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Abstract. Language-driven medical image segmentation is critical for
clinical workflows, yet existing models struggle with linguistic variability
and complex diagnostic queries. These architectures often process se-
mantic and spatial information in isolation, making it difficult to merge
abstract clinical reasoning with precise anatomical boundaries. To ad-
dress these limitations, we introduce MedFuse-Seg, an architecture
that combines complex reasoning via Q&A generation with multi-level
visual feature injection for prompt-based medical image segmentation.
First, we construct Med-ReasonSeg, a large-scale reasoning segmenta-
tion dataset consisting of 539,383 image-mask-Q&A triplets and encom-
passing 9 modalities from 16 datasets. We generate referring and seman-
tic Q&A pairs that are post-processed with a hierarchical LLM-based
pipeline to ensure logical fidelity and reduce hallucinations. Second, we
propose a Multi-Level Context Fusion mechanism that injects hier-
archical features from MedSigLIP (L6-L24) directly into the MedSAM
encoder, while leveraging MedGemma reasoning to guide mask decod-
ing. MedFuse-Seg outperforms zero-shot BiomedParse and the fine-tuned
LISA-7B by 13.49% and 4.89% in Dice Similarity Coefficient (DSC), and
reduces 95th percentile Hausdorff Distance (HD95) by 54.04 and 15.29
pixels, respectively. These results demonstrate that combining reasoning-
augmented training data with multi-level feature injection can address
semantic and spatial gaps in medical segmentation. Our code and dataset
are publicly available at https://github.com/biodatlab/medfuse-seg.

Keywords: Medical Image Segmentation · Multimodal Large Language
Model · Reasoning Segmentation · Large-scale Dataset Construction.
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1 Introduction

Medical image segmentation is essential for clinical workflows, from diagnosis to
treatment planning [12]. While traditional models like U-Net [23,10] established
a strong baseline, they are limited to a fixed set of categories. To address this,
foundation models like MedSAM [17,3,11] introduced zero-shot segmentation us-
ing spatial prompts (such as points or boxes). However, this approach remains
inefficient, as it requires clinicians to provide precise location markers manually
and often fails to capture irregular lesions due to fixed geometric shapes [5]. Con-
sequently, the field is shifting toward language-driven frameworks that ground
segmentation directly in diagnostic descriptions.

Despite their promise, current frameworks face distinct challenges. Generalist
foundation models ranging from detectors like Grounding DINO [14] to text-
promptable segmenters like SAM 3 [2] excel in natural images but struggle with
medical anatomy [17]. Conversely, specialist models like BiomedParse [28] are
hindered by limited data diversity. These methods rely on rigid templates, using
large language models (LLMs) only for synonym generation in the training set.
Coupled with the shallow reasoning of standard text encoders [25], these models
are highly sensitive to how prompts are phrased. This results in poor performance
when faced with the varied language used in real-world clinical queries [22].

To bridge the reasoning gap in segmentation, recent works, like LISA [13,27],
adapt multimodal large language models (MLLMs) to compress visual data into
a single segmentation token. However, these architectures often process under-
standing and localizing in isolation, losing fine-grained boundary details dur-
ing compression [20,16]. We hypothesize that complex segmentation queries re-
quire models that not only reason effectively but also perceive with expert-level
depth. While standard pipelines rely on final-layer outputs that prioritize ab-
stract meaning over spatial precision, we leverage multi-level visual features to
preserve the fine-grained anatomical details often lost during alignment [1].

We introduce MedFuse-Seg, an architecture integrating complex reasoning
with multi-level visual features for medical segmentation. We construct Med-
ReasonSeg, a large-scale reasoning dataset of 539,383 image-mask-Q&A triplets
from 16 datasets, refined via LLM verification to ensure logical accuracy and
minimize hallucinations. To connect semantic and spatial context, we introduce
a Multi-Level Context Fusion mechanism that injects detailed features from
MedSigLIP into the MedSAM encoder. Our model improves prompt-based seg-
mentation by 13.49% and 4.89% in DSC compared to zero-shot BiomedParse and
fine-tuned LISA-7B baselines, respectively. These contributions establish a more
practical and resilient framework for language-driven medical image analysis.

2 Med-ReasonSeg Dataset

Robust language-driven segmentation models require contextual reasoning be-
yond simple entity referral. While BiomedParse established a unified multi-
modality parsing standard, its prompts rely on rule-based templates with GPT-4
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Fig. 1. Overview of the Med-ReasonSeg dataset construction pipeline. The
process involves: (i) Data Curation, employing slice sampling from 3D volumes based on
mask size; (ii) Instruction Generation, synthesizing target-referring and target-semantic
prompts via Gemini 2.5-Pro; and (iii) LLM-Based Q&A Verification, a two-stage text
quality control using Gemini 2.5-Flash and Pro.

used only for lexical rephrasing [28]. To address this, we constructed Med-
ReasonSeg, aggregating 16 open-access datasets primarily curated from the
BiomedParse collection [28] across 9 imaging modalities. The final dataset com-
prises 539,383 image–mask–Q&A triplets derived from 90,021 distinct scans.
MRI (48.6%) and CT (27.3%) constitute the majority, followed by X-ray (9.9%),
with the remaining 14.2% distributed across dermoscopy, fundus, endoscopy,
OCT, mammography, and ultrasound. The construction process involves three
key stages: (i) Data Curation, (ii) Question-and-Answer (Q&A) Pair Generation,
and (iii) LLM-Based Q&A Verification (Fig. 1).

2.1 Data Curation

We adopted the data distribution protocol from BiomedParse [28] to align with
established benchmarks. For 3D volumes, we processed them as 2D slices, dis-
carding the bottom 20% based on mask area rankings to exclude uninformative
samples with negligible anatomy. We then stratified the remaining slices into
three mask-size tertiles and sampled 40% from each to mitigate inter-slice re-
dundancy while balancing training efficiency. To strictly prevent data leakage,
all data were split into training and test sets (80:20) by patient ID, ensuring
that all slices from the same patient remained in the same split.

2.2 Question-and-Answer (Q&A) Pair Generation

We leveraged Multimodal Large Language Models (MLLMs) to generate Q&A
pairs for model training and evaluation. We designed two task types adapted
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for biomedical contexts: (i) Target-referring tasks directly name the segmen-
tation target with linguistic variations (e.g., Q: “Show the regions affected by
COVID-19”, A: “This pattern is consistent with viral pneumonia. The affected
lung parenchyma is segmented in [SEG].”). This task evaluates robustness to
variation and ensures coverage of synonyms, abbreviations, and multi-word ex-
pressions for anatomical structures or diseases. (ii) Target-semantic tasks
describe targets through their functional, spatial, or visual properties without
explicit naming (e.g., Q: “Identify the structures for gas exchange”, A: “This area
represents the lungs, which appear inflamed. These structures are located within
[SEG].”). This task type allows the model to learn implicit reasoning. By jointly
training on both tasks, we aim to align explicit and implicit textual prompts
with segmentation targets across diverse clinical inputs.

To generate these pairs, we employed Gemini 2.5-Pro, selected for its superior
multimodal reasoning [4], using both images and their corresponding masks as
inputs. This visual grounding allowed us to synthesize six distinct instructions
per unique mask (three referring, three semantic) to enhance generalization,
scaling the dataset to 541,752 pairs (429,798 training and 111,954 testing).

2.3 LLM-Based Q&A Verification

To ensure dataset integrity, we verified 541,752 pairs via a two-stage pipeline.
Following a rule-based check to exclude corrupted images, null masks, or mal-
formed responses missing the [SEG] token, we narrowed the pool to 541,662
candidates and employed a hierarchical filtering strategy. First, Gemini 2.5-
Flash served as an efficient screener to process the extensive dataset, flagging
5,186 pairs for potential logical inconsistencies or hallucinations. Subsequently,
leveraging its advanced reasoning capabilities, Gemini 2.5-Pro acted as a spe-
cialist to re-evaluate these flagged instances. This expert review recovered 2,907
over-penalized samples, while discarding 2,279 noisy pairs. This rigorous process
yielded a final high-quality dataset of 539,383 pairs (427,861 training and 111,522
testing), each comprising the question, answer, modality, and target organ.

3 MedFuse-Seg Architecture

MedFuse-Seg architecture integrates three foundation models including Med-
SigLIP [24], MedGemma-4B [24] and MedSAM [17] through two core mecha-
nisms: (i) Multi-Level Context Fusion and (ii) Reasoning-Guided Mask Decod-
ing (Fig. 2). First, for reasoning-enhanced text encoding, we utilize MedSigLIP’s
visual features inherently coupled with MedGemma’s language backbone (Based
on Gemma 3 [6]) and fine-tune this architecture to generate reasoning tokens.
This enables the model to interpret clinical language by grounding text prompts
in image content. Second, for spatial segmentation, we introduce a Multi-Level
Context Fusion Block that injects MedSigLIP’s hierarchical features directly into
MedSAM’s encoder at multiple scales. Our design maximizes the utility of spe-
cialized medical representations while maintaining parameter efficiency through
shared visual encoding.
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Fig. 2. Overview of the MedFuse-Seg architecture. The proposed framework
integrates three foundation models through two core mechanisms: (i) Multi-Level Con-
text Fusion for integrating MedSigLIP’s medical knowledge with MedSAM’s spatial
features, and (ii) Reasoning-Guided Mask Decoding via MedGemma-4B for reasoning-
enhanced segmentation.

3.1 Multi-Level Context Fusion

Recent work shows that intermediate vision encoder layers retain spatial details
often lost in final outputs [10], aligning with hierarchical medical segmentation
architectures like UNETR [8] and Swin UNETR [7]. We translate this into a hier-
archical fusion strategy (Fig. 2) that integrates MedSigLIP semantics with Med-
SAM spatial priors. We extract multi-level features from MedSigLIP layers L6,
L12, L18, and L24, where early layers capture low-level details (edges, shapes)
and deeper layers encode high-level medical semantics. Each feature is projected
via 1×1 convolution to align dimensions, then concatenated with MedSAM em-
beddings to create a unified representation. A Reduce Block (1×1 convolution)
synthesizes these concatenated features through cross-channel interaction, com-
bining semantic and spatial cues while maintaining compatibility with the Med-
SAM encoder. Finally, a Refine Block utilizing two cascaded large-kernel Con-
vNeXt blocks [26] captures long-range dependencies to refine feature represen-
tations before mask decoding. This strategy mitigates semantic ambiguity by
injecting MedSigLIP’s medical priors into MedSAM’s boundary delineation, es-
tablishing a robust foundation for reasoning-guided decoding.

3.2 Reasoning-Guided Mask Decoding

While the fusion block provides rich visual features, the segmentation target
is defined by the LLM. Following LISA [13], we add a special [SEG] token to
the vocabulary. When the model identifies a target region, it generates this
token, whose hidden state is projected as the prompt embedding. The MedSAM
mask decoder then receives the refined image features and reasoning prompt to
generate the final mask. By conditioning on the LLM’s output, MedFuse-Seg
aligns clinical reasoning to segmentation.
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4 Experiments and Results

Implementation Details. We implemented our framework using PyTorch [19] and
DeepSpeed [21] on 4 NVIDIA A100 GPUs. We adopted a parameter-efficient
fine-tuning strategy via Low-Rank Adaptation (LoRA) [9], applying adapters
(r = 64, α = 128) to all linear layers in the MedSigLIP encoder and MedGemma
model. The pre-trained backbones were frozen, while we optimized the LoRA
parameters, projectors, and segmentation decoder. The model was trained for 5
epochs with a global batch size of 32 using the AdamW optimizer [15] configured
with an initial learning rate of 10−4 and a cosine annealing scheduler with a
3% linear warmup. To maximize computational throughput, we utilized mixed
precision training (bfloat16) and gradient checkpointing. All fine-tuned models
used identical training settings.

Data Augmentation. We applied augmentations to enhance generalization while
preserving consistency between images and Q&A pairs, such as directional terms
(e.g., “left”, “top”). We used soft geometric transformations (p = 0.5) with limited
ranges: rotation (±15◦), shift (5%), and scale (20%). We added Gaussian blur
and noise (p = 0.15), and brightness/contrast adjustments (p = 0.5).

Loss Function and Evaluation Metrics. We minimized a joint objective for text
generation and mask segmentation: L = Ltext + Lmask. For text generation,
we employed standard auto-regressive cross-entropy (Ltext) to ensure seman-
tic consistency. For segmentation, we combined Focal (γ = 2, α = 0.25) and
Dice losses to address class imbalance while maximizing structural precision:
Lmask = 4LFocal + 2LDice. For evaluation on the Med-ReasonSeg test set, we
assessed performance using the Dice Similarity Coefficient (DSC) to measure
region overlap and the 95th percentile Hausdorff Distance (HD95) to capture
boundary adherence and shape discrepancies [18]. All metrics are computed at
the model’s standard resolution (10242 pixels) and reported as macro-averages.

4.1 Main Results

We benchmark MedFuse-Seg against state-of-the-art approaches in Table 1. The
generalist foundation model (SAM 3) and the hybrid approach (G-DINO +
MedSAM) struggle significantly in the zero-shot setting (DSC < 0.15), likely due
to the substantial domain gap. While the medical specialist BiomedParse shows
improved generalization, it lags behind our method, particularly in semantic
tasks. Overall, MedFuse-Seg outperforms zero-shot BiomedParse by 13.4% in
DSC and 54.04 pixels in HD95. Notably, even when the LISA-7B baseline is
fully fine-tuned on our dataset, our model maintains superior margins of 4.89% in
DSC and 15.29 pixels in HD95. These gains show our Multi-Level Context Fusion
effectively integrates visual and textual features, outperforming bottleneck-only
fusion in existing reasoning architectures.

Qualitative analysis on the test set shows strong model performance in both
segmentation and text output reasoning. The model can handle both descrip-
tive (Fig. 3A and 3B) and direct segmentation requests (Fig. 3C). Moreover,
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Table 1. Main Benchmarking Results. Performance comparison on Target-
referring and Target-semantic tasks across various architectures. Metrics: DSC (↑) and
HD95 (↓, px). Experimental settings are tailored to each model’s design: Oracle (Med-
SAM w/ GT boxes), Zero-shot for foundation models (SAM 3, G-DINO + MedSAM,
BiomedParse) to evaluate generalization, and Fine-tuning for LISA-7B to ensure a
competitive reasoning baseline. Best results are in bold, second best are underlined.

Referring Semantic Average

Method Type DSC ↑ HD95 ↓ DSC ↑ HD95 ↓ DSC ↑ HD95 ↓

Traditional / Oracle
MedSAM (w/ GT Box) [17] Specialist - - - - 0.6329 58.41

Foundation / Zero-shot
SAM 3 [2] Foundation 0.1425 373.52 0.1167 370.50 0.1296 372.01
BiomedParse [28] Specialist 0.6703 105.23 0.6344 115.97 0.6524 110.60

Detection-Guided Models
G-DINO [14] + MedSAM [17] Hybrid 0.1424 494.06 0.1461 488.56 0.1442 491.31

Reasoning Segmentation
LISA-7B (ft) [13] Generalist 0.7398 71.55 0.7370 72.13 0.7384 71.84
MedFuse-Seg (Ours) Specialist 0.7879 56.46 0.7867 56.65 0.7873 56.55

Q: Show me the regions with hazy, increased lung density where the bronchial and vascular margins are not obscured.
A: This finding is consistent with ground-glass opacification. The regions with hazy increased density are marked as [SEG].
MedFuse-Seg: This finding is characteristic of ground-glass opacities. The regions with this hazy appearance are marked as [SEG]

(A) (B)

(C) (D)

Q: Can you highlight the well-circumscribed lesion?
A: Certainly.  It is located in the right lateral ventricle. The well-circumscribed lesion is [SEG].
MedFuse-Seg: Certainly. The well-defined and enhancing lesion is highlighted here [SEG]

Q: Identify the peripheral zone.
A: Its high T2 signal is due to its glandular nature and is considered a normal finding. The peripheral zone is identified here [SEG].
MedFuse-Seg: This is the most common site for prostate cancer to develop, which is a key finding in this T2-weighted image. The
peripheral zone is identified as [SEG]

Ground Truth MedFuse-Seg (Ours) BiomedParse LISA-7B Ground Truth MedFuse-Seg (Ours) BiomedParse LISA-7B

Ground Truth MedFuse-Seg (Ours) BiomedParse LISA-7B Ground Truth MedFuse-Seg (Ours) BiomedParse LISA-7B

Q: Segment the large, uniformly dense organ in the upper part of the abdomen, excluding any dark, irregular spots within it.
A: Certainly.  The excluded areas are consistent with lesions. The healthy tissue of the organ is outlined in [SEG].
MedFuse-Seg: This represents the healthy tissue of the liver. The large, uniform organ is [SEG]

Fig. 3. Sample segmentation results of MedFuse-Seg, BiomedParse, and LISA-7B
against ground truth, with queries, key answers, and MedFuse-Seg’s responses.

the model can perform complex segmentation and incorporate clinical disease
knowledge into its responses (Fig. 3C and 3D). Preliminary expert review of
these outputs suggests overall clinical soundness. However, performance remains
limited for some underrepresented irregular lesions. Incorporating more diverse,
disease-focused training data may further improve performance on these chal-
lenging cases.

4.2 Ablation Studies

Impact of Visual Feature Fusion Strategy. We observe that low-level fea-
tures (L6, L12) contribute more to DSC from 0.7373 to 0.7865, whereas high-level
features (L18, L24) contribute to HD95 from 69.74 to 56.55. Incorporating both
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Table 2. Comprehensive MedFuse-Seg Ablation Study. The default configura-
tion uses MedSAM (Frozen), Multi-Level Fusion, Verified Data, and End-token posi-
tioning. The best results are in bold, second best are underlined.

Component Variant / Setting DSC ↑ HD95 ↓

Feature Fusion

Baseline (LISA-Style) 0.7373 69.74
Spatial Focus (L6, L12) 0.7865 58.96
Semantic Focus (L18, L24) 0.7786 58.81
Multi-Level (L6, L12, L18, L24) (Ours) 0.7873 56.55

Visual Backbone

SAM (Unfrozen) 0.7090 98.27
SAM (Frozen) 0.7740 70.24

MedSAM (Unfrozen) 0.7844 57.22
MedSAM (Frozen) (Ours) 0.7873 56.55

Data Verification
Raw / Unverified 0.7853 59.07
LLM-Verified (Ours) 0.7873 56.55

[SEG] Position
Start 0.7851 57.63
End (Ours) 0.7873 56.55

yields the highest performance, achieving DSC and HD95 of 0.7873 and 56.55,
respectively (Table 2). This demonstrates that the fusion mechanism successfully
captures intricate boundary precision in complex anatomical structures, rather
than relying solely on text reasoning.

Impact of Visual Backbone and Training Strategy. MedSAM outperforms
the generalist SAM, likely due to pretraining on large-scale medical images.
Keeping the MedSAM frozen achieves higher performance (DSC = 0.7873) than
full fine-tuning (DSC = 0.7844), indicating that preserving pretrained domain-
specific representations is crucial for instruction-tuning stability.

Impact of LLM-Based Verification. Models trained on our LLM-verified
dataset achieve superior segmentation stability over raw synthetic data (Table
2). LLM-based verification significantly improves DSC from 0.7853 to 0.7873
(t = 6.91, p < 0.001) and HD95 from 59.07 to 56.55 (t = 8.99, p < 0.001),
confirming data quality is critical for minimizing noise and enhancing robustness.

Impact of [SEG] Token Positioning. Our experiment shows that apped-
ning[SEG] at the end (e.g., description... [SEG]) reduces HD95 from 57.63
to 56.55 (t = 9.89, p < 0.001) compared to placing it at the start (e.g., [SEG]
description...). This demonstrates that leveraging the autoregressive nature
of MLLMs in a “think-before-act” style may have an effect on the outputs that
should be further explored.
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5 Conclusion

MedFuse-Seg bridges clinical reasoning and precise segmentation by injecting hi-
erarchical visual features into MLLMs, outperforming state-of-the-art models on
both DSC and HD95. With our large-scale Med-ReasonSeg dataset, the model
establishes a robust, medically-aware foundation for language-driven medical im-
age analysis. Future work should explore volumetric and video segmentation with
inter-slice consistency, comparisons with a broader range of medical reasoning
models, and policy optimization for refining clinical reasoning.
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