This article has been accepted for publication in IEEE Transactions on Biomedical Engineering. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/TBME.2025.3582749

1O GENERIC COLORIZED JOURNAL, VOL. XX, NO. XX, XXXX 2023

Prompt learning with bounding box constraints
for medical image segmentation

Mélanie Gaillochet, Mehrdad Noori, Sahar Dastani, Christian Desrosiers, and Hervé Lombaert

Abstract— Pixel-wise annotations are notoriously labou-
rious and costly to obtain in the medical domain. To miti-
gate this burden, weakly supervised approaches based on
bounding box annotations—much easier to acquire—offer
a practical alternative. Vision foundation models have re-
cently shown noteworthy segmentation performance when
provided with prompts such as points or bounding boxes.
Prompt learning exploits these models by adapting them to
downstream tasks and automating segmentation, thereby
reducing user intervention. However, existing prompt learn-
ing approaches depend on fully annotated segmentation
masks. This paper proposes a novel framework that com-
bines the representational power of foundation models with
the annotation efficiency of weakly supervised segmen-
tation. More specifically, our approach automates prompt
generation for foundation models using only bounding
box annotations. Our proposed optimization scheme inte-
grates multiple constraints derived from box annotations
with pseudo-labels generated by the prompted foundation
model. Extensive experiments across multi-modal datasets
reveal that our weakly supervised method achieves an av-
erage Dice score of 84:90% in a limited data setting, outper-
forming existing fully-supervised and weakly-supervised
approaches. The code will be available upon acceptance.

Index Terms— Bounding box, Constraints, Foundation
model, Medical, Prompt, Segmentation, Weakly supervised

. INTRODUCTION

HE precise delineation of regions of interest is a crucial
step in clinical decision-making, affecting the diagnosis,
treatment planning and patient outcome. However, manual
annotation of medical images remains a labour-intensive and
time-consuming process. With an ever-growing volume of
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Fig. 1: Differences between a) interactive SAM and b)-d)
different adaptive methods for prompt automation: b) applying
SAM’s prompt encoder with physical prompts generated by
a trained prompt module, c) directly generating the dense
and/or sparse prompt embeddings (dark yellow) with a prompt
module trained with GT masks, and d) (ours) generating the
prompt embeddings from the image given only bounding box
annotations during training.

medical imaging data, developing efficient and accurate seg-
mentation methods has become a major challenge. Automatic
segmentation algorithms [1] have been introduced to alleviate
the burden of manual annotation and reduce the impact of
expert subjectivity and inadvertent errors. In medical image
analysis, segmentation methods based on variants of the UNet
[2] and lately of the vision transformer architecture [3], [4],
have achieved state-of-the-art performance on multiple tasks
and datasets [5]-[7]. However, these models depend on large,
fully-annotated datasets for training, and their performance
typically deteriorates when training data is scarce. Yet, the
prohibitive cost of manually labeling medical images makes
the collection of such well-annotated datasets difficult, ham-
pering the development of these data-hungry models.
Recently, large promptable vision models [8]-[10] have
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gained considerable attention for their flexibility and gener-
alization abilities on multiple natural imaging benchmarks.
Unlike specialized models trained on domain-specific datasets,
these foundation models can generate, for any new image,
informative representations which can be leveraged to produce
a segmentation mask. Notably, the Segment Anything Model
(SAM) [8] has showcased impressive zero-shot capabilities by
generating accurate segmentation masks for tasks and classes
unseen during training.

Current  foundation models require  user-provided
prompts—typically  manually  crafted—to tailor the
segmentation output to a specific task. The zero-shot
performance of these models effectively relies on the quality
of the user prompt [10]-[13]. However, prompts can be
ambiguous, particularly in medical images where object
boundaries are often subtle, leading to poor predictions (see
Fig.2).

To fully exploit the potential of foundation models and
improve scalability, recent efforts have focused on automating
prompt generation. In particular, prompt tuning [12], [14]-[17]
adapts large models for downstream tasks by optimizing a
small set of trainable prompt embeddings, rather than updating
millions of model parameters. Prompt tuning searches for the
best input prompt to satisfy the target task. Visual prompt
tuning [18], [19] has demonstrated remarkable adaptation per-
formance with minimal trainable parameters, and several stud-
ies have applied this approach to SAM [13]-[15], [17], [20],
[21]. Existing methods for medical image segmentation have
focused on automatically generating a physical prompt—i.e.,
point or box [15], [20] or a prompt embedding [13], [14],
[21] (see Fig.1). However, these techniques still heavily rely
on fully annotated segmentation masks, which are burdensome
to obtain in the medical domain.

In parallel to advanced prompt tuning techniques, weakly
supervised learning offers a pragmatic approach to reduce the
reliance on exhaustive manual annotations by incorporating
more accessible forms of labeling. Weak labels can come in
various shapes, such as scribbles [22], image tags [23], points
[24] or bounding boxes [25]-[28]. Among these, bounding
boxes are particularly appealing due to their simplicity and
light storage—in practice, only two corner coordinates are
needed to define a bounding box. Bounding boxes have
been used as pseudo-labels to generate initial segmentation
proposals [29], [30], which are refined iteratively until a more
precise segmentation is obtained. However, such approaches
are subject to error propagation if the initial segmentation
is inaccurate, ultimately impairing model performance. To
mitigate this issue, alternative methods have introduced at-
tention mechanisms to improve gradient flow [31], [32] or
imposed constraints on the output probabilities during op-
timization [28], [33]. Building on these advancements, our
work integrates constraint-based optimization with bounding
box annotations into the framework of visual prompt tuning.

Our work introduces a novel framework that leverages the
complementary strengths of foundation models and weakly su-
pervised learning through prompt tuning. We train an auxiliary
prompt module using only bounding box annotations—much
easier to obtain than ground truth masks—to automatically

0 O

Fig. 2: Examples of predictions by SAM when prompted with
boxes with different noise levels. From left to right: No noise
(tight box), 0-1.5% , 1.5-3% and 3-5% pixel displacement
from the original tight box. Ground-truth annotation and the
associated box prompt are drawn in red and green, respec-
tively. The predicted segmentation masks are overlayed in
blue. Prompt ambiguity and noise combined with applications
to out-of-domain data can lead to a failure of the vision
foundation models to effectively segment the target object.

generate informative prompt embeddings from input images.
Relying on weak labels significantly reduces the annotation
burden, making the adaptation of foundation models more
scalable for medical imaging applications. Building on our pre-
liminary work [34], we address prior limitations by moving be-
yond using weak-label constraints that only exploited bound-
ing box tightness. Our updated training strategy now employs
a multi-loss optimization framework that integrates predictions
from the prompted foundation model with consistency-based
regularization, leading to more robust performance. Further-
more, while our earlier work focused exclusively on MedSAM,
we now demonstrate that SAM—despite being trained on out-
of-domain data—can serve as a general backbone foundation
model when coupled with a deeper prompt module and our
refined optimization strategy.

Il. RELATED WORK

A. Vision Foundation Models for medical image
segmentation

Recent years have witnessed the emergence of foundation
models with remarkable zero-shot capabilities across a mul-
titude of scenarios. Among them is the recently introduced
Segment Anything Model (SAM) [8], which was trained on
a vast dataset of 1B masks and 11M images. Based on
vision transformers [4], the promptable SAM has demonstrated
notable success across various computer vision tasks due to
its extensive pre-training.

Due to its success on natural images, SAM’s potential for
medical image segmentation has been a growing field of study
[11], [35], [36]. Moreover, efforts have been undertaken to
adapt SAM for medical imaging and other specific segmen-
tation tasks [14], [37]. [10], [37], [38] explored fine-tuning
strategies, whereas [14], [15], [39] investigated externally
designed components. However, fine-tuning approaches incur
practical challenges in terms of data collection, data annotation
and computational time. Moreover, they remain interactive
models, requiring user input during the inference stage. Hence,
alternative approaches have explored the idea of prompt tuning
for SAM in the context of medical imaging.
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B. Prompt Learning for Vision Foundation Models

Prompt-tuning has recently been applied to large vision
models [18] to adapt them to medical image segmentation
or to automate prompt learning. In the medical domain, one
approach has been to automatically generate point and box
prompts from the image by incorporating a detection network
into SAM’s architecture [15], [20]. These prompts are then
converted to embeddings via SAM’s prompt encoder (see
Fig.1.b). An alternative has been to use a self-prompting
module to yield prompt embeddings directly, hence replacing
the original prompt encoder [13], [14], [21] (see Fig.l.c).
PerSAM [17] and ProtoSAM [20] compared the embeddings
of the image, from SAM or an external network, with those
of a single image-mask pair and generated appropriate point
and box prompts. Unlike our approach, these prompt learning
methods require samples with ground-truth annotation masks,
which remains a burden for medical datasets. Recently, [34]
showed that weak labels could be exploited to automate
prompt learning but used a restrictive tight box constraint,
limiting the approach to in-domain performance.

C. Weakly Supervised Learning with Bounding Boxes

Weakly supervised segmentation methods have been de-
veloped to reduce the cost of manual annotation. Popular
among such methods are approaches based on bounding box
annotations. These bounding boxes are typically used as initial
pseudo-labels for identifying target regions. For instance, the
classic GrabCut algorithm [29], based on graph cuts [40], itera-
tively separates foregrounds from backgrounds using bounding
boxes. DeepCut [30] extends GrabCut to neural networks.
However, a well-known challenge with these iterative methods
involves errors appearing in the initial segmentation and being
propagated during training. Attention maps were proposed
during training to reduce the propagation of incorrect gradients
by masking out irrelevant regions [31] or by handling the label
noise assumed to be contained in the bounding boxes [32].
More recently, constraints on tightness and size were applied
to guide the segmentation during training, either alone [28]
or in combination with multiple instance learning (MIL) and
smooth maximum approximation [27], [41].

IIl. CONTRIBUTIONS

This paper introduces a novel framework that leverages
the strengths of foundation models and the cost-efficiency
of weakly supervised segmentation. More specifically, we
automate and adapt foundation models by training with only
bounding box annotations an auxiliary prompt module that
automatically generates a relevant prompt embedding from
the input image. Our novel training approach for weakly
labeled data exploits multiple pieces of information provided
by bounding box annotations. Training our auxiliary prompt
module optimizes a loss based on the predictions of the
foundation model when prompted by bounding boxes, as
well as box-based spatial constraints and a consistency-based
regularization. The constraints and regularization refine the
segmentation of the prompted foundation model, which may

contain inaccuracies, and allow for the application of the
foundation model to out-of-domain data.

At its core, our method fundamentally replaces the tradi-
tional prompt encoder of the foundation model with a new
auxiliary prompt embedding generator, which:

1) Requires only bounding boxes to train by employing a

novel multi-loss optimization strategy,

2) Generalizes effectively to full and limited training data,

3) Performs well across modalities, as shown by our
experiments on MRI, CT and ultrasound images, and

4) Successfully functions on out-of-domain data, as
shown by our experiments with SAM as a backbone
foundation model.

IV. METHOD

Let x 2 R® H W pe a 3-channel input image of height
H and weight W. Suppose that, instead of a ground-truth
segmentation mask, we only have access to a bounding box
m enclosing the object of interest. Our approach automates
and adapts promptable foundation models for new tasks given
only such weakly labeled data. We train a prompt module to
generate a relevant prompt embedding from the input image.
The proposed objective function to train the module in a
weakly supervised fashion comprises three main components
described in Sections IV-B to IV-D. The overall framework is
illustrated in Fig.??, and the training procedure is provided in
Alg.1.

A. Add-on Prompt Module to Vision Foundation Model

Although promptable vision foundation models are univer-
sal models that can generalize to varied tasks, they lack the
ability to automatically segment a specific target object without
user interaction. Our end-to-end method eliminates the reliance
on user-defined prompts to automatically segment specified
objects in medical images.

1) Vision Foundation Model Architecture: The Segment Any-
thing Model (SAM) [8] is used as our prototypical promptable
vision foundation model architecture. SAM consists of three
distinct components: an image encoder, a prompt encoder
and a mask decoder, which we denote as Enc;, Enc, and
Dec. As a promptable model, SAM takes as input a set of
encoded prompts P = fP;:::P,g where P; 2 RP, which
can represent any combination of:

1) Point coordinates: p 2 R?

2) Bounding box boundary coordinates: b = [p1; p2] with
p1; P2 2 R?, and
3) A coarse mask: y 2 f0;1g" W,
Given x and P, SAM generates an image embedding Z; 2
R?56 64 64 45 well as a sparse and dense prompt embedding
Zps 2 R?56 and Zpg 2 R?%6 64 4 following:

Z;i = Enci(x);
Zy = tZps; Zpag = Ency(P):
The encoded image and prompts are fed into the mask

decoder to obtain a probability map via attention-based feature
interaction.

@)
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(a) Training of our add-on prompt embedding generator module with bounding box annotations

(b) Inference with our prompt module

2) Prompt Module Architecture: We automate the backbone
foundation model by training a prompt module g to directly
generate the prompt embedding Z}, = fZ3,;Z}.9 = g (X)
according to the target task. Following [14], our prompt
embedding generator module is composed of a Harmonic
Dense Net [42] pre-trained on ImageNet as well as a decoder
to produce an output of shape 256 64 64. The Harmonic
Dense Net takes as input the image x and comprises six blocks
with channel outputs of size 192, 256, 320, 480, 720, and
1280. The decoder consists of two upsampling blocks, each
with two convolutional layers. Our experiments focus on Z%d
and use for Z‘,’)S SAM’s default sparse embedding given an
empty input prompt.

B. Pseudo-label loss from prompted foundation model

Previous works have noted that bounding box prompts
provide a less ambiguous spatial context for the object of
interest [10], [11], [36]. Hence, we take advantage of the
fact that the provided tight bounding box m can be con-
verted into a box prompt b by extracting the lower left and
upper right coordinates of m. The promptable foundation
model can generate a segmentation mask given b, which
acts as a coarse pseudo-label to guide the learning process
of the prompt module g . With the predicted output prob-
abilities as S (X) = Dec(Zi;g (X)) and the pseudo-label
obtained from the prompted foundation model as S(x; b) =
JDec Z;; Encp(b) 0:5K, we define our pseudo-label loss
as

Lpseudo( 5 :S(X;b)) =  CE(S (X);S(x; b))

+ bi socny. @
ice (S (X);S(x;b)):

C. Box-based constraints

Since the predictions of the foundation model are only a
rough estimate of the true mask and may contain inaccuracies
(see Fig.2), additional constraints should be used to guide the
training process. Denoting as ;| and o the regions inside
and outside the bounding box m suchthat | [ o= 2
RH W we apply two box-based constraints on the output by
exploiting the following facts:

The size of the bounding box sets a lower and upper limit
on the number of foreground pixels

o contains only background pixels

1) Size Constraint: The bounding box puts constraints on
the size of the predicted mask. Thus, the sum of foreground
predicted pixels should not be greater than the size of .
Similarly, we can apply a prior on the size of the predicted
foreground, given the size of . Setting the fraction of pixels

1; 2 2[0;1] that are classified as foreground, we obtain

S (X)ij 2 ®)
@(i:3)2

1 1]

Once again, S (x) = Dec(Zj;g (X)) and S (X);; refers to
the pixel (i;j) of the output probabilities.

The condition can be translated into a constraint-based loss
by applying a penalty function ¢, which becomes positive
when the condition is not met, like a simple ReLU function.
In this work, we employ a pseudo log-barrier function offering
more stable optimization [43]. The function (x) approxi-
mates a hard barrierast ¥ 1, where (X) = 1 if x >0,
and ¢(x) = 0 otherwise. The size-based loss can then be
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formulated as

Lsize( 15 2 1)= ¢ 1] 1] S(X)ij)
< @(i:3)2 4)
+ ¢t S X)ij 2 1]
(i;)2

2) Emptiness constraint: The bounding box also clearly de-
fines a region that should contain only background pixels (i.e.,

o, the regions outside the box). This emptiness constraint
inside o can be expressed as a cross-entropy loss on the
background pixels:

log(1
(32 o

S (X)ij) ©)

I—empty ( O) =

D. Consistency-based regularization

We propose a regularization strategy based on transfor-
mation consistency to alleviate the problem of over-fitting
when training with few weakly-annotated samples. As the
computational bottleneck of the foundation model is its image
encoder, this strategy operates directly on features from the
encoder instead of image pixels, as in traditional approaches.
Following previous definitions, we denote Z; 2 R25¢ 64 64
the embedding of an image X obtained with the original
image encoder. When training our prompt module g , we
randomly sample a geometric transformation T (combination
of random rotation/flip) and apply it on the image encoded
features to obtain T (Z;). We then enforce the predictions
of the segmentation decoder to be equivariant using an L2
consistency loss. Noting S” T(x) = Dec T(Zi);g T(X)

Loons(T) = S°T(X)  T(S (X)) 2 6)

E. Multi-Loss Optimization Framework

In summary, training the prompt module involves optimiz-
ing four losses conditioned on a prompt-based pseudo-label,
size and emptiness constraints and a consistency regulariza-
tion. Combining equations (2), (4), (5) and (6), the final loss
to optimize becomes:

I—total = 1Lpseudo+ 2Lsize+ 3|—empty+ 4|—cons; (7)

where
loss.

1, 2, 3, 4 are weights applied to each individual

V. EXPERIMENTS AND RESULTS

We evaluate the efficacy of our proposed box-based opti-
mization process for prompt automation by comparing it to
specialized models (trained exclusively for the target task)
and existing SAM-based adaptations which require ground-
truth labels, as well as a weakly supervised approach based on
bounding boxes [28]. To validate the robustness and general-
izability of our approach, we conduct experiments on datasets
of different imaging modalities and anatomical structures. We
then explore the effectiveness of our method through ablation
studies on the impact of trainings set size, individual loss
components, backbone foundation model and label noise.

Algorithm 1 Training Procedure for Multi-loss Bounding Box

Optimization

Require: g : prompt module to
xC;mWgN_ - training  set,
components of foundation model

train, Dtrain =
Encj; Encp; Dec:

Ensure: v s 1y 2yt T, 1, 2, 3, 4

1: for all (x®; m®) 2 Dyyain do

2: Zj Enci(x(k))

3: // Pseudo-label loss

4. Convert m®) to the box prompt b

5: S(x; b) JDec Z;i; Encp(b) 0:5K

6: Compute Lpseudo( ; ; S(X;b)) using (2)

// Constraint-based losses

- foreground region of m{®) (inside box)
9: o: background region of m{® (outside box)
10:  Compute Lsize( 1; 2; 1) using (4)
11 Compute Lempty( o) using (5)

o N

12: // Consistency-based regularization
13: Compute Leons(T) using (6)

14: Ltotal 1|—pseudo + olsize + 3|—empty + 4lcons
15: Update weights of g

16: end for

A. Datasets

To ensure a comprehensive evaluation, we tested our method
on ultrasound (US), MRI and CT datasets. Five publicly avail-
able medical imaging datasets were used: the ultrasound Head
Circumference dataset (HC18) [44], the Cardiac Acquisitions
for Multi-structure Ultrasound Segmentation (CAMUS) [45],
the MRI Automated Cardiac Diagnosis Challenge (ACDC)
[46] and the spleen and liver CT datasets from the Medical
Segmentation Decathlon (MSD) [47]. Tasks included segmen-
tation of the head circumference—critical in fetal development
assessments, end-diastole of the left (LV) and right (RV)
ventricles—used for diagnosing various cardiac conditions, as
well as spleen and liver—uvital for monitoring hematological
or hepatic disorders. For uniformity across all datasets, we
conducted slice-based segmentation of imaging volumes and
filtered out background-only slices, keeping the largest object
of size at least 10 pixels.

For HC18, we used 507 images for training, 77 for val-
idation and 148 for testing. For CAMUS, we focused on
left ventricle (LV) segmentation and kept 350 training, 50
validation and 100 test images. For ACDC, we used 90,
10 and 50 patients (765, 78 and 470 images) for training,
validation and testing. For the MSD-Spleen dataset, we used 4
patients (114 images) for validation, 10 patients (340 images)
for testing and the remaining 27 patients (597 images) for
training. Finally, for the MSD-Liver dataset containing 131
patients, we utilized 13 patients (1,195 images) for validation
and 30 patients (3,466 images) for testing. Following [10], our
preprocessing involved clipping the intensity values of each 2D
image (HC18, CAMUS) or each 3D volume (ACDC, MSD) to
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TABLE |: Model performance on test sets in terms of mean (std) 2D DSC and ASSD, with limited training set size (20 samples
except for PerSAM, which uses 1 sample). The first row gives the results of SAM when prompted with a tight bounding box.
The best results for weakly supervised approaches are shown in bold while the best fully-supervised results are underlined. *
indicates statistical significance with a p-value < 0:05 for all paired permutation tests between our method and each baseline.

. Ultrasound (US) MRI CT
. #Train.
Train Label Method Params
HC18 CAMUS ACDC-RV ACDC-LV MSD-Spleen MSD-Liver
DSC (") ASSD (#) DSC (") ASSD (#) DSC (") ASSD (#) DSC (") ASSD () DSC (") ASSD (#) DSC (") ASSD (#)
Interactive SAM [8] 94.18 12.98 85.49 13.24 90.64 1.60 93.71 1.34 92.82 1.75 93.40 1.82
UNet [2] 6.8M 70.55 235 61.90 274 7297 947 27.30 1020 50.66 43 36.12 515 67.67 369 29.31 ss5 67.12 o940 84.18 z107 64.86 4 26.05 ss4
TransUNet [7] 105M 95.82 o020 8.33 o097 88.64 o089 1555 s 66.19 370 1455 207 83.48 197 940 279 7016 228 14.55 284 75.67 246 11.02 306
(Fggy;;sp;)rv Self-prompting [15] 257 8338 11 37.23 213 7404 10 2570 100 5227 ass 4197 sor 63.67 1m 18.47 o 7095 os 2831 si 68.15 ass 27.18 e
AutoSAM [14] 41.6M 9214 180 1650 ss1 88.78 1ss 11.60 273 69.01 702 1158 41 87.10 18 536 130 8230 40 2451 113 81.05 342 891 2
PerSAM [17] - 58.98 o019 106.44 oez 36.13 o000 110.88 o001 27.64 o948 57.71 1552 4543 sa7 4358 321 12.84 626 14320 1105 23.40 oe7 6552 oss
PerSAM-f [17] 2 68.67 432 7510 278 48.84 4s2 72.36 1062 28.47 1242 42.80 1426 61.13 916 21.83 s0s 36.72 1762 55.18 2157 5525 631 28.15 ew
Weak. superv. Kervadec et al. [28] 18.7M 76.08 s42 38.98 353 79.56 246 1552 094 55.64 449 3170 765 72.43 am 27.84 11 75.64 382 17.27 ss0 72.43 as7 30.97 142
(Bour'1d ’l))OX)' Wang et al. [41] 19.6M 30.23 ses 32.77 527 72.66 75 21.63 219 3530 s13 4845 2583 65.35 ses 35.62 1363 26.36 2646 97.23 653 39.46 2367 41.80 1921
Ours 41.6M 92.25 o84 1875 s00 84.21* 115 14.22*% o907 80.77* 112 534% os 89.82* 100 3.40% o0so 83.89% 162 13.14% 44z 78.47 150 10.37 :

the 0.5th and 99.5th percentiles, followed by rescaling to the
range [0, 255]. Each 3D volume from the ACDC and MSD
datasets was partitioned into 2D images and resampled to a
fixed resolution of Imm x 1mm. We then center-cropped and
padded each sample to size 640 640 (HC18), 512 512 (CA-
MUS and MSD-Spleen) or 256 256 (ACDC and MSD-L.iver).
Finally, to comply with SAM’s requirements, all images were
resized to a fixed dimension of 3 1024 1024 before being
fed to the foundation model.

B. Implementation Details

Our backbone promptable foundation model used SAM
ViT-H, the largest variant of SAM. Training operated on 20
samples for 200 epochs using a batch size of 4. The learning
rate was set to 0.0001 and reduced by a factor of 0.1 midway
through the training process. Additionally, a weight decay of
0.0001 was applied. Our training process optimized the total
loss, Liotar, cOmposed of four distinct loss terms, each assigned
a specific weight. For all experiments, we used the following
weight values: =1, ,=0:01, 3=0:001, and ,=0:001.
These hyperparameters were tuned by optimizing for the best
Dice score on the validation set, based on bounding boxes
from the provided weak annotation and predicted mask. To
avoid selecting hyperparameters encouraging hollow segmen-
tation masks, we required the average predicted foreground-
to-bounding-box size ratio to be above 50%. Optimization
was performed on the ACDC dataset, and the same hyper-
parameters were then kept fixed throughout the experiments.
To impose a strong size constraint, we set [ 1; 2] = [0:7;0:9]
and, following [28], scaled the parameter t of the log-barrier
function ¢ by a factor 1:1 every 5 epochs. For the consistency
loss, transformations included random flips and rotations. Due
to the symmetrical nature of images in the MSD-Spleen
dataset, we replaced flips with random translations and scaling
to better align with the dataset’s characteristics. We used the
model from the final training epoch at test time.

To minimize computational complexity and speed-up train-
ing, we excluded data augmentation during preprocessing.
Doing so allowed us to discard the image encoder during
training by using pre-computed image embeddings, reducing

the number of model parameters from 141.8M to 45.6M, with
41.6M trainable parameters.

Each experiment was repeated using three randomly se-
lected training subsets and three different initialization seeds
to ensure robustness. The results were averaged across all 9
trials. All experiments were conducted using Python 3.8.10
with PyTorch on NVIDIA RTX A6000 GPUs.

C. Evaluation Protocol

1) Evaluation Measures: Two evaluation measures assess
the performance of our proposed approach: the Dice Simi-
larity Coefficient (DSC) and the Average Symmetric Surface
Distance (ASSD). The DSC is defined as follows:

2 A\ Bj
A + B] ®

where A and B represent the sets of predicted and ground truth
(GT) segmentation masks, respectively. The DSC quantifies
the overlap between the predicted and ground truth masks,
with values ranging from 0% (no overlap) to 100% (perfect
overlap). A higher DSC indicates better segmentation perfor-
mance.

The Average Symmetric Surface Distance measures the
average shortest distances between contour C to any point
on contour Cg, and vice-versa: P
a2Ca d(a;Cg) + b2Cg d(b;Ca)

FNENY ;

JAl +)B) ©)
with d(i; C3) = minjc, d(i;j). The ASSD being undefined
for empty ground truths % predictions, we set in such case
the distance d(i;Cj) = H? +W?, corresponding to the
maximum possible distance in the image.

2) Baselines and Comparative Methods: We compare our
proposed method to two specialized models: a standard UNet
[2] and TransUNet [7]. Additionally, we validate our approach
against the original SAM prompted with a tight bounding box
based on the ground truth mask, as well as three SAM-based
automated approaches: Self-prompting [15], AutoSAM [14],

and PerSAM [17]. We also do a comparison with two weakly-
supervised methods based on a residual UNet trained with

ASSD(Ca;Cg) =
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Fig. 4: Predicted segmentations on test samples of the HC18, CAMUS, ACDC-LV and MSD-Spleen datasets. From left to
right, (a) SAM prompted with a tight box based on the ground truth, (b-€) UNet, TransUNet, Self-prompting and AutoSAM, all
trained with ground-truth masks, and (f) residual UNet trained with tight box constraints and (g) our prompt learning method
trained with bounding box annotations. All automatic methods are given for the 20-shot setting. Ground-truth annotation is
drawn in red, with the predicted segmentation mask overlayed in blue. In most cases, our weakly supervised approach is able
to produce better segmentations than methods that require full annotation masks during training.

bounding box annotations: the first using box-based constraints
[28] and the other based on generalized MIL and smooth
maximum approximation [41].

The UNet, TransUNet, Self-prompting, PerSAM and Au-
toSAM models were trained using full segmentation masks.
To ensure optimal performance for the baseline models, we
increased the batch size to 24 for TransUNet, following [7].
The UNet and TransUNet were optimized with a standard
Dice cross-entropy loss. The weakly supervised and SAM-
based prompt learning baselines followed the best practices
outlined in [14], [15], [17], [28], [41].

D. Quantitative and Qualitative Results

Our main findings, based on experiments conducted on
four distinct medical imaging datasets—ultrasound (HC18 and
CAMUS), MRI (ACDC), and CT (MSD-Spleen and MSD-
Liver)—are summarized in Table I and visualized in Fig. 4.

From Table I, we observe that our prompt-learning method
outperforms by a large margin the other weakly supervised
approaches [28], [41]. Compared to fully-supervised methods,

our approach outputs results that are on par with the best
performing specialized method (TransUNet) and SAM-based
method (AutoSAM). For half of the tasks, our approach
based on bounding boxes is even able to outperform the best
fully-supervised approach requiring ground truth masks. These
findings are supported visually by Fig.4. Interestingly, the
figure also shows that our method yields a better segmentation
than interactive SAM on the CAMUS test sample, supporting
our claim that our proposed approach is able to address the
failed predictions of the foundation model.

E. Ablation Study

1) Impact of Loss Components: In the absence of ground-
truth masks, our objective function is built upon the predictions
of the prompted foundation model, bounding box-based con-
straints, and consistency-based regularization. In this ablation
study, we assessed the contribution of each loss component
in both a highly complex setting (with SAM ViT-b and 10
samples) and a moderately complex setting (with SAM ViT-
H and 20 samples). Table 1I, shows that, in highly complex
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TABLE II: Impact of each loss component on the 2D Dice similarity score (*'). Results are reported for two settings: a highly
complex setting with a small backbone and training set size (SAM ViT-b and 10 samples), and a moderately complex setting
with a huge backbone and larger training set size (SAM ViT-H and 20 samples). The importance of each loss component is
most apparent in the highly complex setting, where the foundation model is most likely to make errors.

Task  Pseudo-label Size  Emptiness Consistency |, ~/q CAMUS ACDC-LV ACDC-RV MSD-Spleen
complexity loss constraint  constraint loss

X 38.43 316 76.56 596 62.87 739 80.06 194 81.49 218
High X X X 77.38 33 8265 113 6546 321 79.38 3sr 8119 oss
X X X X 79.68 183 83.13 o3 7259 167 84.33 2020 8192 on
X 90.15 105 8354 114 7270 495 87.49 o9 86.19 240
Moderate X X X 90.46 oes 83.28 111 70.18 701 8744 155 8410 143
X X X X 9225 o8+ 8421 115 80.77 112 89.82 100 83.89 16

TABLE III: Impact of weakly supervised optimization scheme
on our prompt learning module training. The 2D test Dice
similarity score (") is reported after training with 20 samples.
Our multi-loss optimization strategy significantly outperforms
existing weakly supervised loss functions.

Weakly Supervised Loss HC18 ACDC-LV MSD-Spleen
Tightness constraints [28] 85.68 254 61.09 s9o1  73.09 146
Ours 92.25 o8 80.77 112 83.89 162

settings where the foundation model is most likely to make er-
rors even when provided with a prompt, our size and emptiness
constraints are able to successfully guide the model to produce
more accurate predictions. This is especially true for tasks
where the pseudo-label loss alone falls short (i.e., ultrasound
head segmentation). However, these constraints benefit all
tested datasets. Furthermore, our consistency loss can boost
performance by an additional 2.9-10.9% by regularizing the
prompt module’s training. In a moderately complex setting,
where the foundation model is more informative and the mod-
ule is trained on a bigger set, using only our pseudo-label loss
already provides reasonable segmentation masks. Additional
constraints and consistency loss can nonetheless further boost
the performance. Similarly, Table 11l validates the strength of
our proposed weakly supervised optimization scheme. Using
our combined losses yields up to 32% improvement compared
to when using the tightness constraints of [28] to train our
prompt module.

Fig. 5: Results on HC18 with 10, 20 and all samples. Our
weakly supervised method (dark red) consistently ranks in
the top-3 approaches. In low data regimes, it outperforms
other bounding box-based (pink) and fully supervised (grey)
approaches by a large margin.

Fig. 6: Results on ACDC-LV for increasing training set sizes.
Given only limited data, our approach (dark red) outperforms
all other methods—including fully supervised methods with
GT masks (grey).

Fig. 7: Results on MSD-Spleen with 10, 20 and all samples.
Our method (dark red) constantly ranks top-2, surpassing all
box-based (pink) and nearly all mask-based (grey) approaches.

2) Impact of Number of Training Samples: We evaluated the
limits of our approach by experimenting with a smaller and
larger training set, respectively 10 samples and the complete
training set. We focused on the HC18, ACDC-LV and MSD-
Spleen datasets, each representing a different modality: ultra-
sound, MRI and CT. We kept the same setup as with the main
experiments. However, in the full data setting, we reduced the
number of epochs to 20, and given the low-intensity contrast
typical of ultrasound images, we tightened the size constraint
on the HC18 datasets by doubling t every epoch.

From Fig.5, Fig.6 and Fig.7, we observe that our method al-
ways performs better than other weakly supervised approaches
[28], [41], across different training set sizes. In the very low
data setting (10 samples), our method remains competitive,
outperforming by a large margin UNet and Self-prompting,
and even surpassing TransUNet on two out of three tasks. Our
prompt learning approach delivers results that are comparable
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to—and in one case, better than—AutoSAM, without requir-
ing GT masks. These results validate the robustness of our
approach, both in scenarios with very limited and full training
data.

3) Impact of Foundation Model Backbone: To assess the gen-
eralizability of our framework, we perform evaluations with
different vision foundation models, specifically MedSAM [10],
a specialized version of SAM fine-tuned for medical imaging
tasks, as well as another versions of SAM (SAM ViT-b). The
results presented in Table IV for the HC18 and ACDC datasets,
none of which were used to train MedSAM, demonstrate that
our method performs effectively across different foundation
model backbones. Notably, using a backbone model tailored
explicitly for medical image analysis improves overall perfor-
mance compared to the model trained on natural images, as
evidenced by the higher Dice similarity scores across all tasks.
The mean Dice score increases from 79.68% to 91.17% with
the HC18 dataset, and similar performance gains are observed
for both right and left ventricle segmentation of the ACDC
dataset. These results reinforce the advantage of leveraging
domain-specific foundation models and confirm the robustness
of our approach to different backbone models.

TABLE IV: 2D DSC (") on the test set with different backbone
foundation models, when trained with 10 samples.

Backbone HC18

SAM ViT-b 79.68 183
SAM ViT-H 90.40 109
MedSAM 91.17 105

ACDC-RV

72.59 167
72.43 384
7452 312

ACDC-LV

84.33 202
84.97 134
86.14 130

4) Impact of Label Noise: Finally, we explored a challenging
real-case scenario, where bounding boxes are subject to human
error. We simulated label noise by randomly displacing in any
direction the box boundaries by up to 1.5%, 1.5-3% and 3-5%
of the total number of image pixels. Visual examples of such
noisy prompts are shown in Fig.2. The results for three datasets
with different tasks, modalities and image sizes are provided
in Table V. Despite an expected decrease in performance with
increasing variability of the bounding box sizes, our prompt
module maintains a competitive performance. For instance,
given light human error (less than 1.5% of pixel displacement),
our approach only shows a decrease of 0.5-0.7% in the Dice
similarity score for HC18 and ACDC-LV.

TABLE V: Mean 2D DSC (") for different noise levels of the
bounding box (in % of total number of image pixels), when
trained with 20 samples.

Label pixel displacement HC18 ACDC-LV MSD-Spleen
None (tight box) 92.25 o8 89.82 100 82.82 1%
< 1:5% 91.75 o022 89.20 oo7 80.33 o077
1.5 3% 89.87 o079 7745 214 69.89 154
3 5% 84.99 242 6845 o0ss 58.03 136

VI. CONCLUSION

Visual foundation models have enabled significant progress
in medical image segmentation by reducing the burden of

manual annotation. Recent prompt learning strategies auto-
mate these interactive models by training auxiliary modules
to generate prompts directly from images. However, their
dependence on pixel-wise annotated datasets remains a ma-
jor limitation. In this work, we propose a novel framework
that combines the strengths of foundation models with the
cost-efficiency of weakly supervised learning. Our approach
automates and adapts foundation models through a dedicated
prompt module using only bounding box annotations. The
module is trained via a multi-loss optimization scheme that in-
tegrates the segmentation predictions from the prompted foun-
dation model with box-based spatial constraints and consis-
tency regularization. Our method not only reduces annotation
costs but also improves segmentation performance compared
to existing weakly supervised approaches. Through extensive
experiments across multi-modal datasets—spanning full-data,
limited-data and out-of-domain settings—we demonstrate the
generalizability and robustness of our method. Although our
current implementation focuses on SAM-based models, our
proposed framework is readily extendable to other interactive
foundation models, and provides a promising direction for
future work in multi-class and multi-organ segmentation tasks.
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