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Abstract. Modeling medical vessel-like anatomy is challenging due to
its intricate topology and sensitivity to dataset shifts. Consequently, task-
specific models often suffer from topological inconsistencies, including
artificial disconnections and spurious merges. Motivated by the promise
of multimodal large language models (MLLMs) for zero-shot generaliza-
tion, we propose TubeMLLM, a unified foundation model that couples
structured understanding with controllable generation for medical vessel-
like anatomy. By integrating topological priors through explicit natu-
ral language prompting and aligning them with visual representations
in a shared-attention architecture, TubeMLLM significantly enhances
topology-aware perception. Furthermore, we construct TubeMData, a pi-
oneer multimodal benchmark comprising comprehensive topology-centric
tasks, and introduce an adaptive loss weighting strategy to emphasize
topology-critical regions during training. Extensive experiments demon-
strate that, even without task-specific finetuning, TubeMLLM exhibits
superior generalization on out-of-distribution vessel datasets. It signifi-
cantly enhances both topological fidelity and segmentation accuracy, ef-
fectively reducing topological errors while maintaining robustness against
degradations such as blur, noise, and low resolution. Code is available at
https://github.com/EndoluminalSurgicalVision-IMR/TubeMLLM.

Keywords: Multimodal Large Language Models - Topology Learning -
Vessel Anatomy.

1 INTRODUCTION

Modeling multi-modality medical vessel-like anatomy (e.g., color fundus retinal
vasculature and X-ray coronary angiograms) with topology preserved is funda-
mental to downstream clinical analysis, including vascular quantification [25],

* Yaoyu Liu and Minghui Zhang contributed equally to this work.
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Fig. 1. Overview of TubeMLLM. (a) Unlike task-specific 12I and promptable 12I base-
lines, TubeMLLM unifies text and image tokens via shared-attention, supporting both
text and image outputs. (b) Qualitative comparison showing superior topology preser-
vation, zero-shot cross-modality transfer, and text guidance. (c) Task examples: (c.1)
topology-aware visual understanding; (c.2) topology-preserving generation. 8

pathology screening [33|, and intervention planning [29]. However, vessel-like
structures are inherently difficult because they are thin and elongated, with
branching and cyclic connectivity where small local mistakes can cause global
topological failures. This challenge is further amplified by dataset shift and
modality variations |6]. Consequently, existing methods often fail to achieve both
high topological fidelity and strong cross-modality transferability. Specifically,
task-specific 121 segmentation models (e.g., nnUNet [9]), illustrated on the left
of Fig. a), predict masks solely from visual features. Despite substantial ef-
forts on topology-preserving loss functions [13}22}24}36], these approaches still
exhibit limited generalization under distribution shifts and modality variations
(top and middle rows of Fig. b)) Recent promptable image-to-image models
(I21 w/ prompts) [10] introduce an independent text encoder to inject language
guidance during segmentation, as illustrated in the center of Fig. a). However,
the input language prompts are typically limited to short phrases such as clini-
cal concepts (e.g., “retinal vessels” in MedicalSAM3 |10]), which is insufficient to
encode complex topology priors such as the definition of connectivity or loops.
For instance, the bottom row of Fig. (b) shows a failure case where the optic
disc is misclassified as retinal vessels.

To address these limitations, we move beyond the conventional rigid map-
ping between images, fixed text labels, and pixel-level masks. Inspired by recent
VLM works that models medical or topological knowledge via language [15,32] as
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well as MLLM works [4}{30] that unifies image generation and understanding, we
propose TubeMLLM that couples structured understanding with controllable
generation for medical vessel-like anatomy. Instead of relying on simple con-
ceptual mappings, TubeMLLM injects explicit topological knowledge through
rich, descriptive text prompts (Fig. [[{c.1) and (c.2)). As illustrated on the right
of Fig. a), it accepts interleaved image and text tokens, projects them into a
shared feature space, and aligns them through shared-attention within LLM lay-
ers, thereby internalizing tubular topological priors and associating them with
visual features to strengthen topology-aware perception.

Building on this unified modeling paradigm, we introduce TubeMData, a
pioneer benchmark for topology-aware multimodal medical anatomy learning.
As shown in Fig. 2}(b), TubeMData includes two synergistic tasks: (i) topolog-
ical understanding, which analyzes structural properties like connectivity and
loops, formally characterized by the topological invariants 3y and (31, and is for-
mulated as visual question answering; and (ii) topology-preserving generation,
which refines or generates vessel-like anatomy with topological consistency and is
formulated as image generation. As illustrated in Fig. [Ifc.1) and Fig. [I}c.2), un-
like promptable image-to-image models, TubeMLLM produces both pixel-level
mask and language outputs, and replaces short phrases with longer prompts that
explicitly encode imaging modalities and topology definitions, thereby providing
sufficient topological guidance. Further, inspired by recent works that perform
additional region-level supervision in image generation [8] we incorporate an
adaptive loss weighting strategy during training. Specifically, TubeMLLM first
establishes spatial correspondence between output pixels and visual tokens, then
assigns adaptive weights to each token based on the discrepancy between decoded
predictions and ground truth, thereby emphasizing topology-critical and error-
prone regions for improved generation performance. TubeMLLM is evaluated on
fifteen vessel-like datasets spanning two imaging modalities. Experimental re-
sults demonstrate the significant improvement in both topological fidelity and
segmentation accuracy, effectively reducing topological errors while maintaining
robustness against degradations.

2 Methodology

2.1 Problem Formulation and Overall Framework

The overall architecture of TubeMLLM is illustrated in Fig. a). TubeMLLM
takes a multimodal input X = ({Ix}_,, T'), where {I;}/, denotes the input
image set and T is the text prompt, and produces both an image output and a
text output, ) = (Yimg, Ytext). Specifically, Yimg is synthesized in a VAE latent
space and decoded as Yimg = D(Z¢), where D is a frozen VAE decoder and 2
is the predicted clean latent. The text output Yiey is generated autoregressively
conditioned on X. To support both generation and understanding within a uni-
fied framework, TubeMLLM adopts a Mixture-of-Transformers design [4] with
two coupled branches, M = {Gy, Py}. The two branches share joint attention
at each layer to enable cross-branch information exchange.
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Generation branch. Gy operates on tokenized VAE latents and generates im-
ages via rectified flow . Image synthesis is formulated as velocity prediction:

dz,
dr

where z, denotes the VAE latent at time 7 € [0,1]. Understanding branch.
P, processes visual tokens extracted by a ViT [28] together with text tokens, and
models the conditional distribution of the text output as: p(Yiexs|X) = Py (X).

=Go(2,, 7, X), (1)

2.2 Adaptive Loss Weighting

The generative branch Gy is trained using flow matching , where the pre-
dicted velocity Gy (z,, 7, X) is aligned with the target velocity Viarget Via a mean-
squared error (MSE) loss in latent space. To emphasize topology-critical and
error-prone regions, we further derive adaptive loss weights from pixel space, as
shown in Fig. a). Specifically, the predicted clean latent Zy is calculated as:

ZAOZG_TQO (Z‘raTaX)a (2)

where € denotes the noise added to zy at time 7. The predicted clean latent z;
is then decoded into Ying by the frozen VAE decoder D as Yimg = D(Zp). Given
the ground truth image Y, the pixel-wise error map is derived as £ =Y — Yjpp,.
As illustrated in Fig. (a), FE is patchified based on the spatial correspondence
between visual tokens and image patches in Yjg. For the i-th visual token,
we compute within its corresponding patch FE; for the normalized mean error
intensity e;. Its weight w; is thus defined as w; = 1 + Ae;. A is set to 10 in all
experiments. With token-level weight w = {wi}ilil, the flow-matching loss for
generative branch training is formulated as

EFlOW = ET,Z,—,E |:Hw ®© (g0 (Z‘ra T, X) - vtarget) ||2} . (3)

This adaptive loss weight formulation emphasizes visual tokens associated with
pixel errors and further enhances generation quality with flow matching.
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Fig. 3. Topology-centric tasks in TubeMData. (a) Topology-refinement generation. (b)
Topology-aware mask selection.

2.3 Topology-centric Task Design

To equip TubeMLLM with topology-preserving generation and topology-aware
understanding capabilities, we design a set of topology-centric tasks that explic-
itly focus on tubular structures. As illustrated in Fig. [3] these tasks target key
topological properties of vessel-like anatomy, including connected components,
cycles, and the overall topological fidelity of a predicted mask.

Topology-aware Understanding. For topology-aware understanding, we de-
sign VQA tasks and encode topology priors through query prompts 7', as illus-
trated in Fig. (b) Rather than serving as a stand-alone function for reporting
topological quantities to end users, these understanding tasks force the model
to explicitly reason about connectivity and loops, thereby injecting topological
priors into the shared representation via shared attention, which in turn strength-
ens the topology-preserving generation branch. These tasks operate at two in-
put granularities. In the first setting, the input is either X = {I, Iyia, Ivs, T}
with two candidate masks Inia, Inp, or X = {I, I, T} with a single mask Iy;.
The model produces Yiext to (i) select the mask with better topology, or (ii)
judge whether the mask satisfies topology requirements. In the second setting,
X = {I,T} contains only the image I, and the model M predicts in Yiext the
existence or the number of certain topological structures (e.g., connected com-
ponents, loops).

Topology-preserving Generation. For topology-preserving generation, we in-
troduce topology-refinement task, as shown in Fig. Bfa). X = {I, Iy, T} in-
cludes the original image I and a preliminary prediction Iy, with imperfect
topology. Conditioned on the topology constraints specified in the instruction T,
the model M generates a refined mask Yin,e that better preserves topological con-
sistency. These topology-centric tasks leverage shared-attention over interleaved
image-text inputs, providing dual supervision from Yj,s and Yiey; to strengthen
topology-aware representations that directly benefit the generation branch.
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Table 1. Results on CFP OOD datasets. T-T denotes topology-centric tasks.

Methods Dicet clDicet (o Num| (3o Mat]
nnUNet [9] 74.44 78.48 37.42 36.56
nnUNet w/ clDice [24] 75.19 79.83 25.98 27.62
nnUNet w/ SR |13] 74.76 79.68 34.49 30.52
nnUNet w/ cbDice |22 74.94 79.34 25.46 30.11
nnUNet w/ CAL |36] 72.63 77.85 56.91 29.79
FR-UNet [17] 71.59 76.76 40.13 27.94
AFN |23] 60.35 59.62 24.29 34.65
SAMS3 |2] 0.33 0.27 11.08 29.11
MedicalSAM3 |10] 12.14 10.46 10.33 30.74
Bagel [4] 30.68 38.01 307.14 178.09
TubeMLLM w/o T-T 75.73 80.43 8.47 26.57
TubeMLLM 76.09 80.59 8.58 18.99

Image nnUNet cIDice TubeMLLM
Dice  fgNum |

CHASEDB1

Dice  fpNum

T/

IOSTAR

DicemmuigiNum

Dice  fyNum

s

Fig. 4. Qualitative results on CFP and XRA OOD test datasets. 5o Num denotes the
Bo number error.

3 Experimental Settings and Results

TubeMData. Fifteen vessel-like datasets spanning two imaging modalities are
included. Specifically, ten public color fundus photography (CFP) datasets as
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Table 2. Comprehensive quantitative results including refinement, cross-dataset, and
low quality input settings. ZS denotes zero-shot setting, F'S denotes from scratch set-
ting. GB, GN, LR denotes Gaussian Blur, Gaussian Noise, and Low Resolution.

Task Method Dice? clDicet [y Numl| [y Mat]
Task: Single Step Refinement(SSR)
SSR nnUNet |9 74.44 78.48 37.42 36.56
w/ TubeMLLM 76.05 80.43 8.49 26.51
Task: Cross Dataset
78 nnUNet |9 9.07 11.74 238.26 5.29
TubeMLLM 67.50 69.17 1.21 7.69
FS nnUNet |9 77.08 75.43 12.06 0.81
TubeMLLM 77.51 78.67 1.31 0.69
Task: Low Quality Image Input Setting
GB nnUNet |9 78.04 81.98 26.57 21.44
TubeMLLM 81.13 84.91 1.93 12.34
GN nnUNet |9 T4.77 71.82 18.36 24.10
TubeMLLM 77.30 73.51 1.68 13.90
LR nnUNet |9 77.92 81.17 23.61 21.43
TubeMLLM 80.25 83.53 1.68 12.32

TubeMLLM ZS

(b) nnUNet ZS

Dice:  79.00 [
cIDice: 84.75 |
BoNum: 24

PoMat: 21.17

+

Dice:  83.05 (+4.05).
cDice:  90.22 (+5.47)
BoNum: 5(-19)

PoMat: 17.15(-4.02)

Dice:  78.07 - Dice:  81.83 (+376)
cIDice: 80.98 N cIDice: 84.08 (+3.10)
BoNum:27 | BoNum: 3(-24)

BoMat: 34.91 BoMat: 1350 (-21.41)

Dice:  74.82 }\ Dice:  78.07 +3.25)
cIDice: 67.73 cIDice: 70.49 (+2.76)
BoNum: 14 BoNum: 4(-10)

PoMat: 30.12 BoMat: 22.40 (-7.72)

Dice:  77.86 [N M Dice: 81.23(+3.37)
cIDice: 79.78 cIDice: 82.06 (+2.28)
AoNum:21 | BoNum: 3(¢18)

BoMat: 35.27 BoMat: 10.99 (-24.25)

Fig. 5. Qualitative performance on (a) topology-refinement, (b) zero-shot transfer to
XRA dataset and (c) degraded input of CFP datasets.

well as five public X-ray angiography (XRA) datasets are included[ﬂ The ag-

¥ CFP: FIVES (11}, RETA (18], RVD {12], STARE [7] for training; AFIO |1,
ARIA [20], CHASEDB1 [5], DRIVE [26], IOSTAR [35], LES-AV [21] for testing.
XRA: DCA1 |3], Dr-SAM |[37], FS-CAD |34], XCAV |31] for training; XCAD |[19]
for testing.
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gregated corpus contains approximately 3.5K images with heterogeneous spatial
resolutions and domain distributions. Topological-imperfect predictions used in
Sec are generated using nnUNet 9] models trained with different loss func-
tions [13//22//24/36]. For the understanding tasks in Sec. ground-truth answers
are automatically derived via rule-based verification of topological structures in
both manual labels and imperfect masks. Overall, TubeMData contains approx-
imately 52K samples. To assess cross-domain generalization, the test split is
strictly out-of-distribution from the training split.

Implementation Details. We initialized TubeMLLM from pretrained check-
points [4] and finetuned it on TubeMData. The model is trained on 4 NVIDIA
H200 GPUs for 90K steps, using AdamW optimizer with learning rate of 2e-5,
B1 = 0.9, B2 = 0.95. For zero-shot evaluation on XRA modality and low-quality
input images, we separately trained TubeMLLM using only the CFP subset in
TubeMData. For fair comparison, the nnUNet [9] models, FR-UNet [17] and
AFN [23] are trained on the same dataset as TubeMLLM, whereas foundation
models (SAM3 [2], MedicalSAM3 [10] and Bagel [4]) are evaluated using their
public weights.

Experimental Results Analysis. Generation performance is measured by Sy
number error (5o Num) and §y matching error [27] (8o Mat) for global and local
topological discrepancies, respectively; understanding performance is measured
by mean absolute error for counting tasks and classification accuracy for the
rest. Tab. [ evaluates segmentation performance across three distinct paradigms:
topology-enhanced nnUNet variants [9,13,/22}24,[36], specialized vessel architec-
tures [17,23], and promptable foundation models [2/4,/10]. It can be observed that
TubeMLLM outperforms all baselines in Dice, clDice, and topological metrics.
Specifically, TubeMLLM reduces the 5y number error to 8.58 and the Sy match-
ing error to 18.99, a substantial improvement over the ~30 error range typical
of nnUNet-based variants. This gap underscores the efficacy of our topology-
explicit prompting in enforcing structural consistency. While foundation models
like SAM3 and MedicalSAM3 achieve competitive [y counts, their markedly
lower Dice and clDice indicate that they fail to capture the overall structure of
vessel-like anatomy. Fig. [d] provides qualitative visual comparisons where TubeM-
LLM generates fewer topological errors as highlighted in red boxes. In addition,
we evaluated TubeMLLM on topology-refinement, cross-dataset transfer, and
zero-shot robustness under low-quality inputs, as summarized in Tab. 2] The
results show that TubeMLLM substantially enhances the topological fidelity of
imperfect segmentation masks, reducing the Sy number error from 37.42 to 8.49.
Notably, TubeMLLM also exhibits strong zero-shot generalization to the XRA
modality, achieving a Dice score of 67.50 while decreasing the Sy number error
from 238.26 to 1.21. Fig. [5[(b) further illustrates this improvement. The zero-shot
performance of TubeMLLM on XRA successfully captures the coronary vessel
structure whereas nnUNet [9] fails. Under low-quality input settings, Tab.
indicates that TubeMLLM remains robust in terms of topological fidelity, out-
performing nnUNet by approximately 3% in Dice and reducing the Sy number
error by more than 20 across all three degradation scenarios. In Fig. (c), we
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Fig. 6. Qualitative and quantitative performance on four understanding tasks.

can see that TubeMLLM successfully preserves the vessel topology for input im-
ages under Gaussian blur, Gaussian noise and low-resolution conditions, while
nnUNet fails to do so. Fig. Eka—d) presents qualitative results of topology under-
standing tasks. Fig. @(e) further shows that TubeMLLM improves the ability to
count and classify topological structures. Moreover, TubeMLLM achieves 97.38%
accuracy in distinguishing good from poor topological quality, a substantial gain
over the baseline (48.94%), demonstrating its effectiveness in assessing overall
topological quality. Importantly, these understanding tasks are not intended as
a stand-alone tool for reporting topological quantities to end users; rather, their
gains reflect an improved topology-aware shared representation that, through
shared attention, directly benefits the generation branch analyzed above.

4 Conclusion

We propose TubeMLLM, a unified foundation model that integrates vessel-like
anatomical priors through language and aligns them with visual representations
to enhance topology-preserving perception. Trained on the comprehensive Tube-
MData with a topology-centric task design and adaptive loss weighting, TubeM-
LLM substantially improves both topological fidelity and segmentation accuracy,
while demonstrating robust generalization to out-of-distribution datasets. Over-
all, TubeMLLM opens new possibilities for modeling vessel-like anatomy with
topological fidelity in a unified multimodal framework.
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