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Abstract. Foundation models for medical image segmentation, like prompt-
based MedSAM, generalize well across domains and modalities, often
in zero or few-shot setups. However, their performance depends on the
quality of prompts and the adaptation of the models to custom datasets.
This work systematically examines how MedSAM generalizes across di-
verse medical imaging benchmarks, with six adaptation strategies: full-
model and encoder-only LoRA, shallow and deep visual prompt tun-
ing (VPT), and decoder-only and full fine-tuning. Models are trained
on the International Skin Imaging Collaboration Challenge (ISIC 2018)
dataset and evaluated under clean and increasingly noisy prompts on IN
and Out-of-Distribution (OOD) datasets: close-OOD PH2 (dermoscopy),
far-OOD BUSI (Breast Ultrasound Images Dataset) and CBIS-DDSM
(Curated Breast Imaging Subset of the Digital Database for Screening
Mammography). We show that adaptation improves performance on IN
and close-OOD data but often reduces performance on far-OOD data.
Full fine-tuning provides the best tradeoff, while encoder-only LoRA
is the strongest parameter-efficient alternative, outperforming standard
LoRA and VPT under far-OOD shifts. Using Centered Kernel Align-
ment (CKA), we show that far-OOD degradation is strongly associated
with drift in decoder representations, whereas encoder similarity alone
does not explain robustness. This suggests encoder-only LoRA provides
stronger robustness than standard LoRA by adapting the encoder to dis-
tribution shift in visual features, while preserving the decoder pathway.
We further show that random 0-100 pixel jitter on prompts produces
more robust and better performing models. We thus conclude that ro-
bust MedSAM adaptation requires the combined consideration of prompt
noise exposure, domain shift, and representation preservation. We release
our code: https://github.com/ImSounic/medsam-vpt.
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1 Introduction

Semantic segmentation is essential in many clinical applications, but requires
costly manual annotation. While deep learning can reduce this burden, task-
specific models often fail to generalize beyond their training domains. Segmenta-
tion foundation models (FMs) such as SAM [23] offer a prompt based alternative.
Out-of-the-box SAM performance in medical imaging faces challenges, such as
domain shift, weak boundaries, low contrast, and modality-specific appearance
changes [17,24]. This has motivated medical segmentation FMs [3,15,16] like
MedSAM [15], which was trained on over one million medical images, across 150
tasks, but assumes region of interest (ROI) prompts at inference time.

The first challenge this approach faces is ROI sensitivity. Promptable models
that require ROI prompts [15,16] highly depend on the user-provided bound-
ing box, which in clinical settings may be noisy, inconsistent, or unavailable,
substantially affecting performance [3, 10, 26]. Previous work has therefore stud-
ied strategies to reduce ROI noise sensitivity, by identifying optimal prompting
strategies [10, 26] or by introducing perturbed bounding-box prompts [21].

The second challenge is generalization under distribution shift, as models
lose performance when applied beyond their training distribution [2, 7, 19]. Prior
work has studied out-of-distribution (OOD) identification [2]|, robustness under
distribution shift [19, 23], and generalization across domains [3,17,19].

The third challenge is the adaptation cost. Fine-tuning medical FMs can im-
prove performance, but is computationally expensive. Parameter efficient meth-
ods such as LoRA [9] and visual prompt tuning (VPT) [11,27] reduce this cost,
but remain sensitive to dataset and prompt quality [10,17,22,26]. As a result,
adaptation may improve in-domain performance while degrading robustness to
OOD data or noisy ROI prompts. Despite advances, prior work has not system-
atically connected fine-tuning strategy, prompt robustness, and domain gener-
alization in medical segmentation FMs. Existing studies often focus on target
domain adaptation, while separately acknowledging ROI noise and distribution
shift. However, it remains unclear which fine-tuning strategies provide the best
target-domain performance while preserving generalization, which lose most gen-
eralization capabilities, and which are most sensitive to noisy prompts.

Contributions This work studies how fine-tuning strategies affect segmentation
performance under prompt and domain shift, and relates performance to the
internal representations of MedSAM and its fine-tuned variants. In contrast to
prior work that focuses mainly on adaptation, prompt refinement, or prompt
automation, we jointly evaluate adaptation strategy, prompt robustness, and
domain generalization. We compare zero-shot MedSAM with full and decoder-
only fine-tuning, full-model and encoder-only LoRA, and shallow and deep VPT
under controlled bounding-box perturbations in training and evaluation.

Our contributions are threefold. First, we systematically evaluate bounding-
box perturbation, using models trained with clean boxes, fixed-noise boxes, and
variable-noise boxes, then evaluated across multiple perturbation levels. Sec-
ond, we compare full fine-tuning and parameter-efficient fine-tuning in the same
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perturbation-aware setting to identify which methods remain robust when ROI
prompts are imperfect, while test data shifts away from the target domain. Fi-
nally, we link layerwise representational similarity, measured with centered ker-
nel alignment (CKA) [12], to in- and OOD segmentation performance, and test
whether representation preservation is associated with OOD generalization.

2 Related Work

Recent progress in foundation models has led to segmentation systems that
transfer well to medical imaging. MedSAM [15] is a notable example, adapting
SAM [23] to medical images, achieving strong performance across modalities,
with extended following versions [15, 16,24, 25]. Medical datasets are often small
and costly to annotate, so foundation models are often evaluated in zero-shot
settings. However, out-of-the-box performance is often suboptimal, largely due
to distribution shift between pretraining and target clinical data (3,17, 23|. Fine-
tuning on target domain data can improve performance, but it is computationally
expensive, requires annotated data, and may reduce generalization ability.
Therefore, lightweight methods have been explored, like prompt tuning [6],
visual prompt tuning [5,8, 11, 20|, and low rank adaptation (LoRA) adapters [6,
9]. These methods aim to preserve the benefits of large pre-trained models while
reducing training cost, but remain sensitive to task design and prompt quality.

2.1 Efficient fine-tuning methods

MedSAM architecture MedSAM [15] is the backbone to be evaluated under
zero-shot and fine-tuned settings. It consists of an image encoder, prompt en-
coder, and mask decoder. The image encoder is a Vision Transformer (ViT) with
12 transformer blocks that produce dense image embeddings. The prompt en-
coder embeds user prompts, such as bounding boxes, which the two-layer mask
decoder fuses with image embeddings to produce segmentation masks.
Prompt tuning Prompt tuning freezes most of the network and learns only a
small number of task specific parameters, reporting good performance in [6].
Visual prompt tuning (VPT) VPT extends prompt adaptation to vision
models by learning a set of prompts while freezing the backbone [8, 11], improving
performance in a low-data regime [27], supported by recent SAM variants [5, 20].
Low Rank Adaptation (LoRA) LoRA is a parameter-efficient fine-tuning
strategy that updates a model through low-rank trainable weight matrices rather
than modifying the full weight tensors, while keeping backbone fixed [6, 9].

2.2 Robustness and out-of-distribution (OOD) generalization

Generalization under domain shift remains a challenge in medical segmentation,
since models often degrade when transferred across scanners, hospitals, or modal-
ities [2,7]. Related studies have focused on OOD identification [2], robustness
under shift [23], and generalization across domains [3, 17].
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2.3 Prompt sensitivity to noise

Prior work has shown that promptable segmentation models are sensitive to
prompt type and quality [3,10, 17,24, 26|, and that perturbing the box can sig-
nificantly reduce segmentation accuracy, with [3], reporting strong variation
across datasets and prompt settings [17,24]. RobustMedSAM [14] claims im-
age encoder preserves medical priors, while the mask decoder governs corrup-
tion robustness. Several works address this limitation by refining or augmenting
the input prompt [10, 26], through bounding box correction [26], refining noisy
prompts [10] or by training on perturbed bounding boxes [15,21], where impre-
cise bounding boxes serve as an unsupervised localization task [22].

2.4 Feature representation comparison

Comparing representations is a well-studied problem in machine learning [12].
Comparing only final embeddings can miss layer-specific changes, originating
from fine tuning strategies that adapt different parts of MedSAM. We therefore
compare internal feature representations across layers using Centered Kernel
Alignment (CKA) [12]. For each model, we compute CKA between its layer
representations and those of zero shot MedSAM, using the same input images.

3 Methodology

3.1 Perturbed bounding box prompts

All images are resized to 1024 x 1024. The bounding box prompts undergo evalua-
tion perturbations of p € {0, 20,50, 100,200}, corresponding to mean side length
increases of 0%, 1.95%, 4.88%, 9.77%, and 19.53% of image size, and mean box
area increases of 0%, 17.61%, 48.85%, 112.67%, and 280.14%, reaching as high
as 1327.9% for small lesions in CBIS-DDSM.

During training: We train models under three prompt settings: clean bound-
ing boxes, bounding boxes perturbed by a fixed 20 pixels, and bounding boxes
randomly perturbed between 0 and 100 pixels. This allows us to test whether
exposure to imperfect prompts improves localization robustness, and whether
training with a fixed perturbation causes overfitting to a specific noise level.

During evaluation We evaluate each trained model across five bounding box
perturbation levels: 0, 20, 50, 100, and 200 pixels. This tests robustness under in-
creasing prompt noise and evaluates whether models trained with perturbations
up to 100 pixels generalize to more severe 200 pixel perturbations in inference.

3.2 Datasets and in- vs out-of-domain separation

We use ISIC 2018 [4] dermoscopic skin lesion images [CC BY-NC] for training
and in-domain evaluation. PH? [18] [public research use|, another dermoscopic
skin lesion dataset, is used as a close out-of-domain dataset because it shares
the same imaging modality and target structure but differs in acquisition source
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Fig. 1: Prompt perturbation examples.

and dataset distribution. To evaluate stronger domain shift, we use BUSI breast
ultrasound images [1] [CC BY 4.0] and CBIS-DDSM mammography images [13]
[TCIA data usage policy] as far out-of-domain datasets. This separation allows
testing whether adaptation improves performance only for target domain or
preserves generalization across different clinical imaging domains.

3.3 Representation similarity measurement

We measure representation similarity using linear Centered Kernel Alignment
(CKA). For each adapted checkpoint, we compare layerwise representations
against zero shot MedSAM using the same images and prompts. CKA is com-
puted across the image encoder, prompt encoder, and mask decoder, with higher
values indicating stronger preservation of the original MedSAM representation.

4 Experiments and results

4.1 Implementation details

Training paradigms implementation All methods use the MedSAM back-
bone with a frozen prompt encoder, so bounding-box prompts are encoded iden-
tically across experiments. Full fine-tuning updates the image encoder and mask
decoder, while decoder-only fine-tuning updates only the mask decoder. Full
LoRA adds trainable adapters to both the image encoder and decoder, whereas
encoder-only LoRA adds adapters only to the image encoder. VPT freezes the
image encoder and adds learnable visual prompt tokens either once at the en-
coder input for shallow VPT or at every encoder block for deep VPT; in both
VPT settings, the mask decoder is trained.

Training details All models were trained for 5 epochs on ISIC 2018 at
1024 x 1024 resolution using AdamW, mixed precision, and an equally weighted
Dice + cross-entropy loss. The 2,594 ISIC images were split 80/10,/10 into train,
validation, and test sets. Experiments used 8 GPUs with 16—22 GB memory,
while training lasted 8 hours. Full fine-tuning used batch size 1 and learning
rate 107°, while parameter-efficient methods used batch size 4 and learning
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ISIC 2018 (ID) PH? (near-00D)

Evaluation jitter (px) Evaluation jitter (px)
BUSI (far-OOD) CBIS-DDSM (far-OOD)

Evaluation jitter (px) Evaluation jitter (px)
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Fig.2: Robustness to bounding-box perturbation under variable training jitter.
Dice is reported across evaluation jitter levels for all adaptation strategies on
ID, near-OOD, and far-OOD datasets.

rate 10~%. Hyperparameters were fixed across datasets, Dice was reported for
readability, and each configuration was repeated across three random seeds. For
LoRA, we used rank (r=8), scaling factor (o = 16), and dropout (0.0); for
VPT, we used 10 prompt tokens per insertion point. The number of trainable
parameters was 93.7M for full fine-tuning, 4.4M for full LoRA, 4.1M for encoder-
only LoRA, 4.1M for decoder-only fine-tuning, and 4.1M /4.2M for shallow/deep
VPT. CKA and OOD evaluation were performed on 200 PH2, 647 BUSI, and
362 CBIS-DDSM images. For ISIC, CKA was computed on all 2,594 images.

4.2 Per-method performance across variable evaluation jitter

Figure 2 summarizes the robustness of each method across jitter levels. For each
method, we average performance across the three training prompt perturba-
tions: 0, fixed 20, and random 0-100 pixels. Overall, performance degrades sub-
stantially as evaluation jitter increases. The results also show variability across
adaptation methods. Full fine-tuning and encoder-only LoRA are the strongest
and most robust methods overall. Standard LoRA, drops substantially on OOD
datasets, despite strong in-domain performance, as reported in the literature [2].
At higher jitter levels, zero-shot outperforms all adapted models on BUSI and
CBIS-DDSM. Only full fine-tuning and encoder-LoRA maintain far OOD per-
formance close to zero-shot while still improving in-domain performance.
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Table 1: Mean Dice gain over zero-shot by regime, method, and training jitter.
Values are averaged over three runs; the Mean column reports mean + standard
deviation. Bold and underline indicate the best and second-best methods.

Regime Method 0 20 rlo0 Mean Best train Best method
Dec. only -0.016 -0.007 0.014 —0.003 £ 0.002 r100
VPT-S -0.008 -0.001 0.009 —0.000 =+ 0.003 r100

1D VPT-D -0.010 -0.005 0.013 —0.001 + 0.002 r100
LoRA 0.012 0.016 0.035 0.021 £+ 0.001 r100 LoRA

Enc-LoRA -0.027 -0.028 0.053 —0.001 =+ 0.002 r100
Full FT -0.006 -0.005 0.034 0.007 + 0.002 r100

Dec. only -0.016 -0.007 0.009 —0.005 =+ 0.004 r100

VPT-S -0.009 -0.004 0.009 —0.001+0.003  rl00
Close OOD VPT-D -0.011 -0.007 0.011 —0.002 +0.001  rl00
LoRA 0.015 0.020 0.042 0.026 +0.001  rl00 LoRA

Enc-LoRA -0.017 -0.022 0.023 —0.005 =+ 0.002 r100
Full FT -0.007 -0.003 0.035 0.008 £ 0.002 r100

Dec. only -0.036 -0.032 -0.088 —0.052 = 0.010 20
VPT-S -0.127 -0.161 -0.230 —0.172 % 0.002 0
Far OOD VPT-D -0.126 -0.139 -0.198 —0.154 % 0.015 0
LoRA -0.142 -0.157 -0.228 —0.176 & 0.017 0
Enc-LoRA -0.024 -0.052 -0.054 —0.043 & 0.010 0
Full FT  -0.014 -0.011 -0.029 —0.018 £ 0.005 20 Full FT
Dec. only -0.023 -0.015 -0.022 —0.020 & 0.005 20
VPT-S -0.048 -0.055 -0.071 —0.058 % 0.003 0
Overall VPT-D -0.049 -0.050 -0.058 —0.052 % 0.004 0
LoRA -0.038 -0.040 -0.051 —0.043 % 0.006 0
Enc-LoRA -0.023 -0.034 0.007 —0.016+0.004  rl100
Full FT  -0.009 -0.006 0.013 —0.001 £0.003  rl00 Full FT

4.3 Performance regarding method and training jitter

Table 1 summarizes Dice gain relative to zero-shot MedSAM across adaptation
methods and training jitter. Overall, zero-shot performance is difficult to improve
upon, especially on far-OOD datasets, while in-domain and close-OOD gains
often come with reduced generalization.

Standard LoRA achieves the largest ID and close-OOD gains, but drops
sharply under far-OOD shift, with a mean gain of -0.176. In contrast, encoder-
only LoRA is more robust, with a far-OOD mean of -0.043 and the second-best
overall mean of -0.016. Better generalization by restricting LoRA to the encoder
is consistent with the CKA analysis (Section 4.4) that shows preserving decoder
representations is associated with far-OOD robustness. Visual prompt tuning
does not provide a favorable tradeoff: shallow and deep VPT show negligible ID
and close-OOD gains, with large far-OOD drops. Training with random 0-100-
pixel jitter generally produces the best adapted models overall, especially for full
fine-tuning and encoder-only LoRA.

Across all regimes, full fine-tuning remains the strongest method, achiev-
ing the best far-OOD mean gain (-0.018) and best overall mean gain (-0.001).
Encoder-only LoRA is the strongest parameter-efficient alternative, clearly out-
performing standard LoRA and VPT under OOD shift.

4.4 CKA correlation with OOD performance

The following CKA analysis links performance to decoder representational drift,
as each training paradigm inevitably shifts internal model representations across
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Table 2: Spearman/Pearson correlations between CKA and Dice gain over zero-
shot. Stars denote false discovery rate corrected significance across 30 tests: *
q < 0.05, ** ¢ < 0.01, *** ¢ < 0.001. Total sample size is n = 3000.

CKA feature ID (ISIC 2018) Close-OOD (PH?) Far-OOD (BUSI/CBIS)

ToU token layer  0.097 / 0.106 -0.018 / -0.021 0.760*** / 0.692***
Output layer 0.060 / 0.026 0.004 / -0.017 0.755*** / 0.718***
Decoder layers  -0.075 / -0.107 -0.022 / -0.079 0.726™** / 0.687***
Upscaled emb. 0.195 / 0.050 0.294* / 0.213 0.713*** / 0.791***
Encoder layers -0.282* /-0.299* -0.281* /-0.352"" 0.091 / 0.059

layers. Here, we connect which MedSAM internal representations correlate with
performance gains. Table 2 shows that CKA is weakly correlated with perfor-
mance gains in ID and close-OOD regimes, but strongly correlated with far-OOD
gains for decoder-side representations. The IoU token output, output layer, de-
coder layers, and upscaled embedding show high positive far-OOD correlations.
In contrast, encoder-layer CKA is weakly negative across regimes, indicating
that encoder similarity to zero-shot MedSAM alone does not explain robustness.

Overall, far-OOD degradation is tied to drift in the mask decoder and out-
put representations, suggesting that generalization is harmed when output-side
representations are disrupted.. Therefore we include encoder-only LoRA fine-
tuning, which performs better both overall and on far-OOD data than standard
LoRA, while remaining competitive with full FT. This analysis, often ignored
by works focusing mainly on Dice optimization, suggests encoder adaptation of
MedSAM can result in a much more robust model overall.

Because the pooled CKA observations share images and backbones across
methods, seeds, and perturbation levels, they are not independent and the ef-
fective sample size is smaller than the nominal n. The reported p-values should
therefore be interpreted as descriptive rather than strict hypothesis tests. This
does not change the qualitative conclusion that decoder-side similarity tracks
far-OOD performance more closely than encoder similarity.

5 Conclusion

We systematically evaluated MedSAM adaptation under joint domain shift and
bounding-box prompt perturbation, both during training and evaluation. By
training with clean boxes, fixed 20-pixel, and random 0-100 pixel perturbations,
and evaluating across increasing prompt noise, we show that prompt robustness
depends strongly on both the adaptation strategy and the training jitter regime.
Zero-shot MedSAM remains difficult to improve upon when far-OOD robustness
is considered, especially under severe prompt perturbation.

Across adaptation methods, full fine-tuning provides the strongest overall
tradeoff, while encoder-only LoRA is the best parameter-efficient alternative.
Compared with standard LoRA, decoder-only fine-tuning, and shallow or deep
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visual prompt tuning, encoder-only LoRA better preserves far-OOD performance
while maintaining strong in-domain and close-OOD performance.

Our CKA analysis links performance differences to decoder representational
drift. Far-OOD generalization is strongly associated with preserving decoder and
output representations, whereas encoder similarity does not explain robustness.
This supports encoder-only LoRA as a practical CKA-informed adaptation strat-
egy: adapting the image encoder while avoiding decoder/output drift leads to a
stronger robustness tradeoff than standard LoRA. Overall, variable 0-100 pixel
jitter training produces the most reliable adapted models.

Deployment and limitations. Full fine-tuning is strongest for far-OOD trans-
fer, while encoder-only LoRA is the strongest parameter-efficient method. Be-
cause training is limited to dermoscopy, the far-OOD results reflect combined
modality and target-structure shift and should be interpreted primarily through
method rankings.

Disclosure of Interests. The authors have no competing interests in the paper.
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