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2D Motivation: Why pixel-level reasoning matters?

. . Biomedical Object Referring
a. Medlcal MLLMS are STrong at lmage-leve' QA ' Find the skin lesion in the Please identify and locate the

but weak at pixel-level understanding. dermoscopic image | in this image

b. Real clinical analysis is not a single QA step.
It requires localization, segmentation, and
Iterative Ver'lflCG'rlon. Biomedical Image Reasoning Segmentation

User: Are there any

. . . . . abnormalities in this CT image? | 1BTSAgent: Yes. Enhanced CT
c. Biomedical images are especially challenging If yes, please segment them. | scan shows a ronc-

because targets can be tiny, subtle, ambiguous, oy cecnc heawdmmtlii uriform
and visually heterogeneous.

internal structure and clear

boundaries.
d. Human annotators work interactively: observe Mask Refinement
User: I am annotating the IBISAgent: Sure. The target is

The CUI"I"enT mClSk, p|ClC€ pOSITlve/negClTlve CI ICkS, glandular structures in a colon the glandular structures in the

. pathology image. Can you continue colon pathology image. I have
Gnd r'eflne STep by STep the mask annotation based onmy | completed the final mask
current mask? annotation.

Question: Can an MLLM behave like an annotator
and segment through reasoning-driven interaction?




> Limitations of existing methods

1. Rely on special implicit segmentation tokens (e.g. <seg>)
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2. Are single-turn and cannot autonomously revisit or refine
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DD Core idea of IBISAgent

IBISAgent models segmentation as a Markov Decision Process. At each step, the agent
performs a thought — action — observation loop:

1. Thought: reason about what is wrong with the current mask

2. Action: generate positive or negative click commands with normalized coordinates

3. Observation: invoke a segmentation tool and observe the updated mask

(a) IBISAgent (b) Cold-Strat SFT
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2. Detect Wrong User Queries
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D) Key Feature: Agentic RL with fine-grained rewards

« After cold-start SFT, we further optimize the agent with reinforcement learning.

« The RL set contains 888K VQA samples, encouraging the model to explore beyond supervised
imitation.

«  We design five rewards:

a.

© o o6 o

Format reward for valid structured outputs

Final-answer reward for QA correctness or final segmentation quality
Region-based click placement reward for clicking inside the right FP/FN regions
Progressive segmentation improvement reward for step-by-step IoU improvement
Trajectory length reward for efficient interaction

« Key intuition: reward not only the final mask, but also whether each intermediate action is
meaningful.



>> Results

Methods Ours
m LISA [18] LISA++ [45] SAM4MLLM [5] VisionReasoner [25] | MedPLIB [13] Citrus-V [40] UniBiomed [41] MMedAgent [20] [ IBISAgent
In-domain testset Dy
10U 1+ 044 (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 t 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
Fl-score 1 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+
10U 1 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 t 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
Fl-score T 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
10U + 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 + 058 (14.33) 9.69 (14.80)  13.59 (18.04) 15.88 (24.57) 27.80 38.63 41.55 34.26 83.78
Fl-score 1 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
MeCOVQA-G+ In-House Testset
Methods
IoUT DSC1T F171 |IoUT DSC1 FI1
GPT-4o [15] + MedSAM2 [27] 11.75 1739 2242| 7.23 1040 15.16
LLaVA-Med [21] + MedSAM2 [27] 2454 31.38 35.70(20.03 2694 37.75
HuatuoGPT-Vision [4] + MedSAM?2 [27]|35.86 43.41 54.7930.25 36.72 52.28
Lingshu [43] + MedSAM?2 [27] 39.63 47.18 60.31]31.19 37.55 54.02
Chiron [37] + MedSAM2 [27] 3958 47.16 60.25]30.75 36.90 53.37
IBISAgent 80.63 89.27 95.24|72.09 83.78 91.76
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Thanks for watching |
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