
initialize IBISAgent’s fine-grained pixel understanding and
mask-refinement capability through supervised fine-tuning
(SFT) on a cold-start dataset Dcold, which provides ground-
truth reasoning and click-annotation trajectories.
Collect Seed Datasets. Existing biomedical segmentation
datasets contain only final masks without the step-by-step
annotation process. Collecting such data by re-hiring hu-
man annotators would incur substantial cost. This moti-
vates us to explore whether trajectory supervision can be
automatically derived from existing mask annotations us-
ing a rule-based procedure. To this end, we utilize the
large-scale BiomedParseData [46], containing 3.4 million
image–mask–label tuples that cover 82 biomedical object
types across 9 imaging modalities. The dataset provides di-
verse, high-quality masks that supply rich pixel-level details
for fine-grained analysis and serve as reliable supervision
for synthesizing click-based annotation trajectories.
Trajectory Generation. Inspired by prior research on in-
teractive segmentation, we adopt the click-simulation strat-
egy Fcs proposed in [42]. Given the current mask Mt

and the GT mask Mgt, Fcs outputs the next click action
at+1 = Fcs(Mt,Mgt). Specifically, this function computes

the false positive and false negative regions between the cur-
rent mask Mt and the GT mask Mgt, placing the next click
action at the center of the error region based on the size
and position of these regions. Based on Fsim, we can simu-
late high-quality trajectories [M0, a0,M1, a1, . . . ,MT , aT ].
The full trajectory generation algorithm and an illustrative
example are presented in the Appendix B.1.

Question, Answer, and Reasoning Generation. We first
filter the data based on trajectory quality by removing (1)
overly long trajectories and (2) those whose final mask Dice
score falls below a predefined threshold. For the remaining
samples, we prompt Gemini-2.5-Pro [6] to generate ques-
tion–answer pairs conditioned on each image, its GT mask,
and the corresponding mask description. This process pro-
duces fine-grained queries that explicitly focus on ground-
ing and segmenting the specified mask regions. The ques-
tion set Q includes diverse query types, ranging from those
that explicitly specify the segmentation target to those that
require the model to first reason over the image and adap-
tively identify the target region on its own. The prompts for
QA generation and examples are provided in Appendix B.2.
We further use GPT-5 [28] to synthesize reasoning for each
click action, conditioning on the QA, the correct next ac-
tion, and pixel-level TP/FP/FN information of the current
mask. All generated reasoning traces are post-filtered for
format and correctness by human annotations. More details
are provided in Appendix B.3.

Reflective Behavior Synthesis. In complex scenarios, if
the model cannot backtrack or undo previous actions, an in-
accurate decision at any step may propagate and negatively
impact subsequent predictions, ultimately degrading the fi-
nal segmentation quality. To enhance robustness, we syn-
thesize additional samples with self-reflection trajectories,
covering two types of error correction: (1) Self-correction,
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where the agent detects a wrong action, reverts to the previ-
ous state, and re-reasons over the interaction history to pro-
duce the correct action; and (2) User inconsistency correc-
tion, where, in mask-refinement scenarios, if the segmenta-
tion target described in the instruction does not align with
the initial mask, the agent first discards the erroneous mask
and re-segments according to the user instruction.
Cold-Start Training Objective. Through systematic cu-
ration, we obtain a dataset Dcold containing 456K sam-
ples, including both gold-standard and error-induced self-
correction trajectories for cold-start SFT. The training ob-
jective is to minimize the average negative log-likelihood
over all reasoning and action tokens. We employ the stan-
dard SFT loss for training. Specifically, we apply loss
masks to tokens corresponding to segmentation outputs
from executed actions as well as to designated erroneous
actions within the self-correction trajectories. Masking the
erroneous actions prevents the policy from learning to ex-
ecute the incorrect actions. Our SFT strategy endows the
model with strong pixel-level reasoning and self-reflection
abilities, providing a solid foundation for subsequent RL.

3.3. Agentic Reinforcement Learning
We further optimize IBISAgent through RL with carefully
designed rewards, enabling it to adaptively discover new
action strategies and achieve higher-level decision-making,
thereby moving beyond the constraints of mimicking the ac-
tion trajectories learned during SFT.
Dataset Curation. Unlike Dcold, the RL training data in-
cludes only images, GT masks, and QA pairs, without click
trajectories or reasoning trace annotations. This design en-
courages the model to autonomously explore and strengthen
its pixel-level reasoning ability during RL.

Specifically, we randomly sample image–mask pairs
from the BiomedParseData [46]. Following the same
QA generation procedure as in the SFT stage, we obtain
564K VQA instances. In addition, we incorporate widely
used biomedical VQA datasets that do not require fine-
grained pixel-level reasoning or segmentation. This hybrid
data composition enables IBISAgent to selectively activate
pixel-space reasoning only when necessary. In total, 888K
VQA samples are used for RL training, forming the dataset
Drl. More details of Drl are in the Appendix A.2.
Reward Design. Unlike prior works [11, 24, 25, 44] that
rely on overly simplified, outcome-only reward designs, we
introduce a novel, fine-grained, rule-based reward frame-
work that delivers dense feedback throughout the reasoning
process. This enables the model to develop more efficient
and effective decision-making strategies. Formally, the re-
ward framework consists of the following components:
• Format reward Sformat, which evaluates the structural
validity of the model’s output R. It checks whether all
required special tokens appear in the correct order and

whether the <action> fields can be successfully parsed
according to the predefined schema.
• Final-answer reward Sans, which encompasses multiple
task types. For close-ended QA questions, we simply check
the exact match between the predicted and answers. For
segmentation task, we compute the IoU between the pre-
dicted masks and GT masks and assign piecewise rewards
based on predefined IoU thresholds.
• Region-based click placement reward Sclick is defined
as a bonus granted only when the model produces a reason-
able click action. Specifically, given the model-predicted
click at, we use the segmentation tool to generate the corre-
sponding mask Mt and compute the false-positive (FP) and
false-negative (FN) regions between Mt and the GT mask
Mgt. A positive click is expected to fall within an FN re-
gion, while a negative click should lie within an FP region.
Rewards and penalties are assigned accordingly, encourag-
ing the model to place clicks in semantically meaningful
locations rather than arbitrarily.
• Progressive segmentation improvement reward Spseg.
This reward enforces that each action at leads to a seg-
mentation improvement over the previous step. In other
words, the mask produced after executing at must achieve a
higher quality than the mask at step t− 1. This mechanism
encourages the agent to consistently refine the segmenta-
tion rather than performing redundant actions or oscillating
among repetitive operations. Concretely, we compute the
IoU of the generated mask at each step t; if the score sur-
passes that of the mask from the previous action at−1, the
agent receives a reward; otherwise, no reward is given.
• Trajectory length reward Slen. If the action sequence to
complete segmentation is shorter than a predefined thresh-
old, a reward is given; otherwise, penalties increasing with
trajectory length are applied to encourage efficiency.

The final reward S is derived as: S = 1
5 (Sans +

Sformat + Sclick + Spseg + Slen). Formal equations for each
reward component are provided in Appendix C. Our fine-
grained reward scheme better reflects the complexity of it-
erative segmentation, guiding the model to produce actions
that are both spatially valid and semantically accurate.
Optimization. Based on the rollout formulation and
rewards defined above, we optimize the policy using
GRPO [7] without the KL penalty term [9] on dataset Drl:

LRL = E (I,Q,A)∼Drl

{Pi}G
i=1∼πθold

(·|I,Q)

(
− 1

G

G∑
i=1

1

Ni

Ti∑
t=1

min
(
πθi,tAi,

clip(πθi,t , 1− ϵ, 1 + ϵ)Ai

))
,

(2)

πθi,t =
πθ (ri,t, ai,t | I,Q, Pi,<t)

πθold (ri,t, ai,t | I,Q, Pi,<t)
. (3)

Here, G is the number of rollout reasoning paths; Pi =
{(ri,t, ai,t, oi,t)}Ti

t=1 denotes the i-th reasoning path; Ni is
the total length of Pi excluding observation tokens; Si is
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Benchmarks
Methods General-Purpose MLLMs with Segmentation Capability Medical MLLMs with Segmentation Capability Ours

LISA [18] LISA++ [45] SAM4MLLM [5] VisionReasoner [25] MedPLIB [13] Citrus-V [40] UniBiomed [41] MMedAgent [20] IBISAgent

In-domain testset Dtest

IOU ↑ 9.44 (20.46) 9.49 (20.76) 15.85 (27.84) 16.11 (29.11) 22.29 30.61 50.74 36.13 85.58
DSC ↑ 14.11 (25.73) 14.30 (25.94) 21.16 (33.04) 22.05 (35.50) 27.35 37.63 58.31 42.85 92.21
F1-score ↑ 20.18 (32.15) 20.75 (32.34) 32.53 (42.75) 34.78 (46.72) 38.94 53.75 69.22 56.64 96.39

Out-of-domain testset MeCOVQA-G+

IOU ↑ 10.07 (15.24) 9.87 (15.01) 16.99 (21.19) 18.27 (24.46) 33.36 46.54 24.88 26.54 80.63
DSC ↑ 15.44 (21.30) 14.70 (21.26) 21.85 (26.35) 25.08 (30.24) 41.19 52.65 31.74 33.81 89.27
F1-score ↑ 21.69 (28.04) 21.25 (27.96) 32.94 (38.57) 37.83 (42.08) 53.47 69.84 43.63 44.17 95.24

Held-out in-house testset

IOU ↑ 5.23 (9.12) 5.46 (9.45) 8.28 (14.00) 10.10 (17.66) 20.12 32.08 35.62 27.39 72.09
DSC ↑ 9.58 (14.33) 9.69 (14.80) 13.59 (18.04) 15.88 (24.57) 27.80 38.63 41.55 34.26 83.78
F1-score ↑ 13.03 (17.15) 13.17 (17.72) 19.07 (25.26) 22.49 (30.07) 39.42 50.76 54.97 45.88 91.76

Table 1. Comparison of segmentation performance on both in-domain and out-of-domain benchmarks. LISA [18], LISA++ [45], Vision-
Reasoner [25], and SAM4MLLM [5] are re-implemented using their official codebases. We evaluate two settings: (1) directly loading their
publicly released model weights (shown in blue); and (2) further fine-tuning these models on our SFT and RL training datasets, which in-
clude the same images, masks, and QA pairs used for IBISAgent (shown in “()”), ensuring fair comparison. MedPLIB [13], Citrus-V [40],
MMedAgent [20], and UniBiomed [41] are also re-implemented following their official repositories. For these models, we directly load
the released weights without additional fine-tuning, as they were pretrained on large-scale public datasets that partially overlap with ours.

the reward of Pi; and πθ and πθold represent the current
and old policy distributions, respectively. The normalized
score Ai = [Si −mean({Sj}Gj=1)]/std({Sj}Gj=1), reflects
the relative quality of each reasoning path within the roll-
out group, enabling the model to distinguish between learn-
able and poor reasoning trajectories. Through RL training,
the agent learns to adaptively reason over pixel features and
plan click actions when necessary, achieving superior au-
tonomous interactive segmentation.

4. Experiment

4.1. Experimental Setup
Evaluation Benchmarks. For segmentation performance
evaluation, we conduct experiments on three datasets: (1)
In-domain test set Dtest. We randomly sample 9K im-
age–mask pairs from the official BiomedParseData [46]
test split. (2) Out-of-domain benchmark. We adopt the
MeCOVQA-G+ [12, 40] test set, which includes 3K sam-
ples across 5 imaging modalities. This benchmark pairs
biomedical images with text queries that explicitly request
segmentation of specific anatomical structures or lesions.
(3) Held-out in-house dataset. Since many foundation mod-
els and MLLMs are trained on large-scale public datasets,
training–testing overlap may vary across prior works. To
ensure fair evaluation and avoid unintentional data leakage,
we additionally evaluate on a private held-out dataset col-
lected from three medical centers, comprising 1K CT, MRI,
and pathology images across seven cancer types. For VQA
performance evaluation, we use four widely adopted medi-
cal VQA benchmarks: PathVQA [8], SLAKE [22], VQA-
RAD [19], and OmniMedVQA [10]. More benchmark de-
tails are provided in Appendix A.3.
Metrics. For the segmentation task, we report mIOU and

Dice score for mask segmentation, and F1 Score for mask-
to-entity correspondence accuracy. For the VQA task, we
evaluate the accuracy of the model’s responses.
Implementation Details. We implement IBISAgent based
on Qwen2.5-VL-7B [2]. MedSAM2 [27] is used as the
interactive segmentation tool. The training is conducted
on a cluster of 16 NVIDIA A100 GPUs. For the cold-
start SFT stage, we optimize the model with a learning rate
of 1 × 10−5 for 10 epochs. The total batch size is 256.
The subsequent RL optimization is implemented using the
VERL [34] framework, where we set the training batch size
to 256 and generate 4 candidate reasoning paths per ques-
tion, up to a maximum of 20 times of actions. We use a con-
stant learning rate of 1×10−6 and set the maximum context
length to 32K tokens. RL training runs for 12 epochs.

4.2. Comparison with Previous SOTA Methods
Segmentation Performance. We compare IBISAgent
against two groups of baselines in Tab. 1: (1) General-
purpose MLLMs with segmentation capability, including
LISA-7B [18], LISA++ 7B [45], SAM4MLLM-8B [5], and
VisionReasoner-7B [25] (using SAM2 [30]). (2) Medical
MLLMs that support segmentation, including MedPLIB-
7B [13], Citrus-V 8B [40], UniBiomed-1B [41], and
MMedAgent-7B [20] (using MedSAM [26]).

Compared with general-domain MLLMs, IBISAgent
achieves substantially higher performance across all bench-
marks. Since these models were trained solely on datasets
containing natural images, we further fine-tune them us-
ing our cold-start SFT and RL datasets—which include
the same images, masks, and QA pairs used for training
IBISAgent—to ensure fairness. Even after this additional
fine-tuning, IBISAgent still significantly outperforms these
models, demonstrating that its superiority does not simply
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CT Question:
Are there any abnormalities in this CT 
image? If yes, please segment them. 

GPT-4o

In the liver area, there is a low-density block with 
slightly different density, ....., A bounding box is added 
in the figure to indicate the location of the lesion.

MedPLIB

 <SEG> 

Iteration 1

Incorrect Grounding

Limited language responses and 
Low-quality segmentation results

<think>\nThis Contrast-enhanced CT shows a roughly 
round, hypodense lesion....., the most effective way to 
initiate segmentation is by placing a point directly 
within the center of this lesion, ....\n</think>
<action>\n{“Target”: “hepatic tumor”, “Attribute”: 
“1”, “Coordinate 2d”: “[0.4512, 0.4238]”}\n</action>

Iteration 2

Existing MLLMs

GT Mask: Answer: 
Yes, 
there is a 
hepatic tumor 

IOU: 2.35

<think>\nThe mask extends into adjacent normal 
hepatic tissue...., a corrective point should be placed 
within this overextended region to, ....\n</think>
<action>\n{“Target”: “hepatic tumor”, “Attribute”: “-
1”, “Coordinate 2d”: “[0.5488, 0.2969]”\n</action>

IOU: 48.37

Iteration 3
<think>\nThe current mask extends slightly beyond 
the true margins of the lesion..., a negative point 
should be placed....\n</think>
<action>\n{“Target”: “hepatic tumor”, “Attribute”: “-
1”, “Coordinate 2d”: “[0.4688, 0.457]”\n</action>

IOU: 96.74

Accurate spatial understanding and 
High-quality masks !

Iteration 4
<think>\nThe current mask precisely outlines the liver tumor, 
capturing its full extent within the hepatic parenchyma..... 
<action>\nTermination\n</action>
<answer>\nThis Contrast-enhanced CT shows a roughly round, 
hypodense hepatic tumor in the liver area with heterogeneous 
attenuation and an ill-defined margin... \n</answer>

UniBiomed

<p> Pericardial effusion. pericardial effusion-
thickening was not observed. </p > [SEG]<|end|>

Incorrect reasoning analysis with  
Low-quality segmentation results

Figure 3. Qualitative Analysis. We present the responses and seg-
mentation outputs on a reasoning–segmentation example. Existing
MLLMs exhibit incorrect reasoning and low-quality segmentation,
highlighting their misaligned fine-grained vision–language under-
standing. In contrast, IBISAgent delivers substantially improved
reasoning quality and segmentation performance.

Efficiency
Method

UniBiomed [41] MedPLIB [13] Citrus-V [40] MMedAgent [20] IBISAgent

Inference Time (s) 5.82 3.14 8.25 10.42 28.70

Table 2. Computational efficiency comparison. All experiments
are conducted on the same A100 GPU.

arise from the use of a specialized dataset. Instead, the im-
provements primarily stem from our novel and effective de-
sign, which emulates the annotation process of human ex-
perts, enabling multi-round reasoning and refinement. This
domain-specific modification, tailored for medical imaging,
ultimately yields markedly better segmentation results.

Compared with existing medical-specific MLLMs, IBIS-
Agent achieves substantially superior segmentation perfor-
mance. On average, it surpasses these models by at least
35.13% in IoU, 37.58% in DSC, and 29.79% in F1 score.
Notably, Citrus-V [40] and UniBiomed [41] were trained
on datasets far larger than ours; nevertheless, our method
consistently outperforms them, further confirming that the
improvements arise from the effectiveness of our proposed
technical components rather than from the use of a spe-
cialized dataset. In particular, MMedAgent [20] is also
a tool-augmented MLLM that employs MedSAM [26] for
segmentation. IBISAgent still markedly outperforms this
model, demonstrating that its advantages do not merely
arise from the integration of segmentation tools, but from
more accurate grounding and iterative reasoning-based seg-
mentation mask refinement.
Qualitative Analysis. As shown in Fig. 3, we present
qualitative results that further demonstrate the merits of
IBISAgent. For a case requiring reasoning to identify a
liver tumor, the powerful closed-source GPT-4o [15] out-
puts seemingly correct textual reasoning but produces an

Methods
MeCOVQA-G+ In-House Testset

IoU ↑ DSC ↑ F1 ↑ IoU ↑ DSC ↑ F1 ↑
GPT-4o [15] + MedSAM2 [27] 11.75 17.39 22.42 7.23 10.40 15.16
LLaVA-Med [21] + MedSAM2 [27] 24.54 31.38 35.70 20.03 26.94 37.75
HuatuoGPT-Vision [4] + MedSAM2 [27] 35.86 43.41 54.79 30.25 36.72 52.28
Lingshu [43] + MedSAM2 [27] 39.63 47.18 60.31 31.19 37.55 54.02
Chiron [37] + MedSAM2 [27] 39.58 47.16 60.25 30.75 36.90 53.37
IBISAgent 80.63 89.27 95.24 72.09 83.78 91.76

Table 3. Comparison of IBISAgent with tool-augmented MLLM
agents. Except for the closed-source models, all competing meth-
ods in this table are implemented using their official open-source
code and model weights, followed by further fine-tuning on our
Dcold and Drl datasets to ensure a fair comparison.

incorrect localization bounding box. This indicates that
the model fails to align textual reasoning with visual fea-
tures—it may be hallucinating plausible answers rather than
truly understanding the medical image, ultimately leading
to incorrect localization. MedPLIB [13] provides coarse lo-
calization that roughly captures the lesion region but suffers
from false-positive predictions. Moreover, its language out-
put is highly constrained—when performing segmentation,
the model rigidly outputs only the token “<SEG>”, losing
the rich language generation capability originally inherent
to large language models. UniBiomed [41] produces in-
correct textual reasoning and responses, describing objects
that do not exist in the image and generating low-quality
segmentation masks. This observation reinforces our mo-
tivation: current methods that rely on implicit “<SEG>”
tokens for segmentation disrupt the MLLM’s native text
output space, compromising both its language capability
and semantic generalization. Moreover, these approaches
exhibit fundamentally limited pixel-level visual reasoning,
preventing the model from truly understanding fine-grained
visual features. In contrast, IBISAgent not only generates
correct and coherent textual reasoning but also adaptively
produces high-quality masks through step-by-step, precise
pixel grounding. This capability arises from our design that
decouples reasoning from segmentation, thereby preserving
the MLLM’s inherent language reasoning ability while si-
multaneously enabling adaptive, multi-round refinement.

Efficiency Comparison. We randomly sampled 1, 000
cases (30%) from the out-of-domain testset MeCOVQA-
G+ [12, 40] to measure the average time required by differ-
ent models to process each sample. The results are reported
in Tab. 2. Because IBISAgent performs multi-round mask
refinement, its per-case inference time is longer than that of
existing MLLMs. Fundamentally, such multi-step interac-
tions between the agent and the environment are intended
to trade additional computation time for improved perfor-
mance—an inherent limitation of multi-round agent sys-
tems. Nevertheless, the inference overhead of IBISAgent
remains within an acceptable range, especially in light of
the substantial performance gains it delivers.
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Method
Training Strategies In-House Testset

SFT Self-Reflection RL IoU ↑ DSC ↑ F1 ↑

prompt-driven Mbase 11.77 16.83 23.47

Mcold ✓ 53.42 62.01 68.61
Mcold+reflect ✓ ✓ 57.16 67.73 74.52
Mrl ✓ 62.77 71.29 77.50
Mcold+rl ✓ ✓ 68.92 78.08 85.44
IBISAgent ✓ ✓ ✓ 72.09 83.78 91.76

Table 4. Ablation study on our training strategies. Checkmarks
(✓) indicate which strategies are applied.

4.3. Ablation Studies
IBISAgent vs. Prompting-based MLLM Agents. To val-
idate the effectiveness of formulating segmentation as an
interleaved fine-grained visual reasoning and action plan-
ning Markov decision process, we design several baseline
agent workflows that directly predict bounding boxes or
points using MLLMs, followed by segmentation with Med-
SAM2 [27]. We then compare IBISAgent with these agent
systems to evaluate the advantages of our iterative, multi-
round, reasoning-driven formulation. Specifically, we con-
struct different agent systems using GPT-4o [15], LLaVA-
Med [21], HuatuoGPT-Vision [4], Lingshu [43], and Chi-
ron [37]. The results are shown in Tab. 3. IBISAgent con-
sistently outperforms all competing agent systems, demon-
strating that our method effectively activates the model’s
intrinsic pixel-level reasoning ability, enabling advanced
segmentation performance that cannot be achieved through
simple workflow-style tool calling.
Effectiveness of Training Strategies. To evaluate the ef-
fectiveness of our training framework, we compare IBIS-
Agent with several Qwen2.5-VL-7B–based variants: (1)
Mbase, a prompt-driven baseline equipped with Med-
SAM2 [27]; (2) Mcold, trained solely with cold-start
SFT; (3) Mcold+reflect, trained with cold-start SFT aug-
mented by synthesized self-reflective trajectories; (4) Mrl,
trained exclusively with RL; and (5) Mcold+rl. The re-
sults in Table 4 demonstrate the effectiveness of our train-
ing strategies. The prompt-only approach is neither adapt-
able nor robust, whereas progressively incorporating our
proposed training stages yields substantial improvements
over the base model, highlighting the necessity of each
component. The RL stage provides the largest perfor-
mance gain, indicating that RL’s exploration–exploitation
dynamics and reward feedback are crucial for acquiring
context-aware decision-making policies and enabling gen-
uine vision-centric multi-step reasoning. Furthermore, by
integrating all training strategies, IBISAgent surpasses all
baselines, further supporting our motivation for developing
a versatile training framework that strengthens the model’s
pixel-level visual reasoning capabilities.
Significance of Different Reward Signals. We demon-
strate the effectiveness of the proposed Region-based Click

Reward Signals MeCOVQA-G+ In-House Testset
Sclick Spseg Slen IoU ↑ DSC ↑ F1 ↑ Tavg ↓ IoU ↑ DSC ↑ F1 ↑ Tavg ↓

73.77 82.62 88.53 11.29 68.96 79.17 87.06 13.44
✓ 76.60 85.77 91.23 10.61 70.45 81.23 89.30 12.74

✓ 77.64 86.85 92.31 8.59 70.62 81.40 89.56 10.07
✓ 74.19 82.88 89.05 5.94 69.03 79.65 87.48 7.22

✓ ✓ 80.61 89.19 95.24 8.12 72.05 83.74 91.71 9.68
✓ ✓ 77.73 86.88 92.34 5.03 70.75 81.63 89.78 6.49

✓ ✓ 79.37 88.25 93.97 4.26 71.16 82.28 90.55 5.43
✓ ✓ ✓ 80.63 89.27 95.24 3.67 72.09 83.78 91.76 4.89

Table 5. Ablation study on reward design. The gray row indicates
the baseline that excludes all segmentation-tailored rewards and
uses only the standard format and answer rewards.

Placement Reward Sclick, Progressive Segmentation Im-
provement Reward Spseg, and Trajectory Length Reward
Slen using the ablation results in Tab. 5. We begin by re-
moving all three reward signals to establish a baseline that
relies solely on the standard format reward and final an-
swer reward (shown in the gray row). We then progres-
sively incorporate different combinations of our proposed
reward signals to examine their impact on segmentation
performance. We also report the average predicted trajec-
tory length (steps) to comprehensively evaluate how these
rewards influence both segmentation quality and interac-
tion efficiency. Each reward contributes substantially to the
overall performance. The rewards Sclick and Spseg provide
the greatest improvements in mask quality, as they ensure
accurate click localization and encourage each interaction
step to make a positive contribution to the segmentation out-
come. Meanwhile, Spseg and Slen improve interaction effi-
ciency by discouraging redundant or uninformative clicks
and preventing unnecessarily long trajectories, enabling the
model to learn when to stop. By integrating all reward com-
ponents, IBISAgent achieves an optimal balance between
segmentation performance and interaction efficiency.

5. Conclusion

In this paper, we present IBISAgent, a novel MLLM-based
agent capable of pixel-level visual reasoning for unified
biomedical object referring and segmentation. IBISAgent
reformulates segmentation as a multi-step Markov Deci-
sion Process and enhances MLLMs’ pixel-level understand-
ing without introducing additional model components. We
develop IBISAgent through a two-stage training protocol
and design fine-grained rewards that incentivize continuous
self-improvement reasoning. Additionally, we introduce
a large-scale high-quality dataset with thinking and action
trajectories. Through comprehensive empirical evaluation,
we demonstrate the competitive performance of IBISAgent
across diverse segmentation tasks. Our study paves the way
for future exploration of vision-centric, multi-step decision-
making agents for holistic medical image analysis.
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