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Abstract

Foundation models (FMs) such as CLIP and SAM have re-
cently shown great promise in image segmentation tasks, yet
their adaptation to 3D medical imaging—particularly for
pathology detection/segmentation—remains underexplored.
A critical challenge arises from the domain gap between
natural images and medical volumes: existing FMs, pre-
trained on 2D data, struggle to capture 3D anatomical con-
text, limiting their utility in clinical applications like tu-
mor segmentation. To address this, we propose an adap-
tation framework called TAGS: Tumor Adaptive Guidance
for SAM, which unlocks 2D FMs for 3D medical tasks
through multi-prompt fusion. By preserving most of the
pre-trained weights, our approach enhances SAM’s spa-
tial feature extraction using CLIP’s semantic insights and
anatomy-specific prompts. Extensive experiments on three
open-source tumor segmentation datasets prove that our
model surpasses the state-of-the-art medical image seg-
mentation models (+46.88% over nnUNet), interactive seg-
mentation frameworks, and other established medical FMs,
including SAM-Med2D, SAM-Med3D, SegVol, Universal,
3D-Adapter, and SAM-B (at least +13% over them). This
highlights the robustness and adaptability of our proposed
framework across diverse medical segmentation tasks. Our
code and model are available at: https://github.
com/sirileeee/TAGS.

1. Introduction

Medical image segmentation is essential for applying ad-
vanced Artificial Intelligence (AI) technologies in clini-
cal settings, increasing diagnostic accuracy, and optimizing
personalized treatment planning [49, 51]. Tumor segmenta-
tion, in particular, remains one of the most challenging tasks
due to the ambiguous boundaries and varying sizes and lo-
cations of tumors, along with other unique challenges re-
lated to scanners and patient population differences [23, 37].

While convolutional neural networks (CNNs), particu-
larly U-Net [42] and its variants [36, 59], have dominated
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Figure 1. Comparison of 4 approaches for SAM-driven volumet-
ric tumor segmentation: (a) slice-by-slice segmentation using 2D
models; (b) employing 3D medical foundation models; (c) adapt-
ing 2D models for 3D segmentation; (d) our proposed TAGS, fea-
turing tumor-specific adaptations.

medical segmentation by leveraging localized feature ex-
traction, their limited capacity to model global contextual
relationships often leads to suboptimal delineation of tu-
mors from surrounding tissues. In contrast, Transformer-
based architectures [48] address this issue through self-
attention mechanisms to model long-range dependencies,
effectively capturing global context correlations. Thus, they
have demonstrated their strengths in tumor segmentation
[13, 19, 38], while still with weaknesses: their compu-
tational complexity and reliance on large-scale annotated
datasets hinder practical deployment in clinical workflows.

Recently, transformer-based foundation models [30, 34,
57] have made substantial breakthroughs in computer vi-
sion, particularly in segmentation tasks through promptable
inference and generalization to unseen data. With large-
scale pre-training, these models perform better across di-
verse downstream tasks and handle unseen data more effi-
ciently. The Segment Anything Model (SAM) [24] exem-
plifies this trend with its interactive object-prompting mech-
anism. However, studies have shown that applying SAM di-



rectly to medical image segmentation presents unique chal-
lenges [4, 35]. First, medical images are typically 3D vol-
umetric data, while SAM is pre-trained on 2D images, lim-
iting its capacity to capture 3D spatial information effec-
tively. Although SAM?2 [41], designed for video segmenta-
tion, provides additional contextual dimensions, it remains
insufficient for medical segmentation tasks [44]. Further-
more, the significant domain gap between natural and med-
ical images constrains SAM’s ability to generalize effec-
tively to medical data.

However, applying SAM directly to 3D medical imag-
ing—particularly tumor segmentation—faces two critical
limitations [4, 35]. First, SAM’s 2D pre-training on nat-
ural images fails to capture the inter-slice spatial relation-
ships inherent to volumetric medical data, resulting in in-
consistent predictions across adjacent slices. Although
SAM2 [41], designed for video segmentation, provides an
additional contextual (temporal) dimension, it remains in-
sufficient for medical segmentation tasks [44]. Second,
the semantic-contextual misalignment between natural and
medical domains—such as the hierarchical dependency be-
tween organs and tumors—undermines SAM’s ability to lo-
calize pathology accurately.

Prior methods have explored several approaches, as il-
lustrated in Fig. 1. One approach is slice-by-slice seg-
mentation, which decouples volumetric images into 2D
slices [9, 27, 33]. It applies SAM to each slice individu-
ally and then stacks the segmentation results to form a 3D
output. This method, however, requires extensive prompt-
ing for each slice and fails to capture inter-slice correlations,
which leads to inconsistent predictions across the volume.
Another approach aims to develop 3D medical segmenta-
tion foundation models [15, 50]. Nonetheless, the scarcity
of publicly accessible 3D medical datasets with tumor an-
notations limits these models. As a result, they are often
pre-trained for both organ and tumor segmentation together.
Yet, the difficulty in aligning data from diverse sources
and the high computational demands for pre-training fur-
ther limit this approach’s feasibility.

Incorporating 3D adapters into the original SAM archi-
tecture has also proven effective in this manner [6, 16, 54].
By adding 3D adapters, the FM captures spatial information
while retaining the majority of SAM’s pre-trained weights.
Throughout the process, SAM’s 2D encoders stay frozen,
which minimizes the number of trainable parameters. This
setup accelerates both model development and deployment,
enhancing application speed. However, the lack of spatial
awareness in the original pre-trained SAM can limit its abil-
ity to fully capture volumetric features.

To address all these challenges, we propose TAGS, a 3D
Tumor-Adaptive Guidance for SAM, a parameter-efficient
framework that adapts SAM’s 2D capabilities to 3D tumor
segmentation through synergistic integration of CLIP’s se-
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mantic priors [40] and anatomy-specific prompting. Un-
like prior works that naively fuse CLIP’s feature maps with
SAM [25, 29], TAGS employs a hierarchical prompting
mechanism where CLIP’s text-guided embeddings refine
SAM'’s spatial attention to prioritize anatomically relevant
regions. Pixel-wise loss tackles the foreground-background
pixel imbalance in volumetric tumor segmentation, optimiz-
ing learning efficiency. Our organ-specific prompts, gen-
erated via automated segmentation tools, constrain SAM’s
focus to tumor-prone anatomical contexts, mitigating false
positives caused by spatial uncertainty.

Our major contributions are threefold:

We propose the first multi-level feature alignment frame-
work to unify SAM’s spatial acuity with CLIP’s semantic
embeddings for 3D tumor segmentation, requiring only
18% of SAM-B’s tunable parameters. This hierarchical
prompting mechanism bridges the 2D-to-3D domain gap
while preserving computational efficiency.

To overcome the spatial uncertainty of tumors, we design
an organ-specific prompt module that dynamically local-
izes tumors within anatomically plausible regions, direct-
ing the model to segment tumors within specific organ
regions and reduce false positives.

Extensive experiments on multiple datasets (Liver, Kid-
ney, and Pancreas Tumors) consistently validate our ap-
proach, achieving new state-of-the-art results in volumet-
ric tumor segmentation, with an average Dice score im-
provement of +46.88% over nnUNet [21] and at least
+13% over medical FMs [15, 50].

2. Related Work

2.1. Volumetric Tumor Segmentation

Volumetric tumor segmentation is fundamental for oncol-
ogy workflows, including accurate cancer diagnosis, stag-
ing, and prognosis. In comparison to 2D segmentation, vol-
umetric (3D) approaches must overcome increased compu-
tational overhead, higher data dimensionality, and the com-
plexity of delineating ambiguous tumor boundaries across
multiple slices. Classic 3D methods such as 3D U-Net [11],
TransUnet [7], UNetr [17], and Cotr [55] have set bench-
marks for volumetric organ segmentation. However, their
performance on tumors remains suboptimal, largely due to
irregular tumor shapes, low contrast in medical scans, and
diffuse boundaries. Even foundation models (FMs) trained
on 3D medical images from scratch [15, 50] show limited
performance due to insufficient volumetric tumor annota-
tions for pre-training and the high variability in tumor size,
texture, and shape compared to organs. Addressing these
challenges, this work advances tumor-specific 2D-to-3D
adaptation to achieve more precise volumetric delineation.
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Figure 2. The overall framework of proposed model (TAGS). TAGS includes 3 different prompts: (a) annotation-free organ prompt; (b)
dual-category text prompt generated by CLIP text encoder; (c) interactive 3D point prompts. Organ prompt is input into the image encoder
with the raw image. Stage-wise alignment adapters then integrate foreground and background semantic information from the text prompt
into the image feature extraction. Finally, the image features merge with the point prompt, and the mask decoder predicts the tumor region.

2.2. 2D-to-3D Foundation Model Adaptation

Training new 3D foundation models from scratch requires a
vast amount of 3D data, which is often scarce and com-
putationally more expensive to process. This prohibitive
cost of training 3D foundation models from scratch has
spurred interest in adapting 2D pre-trained models for volu-
metric tasks. Specifically, the abundance of high-quality 2D
data [43, 47, 58] has driven rapid innovation in 2D foun-
dation models, prompting efforts to adapt them for volu-
metric tasks. One prominent strategy involves injecting 3D
adapters into a frozen 2D image encoder [6, 16]. By in-
flating 2D convolutions, these methods capture volumet-
ric information with minimal trainable parameters. Anal-
ogous to image-to-video adaptation, [54] uses space-depth
adapters to incorporate 3D context. These approaches con-
firm that strong 3D performance is achievable by reusing the
extensive knowledge embedded in 2D backbone weights.
In medical imaging, such adaptation is particularly advan-
tageous, where data heterogeneity, scanner variations, and
high annotation costs complicate end-to-end 3D training.

2.3. Visual-Language Alignment

Studies have shown that visual-language models (VLM),
FMs in other words, which embed semantic information
into visual learning, surpass vision-only models in tasks
like classification [12], segmentation [61], and anomaly de-
tection [28]. CLIP [40], pre-trained on vast image-text
datasets, achieves a good generalization ability in classi-
fication tasks, even effectively identifying previously un-
seen samples. Specifically in medical Al, MedCLIP [52],
trained on extensive medical image-text data, excels in zero-
shot prediction, supervised classification, and image-text re-
trieval. While [39] and [1] fine-tuned CLIP for 2D segmen-
tation via cross-modal attention, recent work [32] extended

this to 3D by fusing CLIP’s embeddings with 3D CNN fea-
tures, but retained a modality-specific design where text
guidance is applied only during decoding. In contrast, we
propose hierarchical vision-language prompting that in-
jects CLIP’s semantic priors directly into SAM’s encoder,
enabling earlier fusion of anatomical context. This ap-
proach differs fundamentally from prior VLMs, which treat
text as a post-hoc classifier, and aligns with clinical work-
flows where radiological reports guide attention during im-
age interpretation.

3. Methodology

3.1. Preliminaries

We build upon two key components: SAM [24] and
3D SAM Adapter [16]. SAM is a versatile, promptable
segmentation model that that leverages a ViT-based [14]
encoder-decoder architecture and a prompt encoder, allow-
ing interactive segmentation via points, boxes, or masks.
Although pre-trained on extensive 2D image datasets, SAM
faces two primary challenges in medical imaging: (1) the
lack of domain-specific data in its pre-training leads to do-
main shift and reduced robustness, and (2) its 2D-centric
design struggles to capture volumetric structure, typical of
medical scans.

To efficiently apply SAM to 3D tumor segmentation,
Gong et al. [16] introduced the 3D SAM Adapter, re-
taining SAM’s pre-trained encoder weights while convert-
ing its 2D operations into 3D. Specifically, 2D convolutions
are replaced by 3D convolutions, and an additional dimen-
sion is added to patch embeddings, positional encodings,
and attention queries, forming a 3D ViT. A lightweight spa-
tial adapter, comprising projection and 3D convolution lay-
ers, is inserted between consecutive attention blocks to fa-
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cilitate 3D feature learning. Only the convolution, spatial
adapter, and normalization parameters are fine-tuned, while
all other parameters remain frozen—ensuring memory effi-
ciency and mitigating catastrophic forgetting. A multi-layer
aggregation decoder [60] concatenates the encoder’s inter-
mediate outputs to produce segmentation masks. Despite
these adaptations, the 3D SAM Adapter [16] supports only
point-based prompts, which contain limited spatial con-
text [62] to align prompt and image embeddings. Therefore,
accuracy can still suffer in volumetric segmentation tasks.
To overcome these limitations, we propose TAGS, a 3D
tumor-adaptive guidance framework that leverages multiple
prompt types for improved tumor segmentation. Fig. 2 illus-
trates the overall architecture for our proposed framework.

3.2. Annotation-free Organ Prompt

Tumor segmentation is complicated by variability in size,
location, and appearance. However, tumors generally re-
side within specific organs. Rather than multitask training
for simultaneous organ and tumor segmentation [10, 56],
we propose a simpler method that circumvents the need for
organ ground-truth labels.

As depicted in the top-left of Fig. 2, we use an au-
tomated tool, TotalSegmentator [53], to generate pseudo-
organ masks M € R4*"*% where d, h, and w are the vol-
ume (input) dimensions. These masks are typically more
accurate and less costly to obtain than tumor annotations.
To align with SAM’s three-channel expectation, we repli-
cate the original volume and replace its third channel with
the organ mask, forming I € R3*?x"xw _This overlay pro-
vides organ-level spatial context, guiding the model’s at-
tention to relevant anatomical regions and improving tumor
feature extraction.

3.3. Multi-level Feature Alignment

Dual-category Text Prompt. Since tumors often occupy
<1% of the entire organ volume, relying solely on a sin-
gle “tumor” description is insufficient. Inspired by [22] and
[20], we adopt a hierarchical dual-category text prompt-
ing strategy that encodes both foreground (tumor) and
background (healthy tissue). Each prompt includes high-
level “state” descriptors (e.g., “lesion present/absent”) and
generic “template” descriptions, as shown in Fig. 2. Only
the organ’s name is required, reducing dependence on spe-
cialized medical text encoders. To minimize bias, we gen-
erate multiple text prompts for each category (see supple-
mentary material). We then aggregate their features with
CLIP’s [40] text encoder to yield Fi..; € R*2, where c is
the feature dimension.

Stage-wise Alignment Adapter. SAM’s image encoder
comprises 12 attention blocks (Fig. 2) grouped into four
stages (three blocks per stage). We insert a lightweight
adapter A, between stages to align image and text features
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more granularly. Each alignment adapter is designed with a
single fully connected layer to minimize the number of pa-
rameters. Each input volume I’ passes through four stages
with the assistance of a 3D adapter to generate visual fea-
tures. Intermediate features at each stage are denoted as
F, € RPaxPaxPuxe s c 1193 4}, Here, Py, Py, and
P,, represent the number of patches in the depth, height,
and width dimensions after patchifying the original image.
The alignment adapter A4 could be formulated as:

A (F,) = o(F,Wy), s € {1,2,3,4}, 1

where o () is the activation function and W indicates the
parameter of A;. We also adopt residual connection to en-
hance robustness. With a scaling factor A\ = 0.2, the final
output of stage s, denoted as F;, is defined as:

F, =M (F) 4+ (1—XNF,,se€{1,2,3,4}. (2
Multi-modal Alignment Loss. We incorporate tumor an-
notations into a multi-modal alignment loss. First, we cal-
culate the cosine similarity (sim(-, -)) for each adapter out-
put A (F). After interpolation and softmax, we obtain
dense predictions. Given the severe foreground-background
imbalance in volumetric tumor segmentation, we employ a
focal loss [31] combined with dice loss [5]:

4
la = Z{%lfocal [¢(52m(As (Fs‘)7 Ftewt)7 y)]+
s=1

SlaiceB(sim(Ay (B, Frezi) ), G)

where ¢ refers to interpolation and softmax, and y is the
tumor ground truth. Although these predictions are dense,
the final segmentation still requires the decoder with point-
based prompts. Experimental results in Sec. 4.3 verify this.

3.4. Generating Final Segmentations

We follow the prompt encoder and decoder structure of
[16]. During training, we randomly sample n = 10 points
from foreground and background if a tumor is present; oth-
erwise, all n = 10 points come from the background. The
decoder concatenates intermediate encoder outputs F, with
the model input I’ to produce the segmentation 7. We opti-
mize a dice loss on §:

L= ldice(gv y) + la~ (4)

At inference, we preserve the organ prompt and alignment
adapters but omit the text prompt. We randomly pick 1 or 3
points inside the tumor region as input to the prompt en-
coder. The image is cropped around these points to match
training patch sizes, and the encoder-decoder stack outputs
the final mask. Experimental results in Sec. 4.3 show that
text-based alignment in training, combined with targeted



Kidney Tumor Liver Tumor Pancreas Tumor Tunable
Category Method
Dice (%) NSD (%) Dice (%) NSD (%) Dice(%) NSD (%) Parameters
nnUNet [21] 50.24 47.62 58.95 57.58 36.46 43.18 30.76 M
Classic 3D UX-Net [26] 53.40 57.02 47.95 61.14 32.11 48.46 53.01M
Swin-UNETR [46] 49.83 54.06 43.90 61.39 35.61 53.96 62.19 M
UNETR++ [45] 54.15 55.09 35.33 47.42 21.50 37.22 55.70 M
2D SAM-based SAM-B [24] , 435 4.34 2.96 3.49 4.75 5.65 -
SAM-Med2D [8] 24.57 29.86 12.43 17.70 17.78 27.15 -
SAM-Med3D [50] 27.32 36.49 10.37 17.01 16.28 21.90 -
3D SAM-based SAM-Med3D Turbo [50] 47.83 66.40 19.34 30.95 34.64 57.62 -
SegVol [15] 27.44 30.33 40.92 31.72 54.10 64.56 -
SegVol w zoom [15] 28.14 31.51 66.93 64.62 58.60 66.03 -
CLIP-based Universal [32] 74.95 73.50 61.87 60.72 61.28 70.51 -
3D Adapter (1pts) [16] 76.67 81.95 52.80 69.46 55.02 77.92 2546 M
2D-to-3D TAGS (1pts) 80.39 87.69 59.69 72.83 59.96 82.05 27.82M
3D Adapter (3pts) [16] 77.16 82.76 58.96 73.46 55.73 78.24 2546 M
TAGS (3pts) 80.83 88.26 66.23 79.33 61.04 83.10 27.82M

Table 1. The comparison experiments between TAGS and other benchmarks. For SAM-based foundation models, we use them directly for
inference, while other models are trained on the training set. The best results are bold and the second best ones are underlined.

prompts at test time, significantly enhances tumor segmen-
tation accuracy. One to three point prompts balance us-
ability and accuracy in volumetric segmentation. Using
only one point offers a quick, minimal input requirement,
making the approach more feasible in busy clinical set-
tings. Meanwhile, adding two additional points (for a to-
tal of three) provides more geometric coverage within the
tumor region, improving localization and boundary delin-
eation. Empirical testing demonstrated that beyond three
points, gains in segmentation accuracy diminish while user
effort grows, so we chose to optimize performance without
overburdening the prompt-creation process.

4. Experiments and Results
4.1. Setup

Datasets and Evaluation Metrics. We focus exclusively
on tumor segmentation—arguably the most challenging
task for SAM-based methods in medical imaging. Three
public datasets, each targeting a different tumor type, are
used: (a) the kidney tumor segmentation challenge dataset
(KiTS21) [18]; (b) the liver tumor segmentation benchmark
dataset (LiTS) [3]; and (c) the pancreas tumor segmenta-
tion branch of the MSD challenge dataset (MSD-Pancreas)
[2]. Each dataset is divided into training, validation, and
test sets with a ratio of 70%:10%:20%. We use Dice Score
and Normalized Surface Dice (NSD) as evaluation metrics
to assess both overall accuracy and tumor boundary preci-
sion by convention.

Implementation Details. We adopt SAM-B as our image
encoder (other SAM models are also used for benchmark-
ing). To ensure consistent intermediate feature dimensions
and align textual and visual features, we use CLIP ViT-L/14
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as the text encoder. Data augmentation includes random ro-
tations, flips, zooms, and intensity shifts. Foreground and
background patches are randomly sampled at a 2:1 ratio
during training. All experiments are conducted on a sin-
gle NVIDIA A100 GPU using AdamW optimizer with the
learning rate of 1e~* and the batch size of 1 for 200 epochs.

4.2. Comparison with State-of-the-Art Methods

We benchmark our TAGS method against ten leading 3D
medical segmentation techniques, including classical base-
lines (nnUNet [21], Swin-UNETR [46], UNETR++ [45],
3D UX-Net [26]), 2D SAM-based approaches (SAM-B
[24], SAM-Med2D [8]), 3D SAM-based and CLIP-based
medical foundation models (SAM-Med3D [50], SegVol
[15], and Universal Model [32]), and the original 3D SAM
Adapter [16]. For SAM-based models pre-trained on the
three evaluation datasets, we perform direct inference on
the test sets. By contrast, other models, including TAGS,
are first trained on the respective training partitions. Table
1 summarizes the comparative results.

Comparison with Classic Benchmarks. TAGS exhibits
substantial Dice score gains (exceeding 45% improvement)
over both CNN-based [21, 26] and transformer-based [45,
46] methods for kidney and pancreas tumors. In liver tumor
segmentation, TAGS still surpasses nnUNet [21] in Dice
score, but the margin is smaller, possibly because multiple
lesions in the liver require more than a single point prompt.
Switching to three prompt points yields a considerable per-
formance boost. TAGS also achieves a 25% NSD advan-
tage over nnUNet, highlighting its effectiveness in resolving
complex tumor boundaries.

Comparison with SAM- and CLIP-based Methods. Ta-
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Figure 3. Qualitative visualizations of TAGS and SAM-based approaches for kidney, liver, and pancreas tumor segmentation. Lesion areas

are highlighted with bounding boxes and zoomed in for detail.

ble 1 and Fig. 3 show that TAGS surpasses both slice-
by-slice and 3D SAM- and CLIP-based solutions, includ-
ing SAM-Med3D [50], SegVol [15], and Universal Model
[32], despite their pre-training on these target datasets. Al-
though SegVol’s “zoom-out-zoom-in" achieves a high Dice
for LiTS and Universal Model performs well on MSD,
TAGS reaches comparable performance with just two ex-
tra point prompts. Notably, TAGS maintains superior NSD,
confirming its robust boundary delineation.

Comparison with 3D Adapters. TAGS outperforms the
3D SAM Adapter [16] by up to 13% in Dice and 8% in
NSD, all while retaining a similar parameter count. This
gain stems from TAGS’s more nuanced capture of small or
irregular tumor features (Fig. 3). By embedding both or-
gan and text prompts, TAGS ensures accurate segmentation
with fewer interactive prompts, paving the way for broader
clinical adoption.

4.3. Ablation Studies

We conduct comprehensive ablation studies to evaluate the
design of our framework from various aspects. All experi-
ments use a single-point prompt unless otherwise specified.
Table 2 reveals the effectiveness of organ prompt and text
prompt alignment. Extended evaluations are detailed below.
Precision of Organ Prompt. To avoid extra annotation
costs, we utilize TotalSegmentator [53] to generate organ
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Organ  Text Prompt KiTS LiTS MSD-Pancreas
Prompt  Alignment | Diceo;, NSDo Dice, NSDg Dicey, NSD g
- 76.67 81.95 52.80 69.46 55.02 77.92
' - 78.59 85.81 56.67 71.38 55.34 77.78
- v 78.56 85.04 57.22 71.42 58.34 80.32
v v 80.39  87.69 59.69 7283 5996  82.05

Table 2. Ablation studies of our framework. The best outcomes
are highlighted in bold.

prompts. Since organ segmentation is relatively easier,
TotalSegmentator could produce high-quality organ masks
even without fine-tuning. TotalSegmentator achieves organ
segmentation Dice scores of 88.96% on KiTS, 88.57% on
LiTS, and 78.54% on MSD-Pancreas, respectively. To ex-
amine whether more accurate organ prompts can further im-
prove tumor segmentation performance, we also compare
results using ground truth organ prompts for training and
testing, as shown in Table 3. The results indicate that tu-
mor segmentation performance could be boosted with more
precise organ information.

Effects of Dual-category Text Prompt. Our text prompt
design hinges on two key elements: the dual-category fore-
ground and background distinction and the two-level de-
scription. Table 6 proves that both are crucial for achieving
optimal semantic alignment. For one-category text prompt,
we use “{obj} with tumor”, where {obj} refers to the organ.
For dual-category prompts without two-level descriptions,



Organ Prompt KiTS LiTS MSD-Pancreas

Type Dice;, NSDy Dicey, NSDgy Dicey, NSD g
TotalSegmentator | 80.39 87.69 59.69 72.83 59.96 82.05
Ground Truth 83.53 8936 59.78 7528 6132 8253

Table 3. Comparison results of using totalsegmentator-generated

organ mask and ground truth mask.

KiTS LiTS MSD-Pancreas
Dice , NSDg¢ Dicey, NSDy Dicey, NSD g

Ist 70.51 78.50  49.69 6579 4775 71.92

2nd 76.13 84.25 5432 70.14  54.04 7697

3rd 7890 8598 5837 7208 5589 77.72

4th 80.34  86.59 5850 7250 5734 7841
Whole Structure | 80.39  87.69  59.69 72.83 59.96  82.05

Table 4. Comparison of using aligned feature for segmentation.

we use “healthy {obj}” and “{obj} with tumor” to describe
each category. We confirm that including descriptions for
both tumor and background improves semantic understand-
ing. Diverse descriptions at the state and template levels
also contributes significantly to performance gains.

To further assess the necessity of a medically fine-tuned
text encoder, we compare the results of using MedCLIP [52]
and our original CLIP text encoder in Table 5. Both ap-
proaches perform similarly, though our original setup shows
a slight advantage. We attribute this to the text prompt de-
sign, which avoids extensive medical priors (e.g., tumor
texture, contours) and emphasizes clarity and generality
in state-level and template-level descriptions. This design
makes the prompts closer to natural language, enabling ef-
fective multimodal alignment without fine-tuning the text
encoder on medical data. It offers a new way to integrate
multimodal information for medical image analysis.

—

15t 2nd 15t 2nd ath Al

3rd 3rd
Adapter Applied Adapter Applied

Figure 4. Effectiveness analysis of the necessity of using multi-
level alignment adapters. When multi-level adaptation is not used,
only one of the four adapters is employed.

Effects of Multi-level Alignment. We first evaluate the ne-
cessity of using multi-level alignment adapters. In Fig. 4,
we display the segmentation performance when training
with each alignment adapter A, individually. Visualiza-
tion results for each model on the MSD-Pancreas dataset
are shown in Fig. 5. Among the single adapter approaches,
models with alignment adapters placed in the third and

KiTS LiTS MSD-Pancreas

Text Encoder
Dice;, NSDy Dicey;, NSDg Dicey, NSDg,
CLIP VLT-L/14 | 80.39 87.69  59.69 7283 5996  82.05
MedCLIP 79.15 8623  57.66 7287  56.70  76.96

Table 5. Ablation results between using original CLIP text encoder

and medical-specific MedCLIP text encoder.
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Text Prompt KiTS LiTS MSD-Pancreas

Type Dice;, NSDg Dicey;, NSDg Dicey, NSD g
One-category | 76.47 8372 5459 6891 5291 74.89
Dual-category | 77.04 8408 5582 7049  54.60  74.94
+state 78.00 8465  57.62 7196 5748  79.14
+template 79.12 8645  56.66 7139  56.21 7722
+both 80.39  87.69 59.69 7283 59.96  82.05

Table 6. Comparison results of using different text prompts.

Adapter Applied

2

4th

All 3rd

Figure 5. Visualization of segmentation results on the MSD-
Pancreas dataset using different alignment strategies.

fourth stages produce results closest to the segmentation
ground truth. This aligns with standard foundational model
adaptation practices where adapters are positioned near the
end of encoders. However, the model using multi-level
adapters achieves the highest Dice score and NSD values
across all datasets. These results suggest that integrating
semantic prompts at multiple stages of the image encoder
provides a more refined approach than relying on a single
adapter for alignment, allowing the model to learn from tex-
tual information more effectively.

We further test the image encoder’s ability to learn the
spatial features of the image. In this test, we invoke a CLIP-
like structure. We remove the prompt encoder and mask de-
coder while reintroducing the text encoder for feature align-
ment. Each alignment adapter’s output feature A, (Fy) is
aligned with the text feature Fj.,;. Linear interpolation is
then applied to match input dimensions, producing the seg-
mentation output. We calculate the aligned prediction re-
sults for each A separately and summarize these results



alongside those from the full model structure in Table 4.
We observed that as the model progresses through layers,
the aligned prediction accuracy produced by adapters at dif-
ferent stages gradually improves. After aligned with the
text encoder, predictions from the fourth alignment adapter
show an average Dice score difference of 2.41% and an
NSD difference of 2.12% compared to the full encoder-
decoder model across three datasets. This reveals that the
organ and text prompts have enabled the image encoder to
learn the image information effectively. Yet, high-quality
point prompts can further enhance segmentation accuracy.

Selection KiTS LiTS MSD-Pancreas
Strategy Dicey, NSDy Dicey, NSDgy Diceg, NSD g
random (1pts) | 80.39 87.69  59.69 7283  59.96  82.05
edge (1pts) 78.91 87.39  59.11 72.09  58.02  79.87
edge (3pts) 82.62  90.27 6647  78.62 5892  8l.12
central (Ipts) | 82.68 9029  67.09 81.77  59.05 81.22
ICC (%) 90.54  91.74 9040  93.81 96.78  96.93

Table 7. Tumor segmentation performance with different point
prompt selection strategies. Intra-class Correlation Coefficient
(ICC) of each strategy is reported in the last row.

Robustness Against Point Prompts. To explore the ro-
bustness of TAGS under different point prompts, we ex-
amine how point prompts from various locations impact
segmentation performance. In our original training setup,
TAGS randomly selects coordinate points from the tumor
region as point prompts during inference. Here, we com-
pare the effects of two new point selection strategies on
model performance: central selection and edge selection,
as illustrated in Fig. 6. central selection uses the central
point of the tumor area as the prompt, while edge selection
randomly chooses points along the tumor’s boundary. For
samples with multiple tumors, these operations are applied
to the largest tumor only. Table 7 presents the segmentation
performance for each strategy, with edge selection tested us-
ing one-point and three-point scenarios. We find that both
the quality and quantity of point prompts will impact model
predictions. When prompt quality is low, such as providing
only a single point on the edge, predictions for the tumor
region can be more susceptible to interference. Increasing
the number of edge prompts or using high-quality central
point prompts leads to more accurate predictions.
Interestingly, different point prompts yield only about a
3% variation in segmentation outcomes, thanks to the pre-
cision of the proposed adapter. This indicates that, unlike
other SAM-based methods, TAGS does not rely heavily
on interactive prompts to achieve high-quality predictions.
Might be an exception, on the LiTS dataset, using the tu-
mor center point prompt and multiple edge prompts lead to
approximately a 10% improvement in both Dice score and
NSD. We attribute this to the fact that these combined strate-
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Central
(1pts)

Random
(1pts)

Edge
(1pts)

Figure 6. Illustration of different point prompt selection strategies.
Green marks on each prediction indicate the selected points.

Edge
(3pts)

gies allow the cropped inference patch around the prompt
center to cover more of the tumor region. To further validate
the robustness of TAGS with different point prompts, we
also calculate the Intra-class Correlation Coefficient (ICC)
for the predictions of the above strategies, as shown in Table
7. The results confirm a high consistency in model predic-
tions across different point prompts, with ICC values for
Dice score and NSD exceeding 90% in each dataset.

5. Conclusion

Volumetric tumor segmentation remains a critical challenge
in medical imaging due to the limitations of 2D foun-
dation models like SAM in handling 3D spatial relation-
ships and domain shifts. We introduce TAGS, a frame-
work that bridges SAM’s 2D priors to 3D medical tasks
through multi-prompt adaptation, achieving three key ad-
vancements: (1) annotation-free organ prompting that lever-
ages automated segmentation tools to guide tumor local-
ization without costly annotations, (2) hierarchical vision-
language alignment that integrates CLIP’s semantic pri-
ors with SAM’s spatial acuity, and (3) parameter-efficient
3D adaptation via lightweight multi-stage adapters. Ex-
tensive evaluations on three public datasets (kidney, liver,
and pancreatic tumors) confirm that TAGS substantially
outperforms both SAM-based baselines and state-of-the-art
3D segmentation methods, including 3D foundation models
specifically trained on medical data. Notably, TAGS deliv-
ers these gains with minimal additional parameters, offer-
ing a lightweight yet powerful solution for 2D-to-3D model
adaptation. Future work could explore extending this multi-
prompt strategy to other clinical tasks and integrating addi-
tional semantic cues, further advancing the domain-specific
capabilities of foundation models in medical imaging. Code
and models are released to foster reproducibility.
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