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ABSTRACT

To address prevalent issues in medical imaging, such as data
acquisition challenges and label availability, transfer learning
from natural to medical image domains serves as a viable
strategy to produce reliable segmentation results. However,
several existing barriers between domains need to be broken
down, including addressing contrast discrepancies, managing
anatomical variability, and adapting 2D pretrained models for
3D segmentation tasks. In this paper, we propose ProMISe,
a prompt-driven 3D medical image segmentation model us-
ing only a single point prompt to leverage knowledge from
a pretrained 2D image foundation model. In particular, we
use the pretrained vision transformer from the Segment Any-
thing Model (SAM) and integrate lightweight adapters to ex-
tract depth-related (3D) spatial context without updating the
pretrained weights. For robust results, a hybrid network with
complementary encoders is designed, and a boundary-aware
loss is proposed to achieve precise boundaries. We evaluate
our model on two public datasets for colon and pancreas tu-
mor segmentations, respectively. Compared to the state-of-
the-art segmentation methods with and without prompt engi-
neering, our proposed method achieves superior performance.
The code is publicly available at https://github.com/
MedICL-VU/ProMISe

Index Terms— Medical image segmentation, lightweight
adapter, transfer learning, prompt engineering, pretrained
Segment Anything Model (SAM)

1. INTRODUCTION

Recently, image segmentation foundation models [1, 2] have
revolutionized the field of image segmentation, demonstrating
wide generalizability and impressive performance by train-
ing on massive amounts of data to learn general representa-
tions. Prompt engineering further improves the segmentation
capability of these models. Given proper prompts as addi-
tional inputs, these models can handle various zero-shot tasks
across domains and produce reliable segmentations during in-
ference. Unlike these broad successes, medical image seg-
mentation is often limited by issues such as expensive data ac-
quisition and time-consuming annotation processing, result-
ing in a lack of massive public datasets available for training.

Thus it is desirable to leverage transfer learning from the natu-
ral image domain for robust medical image segmentation [3].

However, directly leveraging pretrained 2D natural image
foundation models for 3D medical image segmentation often
leads to sub-optimal results [4]. This is primarily because: (1)
medical images have their own unique contrast and texture
characteristics; (2) anatomical differences among individuals
make medical image segmentation challenging; and (3) slice-
wise (2D) segmentation with transfer learning discards impor-
tant depth-related spatial context in 3D medical data. Given
these challenges, can we effectively adapt the pretrained mod-
els to achieve robust 3D medical segmentations?

In this paper, we propose ProMISe, prompt-driven 3D
medical image segmentation using pretrained image founda-
tion models (see Fig. 1). Specifically, ProMISe takes a 3D
input image and a single point prompt as inputs, and uses
image and prompt encoders to produce segmentation. Un-
like most promptable models, a shallow convolutional neural
network (CNN) is used as complementary path alongside the
pretrained transformer image encoder [1], with adapters em-
ployed within the transformer to capture 3D depth context.
During training, most weights of the adapted transformer en-
coder remain static; the other components in the proposed
method are designed in a lightweight manner for efficiency
and trained from scratch. We use a structural loss and a novel
boundary-aware loss for precise decisions. The main novel
contributions are:

* We propose a method for 3D medical segmentation that
adapts pretrained image foundation models. Plug-and-
play lightweight adapters are used to better optimize
knowledge transfer across domains and more effectively
capture fine-grained features. Our method is compatible
with various pretrained image models, easy to implement,
and cost-effective to train.

* We present a simple yet efficient boundary-aware loss for
ambiguous edges. This ready-to-use loss can be seam-
lessly integrated into any training process without the need
for offline edge map generation from ground truth.

* We validate the performance on two public datasets for
challenging tumor segmentations. Our method outper-
forms state-of-the-art segmentation methods consistently.

Related works. Fully fine-tuning image foundation models
for a task requires a large amount computational resources
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Fig. 1. The proposed framework (ProMISe) and details of transformer encoder are shown as (a) and (b), respectively.

and is not training-efficient. In contrast, partially fine-tuning
[5] or introducing and training new shallow layers, such as
lightweight adapters [6, 7, 8, 9, 10] and the Low-Rank Adap-
tation (LoRA) module [11, 12], have demonstrated robust per-
formance as parameter-efficient fine-tuning methods. Recent
works use SAM [1] for 3D medical image segmentation in
a 2D slice-wise manner, which discard important depth-wise
(3D) information and may require additional efforts to create
prompts [5, 12]. Other models use adapters; this approach has
proven effective for adapting a pretrained model from 2D im-
ages to 3D (2D+time) videos [6, 9], and it has subsequently
been utilized in 3D medical image segmentation [10] with
the use of adapters in the pretrained transformer block [7].
Although these models can segment 3D medical images, the
image encoder still operates in a slice-wise (2D) manner with
an additional branch for depth information. The weights for
this branch that are replicated from the spatial branch demand
more computational resources. In contrast, a holistic adapta-
tion of SAM for 3D medical segmentation was proposed in
[8], which avoids a depth branch by including an adaptor with
depth-wise convolution [6]. However, a single adapter in each
transformer block may not fully achieve accurate adaptation
due to the notable discrepancies between natural and medical
images. Moreover, this method struggles to adequately cap-
ture details and can lead to sub-optimal results, especially for
tumor segmentation. These challenges and the critical impor-
tance of precise segmentation in medical applications moti-
vate our proposed model as a more robust solution.

2. METHODS

Fig. 1 illustrates ProMISe, our proposed framework for 3D
medical image segmentation, which employs prompt engi-
neering and a pretrained image foundation model. Specifi-
cally, a 3D patch is taken as input and is fed through comple-
mentary CNN and transformer encoders. The prompt encoder
utilizes the deepest feature from the transformer encoder (blue
arrow in Fig. 1) as input together with the point prompt. Sub-
sequently, all features, including the original input, are used

to predict the segmentation mask via a lightweight CNN de-
coder. During training, the transformer encoder is partially
tuned, while the rest are trained from scratch.
Image encoders. Our model is designed to effectively cap-
ture both global and local information using complementary
transformer and CNN encoders, respectively.

For the transformer encoder (Fig. 1(b)), the input 3D im-
age patch first passes through an embedding layer to create
tokens with their positional information. Specifically, the pre-
trained weights from SAM [1] are employed for spatial patch
embedding, and we introduced a trainable depth embedding
layer for 3D data. The same approach is applied for positional
encoding. Furthermore, we adapted the pretrained weights
from SAM and fine-tuned the normalization layer in every
transformer block. Unlike other works that employ a single
adapter at the beginning of the transformer block [6, 8], an
additional lightweight adapter is used before the output to op-
timize knowledge transfer across domains and further refine
the image features. Notably, the adapter employs depth-wise
convolution to handle 3D images.

Inspired by the hybrid network design [13], a CNN en-
coder is used to capture detailed information to complement
the transformer. This is particularly desirable for tumor seg-
mentation, as the boundaries are often ambiguous. It is de-
signed as a shallow network for efficiency (Fig. 2(a)).
Prompt encoder. We adapt the visual prompt encoder based
on [2] (Fig. 3). Unlike the prompt encoder proposed in SAM
[1], we incorporate image embeddings from the transformer
encoder as an additional input. Point embeddings are de-
rived from the given point prompt and image embedding us-
ing visual sampling (e.g., grid sampling) to ensure that their
semantic features are aligned with image embeddings. Sub-
sequently, the self-attention layer is applied to the point em-
beddings and learnable global queries. Afterwards, the image
embeddings are applied to these queries via cross-attention.
The output of the prompt encoder is fed to the mask decoder.

During training, 10 random points from background are
provided for each input patch to increase the generlizability
to noisy prompts. In contrast to previous work that utilized
40 points from target region as prompts [8], we randomly se-
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Fig. 2. The details of (a) CNN encoder, and (b) mask decoder.

lect 10 point prompts during each iteration if the input patch
contains foreground. For prompt engineering, our goal is a
single click with minimal prior knowledge, but more prompts
are supported if desired during inference.

Mask decoder. Instead of directly adapting the mask de-
coder from the foundation model in a 2D manner, we de-
signed a shallow network to efficiently capture features in 3D
and trained it from scratch (Fig. 2(b)). The multi-level fea-
tures from the transformer encoder (Fig. 1(b)) are refined by
two successive convolutional blocks. These are followed by a
transposed convolution to ensure the features remain the same
size. The fused features are processed through another con-
volutional block and a segmentation head for final results.
Boundary-aware loss. In medical image segmentation,
accurately delineating the boundaries of objects is impor-
tant, especially for irregularly shaped objects such as tu-
mors [14]. Besides popular structural segmentation losses,
such as the combined Dice loss and cross-entropy loss (de-
noted as Lgtryctural), We further propose a boundary loss
(Lboundary) to preserve fine details and produce robust seg-
mentations. Moreover, by emphasizing edge accuracy, the
model might generalize better to unseen data for tumor seg-
mentation. As shown in Fig. 1, we extract a smooth boundary
map rather than a binary boundary for a more robust rep-
resentation, and because learning from a binary boundary
is a challenging task. Specifically, we use average-pooling
operation P,,. with kernel size 5 as boundary generator.
Given a binary mask M, the smooth boundary is derived:
B(M) = |M — Puye(M)|. The total objective function is:

L(Sa G) - >\1 Lstructural(sy G) + )\2Lboundary (B(S)a B(G))

where S and G represent segmentation and ground truth.
Lstructural = Lpice + Log 18 used to capture the structural
information and Lyoundary = Larse recovers the detailed
contours. Unlike other methods [15] that require complicated
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Fig. 3. The details of the proposed prompt encoder.

offline computation of edge or distance maps to avoid itera-
tive generation, our proposed ready-to-use boundary loss is
computationally efficient and can be easily adapted to any
segmentation task, and is independent of any augmentation.

3. EXPERIMENTS

3.1. Experimental settings

Datasets. We evaluated our proposed method on two public
datasets from the Medical Segmentation Decathlon (http:
//medicaldecathlon.com/) for challenging tumor
tasks from pancreas and colon applications, where ambigu-
ous edges are present. These consist of 281 (0.61 x 0.61 x 0.7
to 0.98 x 0.98 x 7.5mm?>) and 126 (0.54 x 0.54 x 1.25 to
0.98 x 0.98 x 7.5mm3) 3D CT volumes, respectively. Fol-
lowing the setup from the prior study [8], we used the same
data split for each task with a training/validation/testing split
of 0.7/0.1/0.2 and only use tumor labels to focus on binary
segmentation.

Preprocessing. We resample to 1mm isotropic resolution,
intensity clip based on foreground 0.5 and 99.5 percentiles,
and Z-score normalize based on all foreground voxels. Four
data augmentations were used: random flip, rotation, zoom,
and intensity shift. During training, an input patch of size
128 x 128 x 128 was randomly selected such that its center
pixel is equally likely to be foreground or background. Sub-
sequently, each dimension was upsampled to 512.
Implementation details. We utilized pretrained ViT-B from
SAM [1] as transformer encoder, and set Ay : A = 1 : 10
during training. The batch size was 1, and initial learning
rate was 0.0004 with decreased amount 2e~6 every epoch.
The AdamW optimizer was used with a maximum of 200
epochs. We used PyTorch, MONAI and an NVIDIA A6000
GPU for our experiments. The Dice score and normalized
surface Dice (NSD) are used for evaluation. Compared state-
of-the-art methods include: CNN (nnU-Net [16]), CNN with
large kernel (3D UX-Net [17]), Swin-encoder with CNN de-
coder (Swin-unetr [19]), pure transformer (nnFormer [18]),
and adaptation method with adapters (3DSAM-adapter [8]).
We retrained using their official codes, and the pretrained
weights are also employed if publicly available.

3.2. Results

Quantitative results. Tab. 1 presents a detailed comparison
of results for colon and pancreas tumor segmentation. No-
tably, while CNN-based networks segment these tumors more
effectively than transformers, prompt-driven methods outper-
form others when provided with only a single point in the en-
tire volume. Our proposed method consistently outperforms
all in terms of both Dice and boundary (NSD) metrics.

Ablation study. We also investigated the efficiency vari-
ations of the proposed ProMISe (Tab. 2). The use of two
adapters and the boundary-aware loss mostly improved the
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Table 1. Dice and normalized surface Dice (NSD) for colon and pancreas tumor. Bold indicates best performance. Significant
improvements (2-tailed paired t-test, p < 0.05) are denoted via *. The promptable models use 1 point prompt per 3D volume.

Dataset  Metric nnU-Net [16] 3D UX-Net[17] nnFormer [18] Swin-UNETR [19] 3DSAM-adapter [8] ProMISe
Colon Dice 45.60 23.07 21.36 37.23 57.32 66.81
NSD 53.01 32.84 32.05 51.16 73.65 81.24"
Pancreas Dice 39.12 37.57 35.98 37.98 54.41 57.46
NSD 57.66 55.25 53.45 56.42 77.88 79.76

Image 3DSAM-adapter

Colon

Pancreas

ProMISe w/o BL

ProMISe Ground truth

Fig. 4. Qualitative results. BL denotes boundary-aware loss. The major differences are highlighted by orange arrows.

Table 2. Quantitative results of ablation study with single
point prompt unless noted. R and C represent residual and
concatenate fusions, and B indicates boundary loss. + shows
the cumulative variants. Best viewed by individual sections.

Colon Pancreas
Method Dice  NSD Dice  NSD
baseline [8] 5732 73.65 | 5441 77.88
+ two adapters 61.61 73.88 | 56.08 77.89
+ up-Conv 6292 77.62 | 5537 77.38
ProMISe-R 63.67 79.96 | 55.15 79.02
ProMISe-R-B 64.75 79.77 | 56.57 79.46
ProMISe-C 64.76  77.59 | 56.35 78.01
ProMISe-C-B (proposed) 66.81 81.24 | 57.46 79.76
baseline [8] (10 prompts) 63.09 79.97 | 5594 79.18
ProMISe-C-B (10 prompts) | 67.28 81.63 | 58.05 80.36

results. Interestingly, switching from trilinear upsampling to
up-convolution improved the performance for the colon, but
showed a decline for the pancreas. This implies that trilinear
upsampling may be more appropriate for pancreas tumors,
which are typically round in shape. Using concatenation (-C)
in the CNN encoder offers better Dice scores than residual
connections (-R), though the latter improves surface quality
more. While the performance of ProMISe improves with 10
prompts, the improvement is limited over a single prompt.
Furthermore, it is challenging to identify the tumor area due

to ambiguous boundaries, making the use of a single click
preferable in practice, as it requires less expert knowledge.

Qualitative results. Fig. 4 shows qualitative visualizations
from top-performing promptable methods. ProMISe yields
results that closely align with the ground truth. 3DSAM-
adapter [8] fails to detect certain regions that ProMISe cap-
tures, even without the boundary-aware loss. This indicates
the improved generalizability of the model through our pro-
posed modifications. Moreover, the use of the boundary-
aware loss yields robust segmentations, alleviating issues of
both under-segmentation for colon and over-segmentation for
pancreas tumors, respectively. Notably, the boundary-aware
loss improves segmentation not just for the irregularly shaped
colon tumors but also for the pancreas tumors, which typi-
cally have a more regular, rounded shape. However, slight
under-segmented areas are found in pancreas segmentation.

4. CONCLUSION

In this paper, we propose a promptable network, named
ProMISe, designed for robust 3D tumor segmentation using
pretrained weights from image foundation models. We eval-
uate on two public datasets, where our model consistently
outperforms state-of-the-art methods across all tasks. More-
over, the critical role of the two adapters and boundary-aware
loss techniques are demonstrated. Future work will aim to
improve the efficiency through knowledge distillation.
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