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Abstract

Large-scale pretrained vision backbones have
transformed computer vision by providing pow-
erful feature extractors that enable various down-
stream tasks, including training-free approaches
like visual prompting for semantic segmentation.
Despite their success in generic scenarios, these
models often fall short when applied to special-
ized technical domains where the visual features
differ significantly from their training distribution.
To bridge this gap, we introduce VP Lab, a com-
prehensive iterative framework that enhances vi-
sual prompting for robust segmentation model de-
velopment. At the core of VP Lab lies E-PEFT,
a novel ensemble of parameter-efficient fine-tuning
techniques specifically designed to adapt our vi-
sual prompting pipeline to specific domains in a
manner that is both parameter- and data-efficient.
Our approach not only surpasses the state-of-the-
art in parameter-efficient fine-tuning for the Seg-
ment Anything Model (SAM), but also facilitates
an interactive, near-real-time loop, allowing users
to observe progressively improving results as they
experiment within the framework. By integrating
E-PEFT with visual prompting, we demonstrate
a remarkable 50% increase in semantic segmen-
tation mloU performance across various technical
datasets using only 5 validated images, establish-
ing a new paradigm for fast, efficient, and inter-
active model deployment in new, challenging do-
mains. This work comes in the form of a demon-
stration'

1 Introduction

Foundation Models have revolutionized machine learning by
shifting from task-specific models to generalist ones pre-
trained on large, diverse datasets and fine-tuned for various
downstream tasks [et al., 2022]. In computer vision, mod-
els like Segment Anything Model (SAM) [Kirillov et al.,
2023], CLIP [Radford et al., 2021], and DINOv2 [Oquab

"Demonstration can be found in the official project page.

et al., 2024] enable powerful functionalities such as seman-
tic segmentation and classification in a zero-shot manner.
Their versatile capabilities are central to many applications,
including innovative approaches in applied computer vision,
e.g. for visual inspection [Rigotti et al., 2023]. This work
focuses on semantic image segmentation, a key computer vi-
sion task essential for applications in medical imaging, au-
tonomous driving, and visual inspection. We aim to develop
a human-computer interaction workflow for few-shot open-
world segmentation that efficiently addresses real-world, out-
of-domain use cases.

We build on the existing visual prompting literature [Liu et
al., 2024b], [Frick et al., 20241, [Avogaro et al., 2025], which
introduced pipelines relying on foundation models - in par-
ticular DINOvV2 for feature matching and SAM to segment
objects of interests based on minimal user annotations of ref-
erence images. While these pipelines support accurate vi-
sual prompting in generic vision domains [Frick et al., 20241,
they often struggle with specialized technical applications.
Especially SAM, despite its broad capabilities, faces chal-
lenges in generating coherent segmentation masks for techni-
cal, domain-specific objects. This paper focuses on address-
ing these challenges, proposing a solution for scenarios where
visual prompting alone is inadequate and lacks scalability.

To address this challenge, as our main innovation, we in-
troduce E-PEFT, a scalable ensemble of parameter-efficient
fine-tuning techniques for the SAM that ensures fast conver-
gence and delivers state-of-the-art results for test-time train-
ing when integrated into a visual prompting pipeline. To fully
leverage this technique in an interactive scenario, we intro-
duce a complementary label correction workflow, which pro-
vides efficient mask refinement capabilities. Together, these
developments notably enhance performance in complex, real-
world scenarios where visual prompting based on generic
pretrained models alone is inadequate. With the integration
of E-PEFT into a base framework like [Frick et al., 2024], we
enable an unparalleled level of adaptability to novel domains
without significantly sacrificing the interactivity between the
user and the model, allowing users to see progressively better
results as they continue experimenting within the new frame-
work. This evolution transforms a visual prompting frame-
work into a Visual Prompting Laboratory (VP Lab), empow-
ering users to explore and flexibly address new challenging
semantic segmentation use cases.
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Figure 1: VP Lab Workflow: Users prompt and validate a refer-
ence image, which guides predictions on target datasets. They can
refine these predictions with a labeling tool, and feed them into a
parameter-efficient fine-tuning process of the underlying model. Af-
ter iterative improvements, the optimized model can be exported and
deployed as needed.

2 Related Work

Parameter-efficient fine-tuning techniques have become es-
sential for adapting large pretrained foundation models to
specific tasks with minimal computational resources. One
of the pioneering techniques introduced by [Houlsby et al.,
2019] consists of adding trainable adapter layers inside the
backbone, instead of fine-tuning the model parameters. The
Low-Rank Adaptation (LoRA) framework introduced by [Hu
et al., 2021] achieves this by injecting low-rank trainable ma-
trices into the attention layers of Transformer architectures,
allowing for efficient fine-tuning without modifying the en-
tire model. Building upon LoRA, QLoRA [Dettmers ef al.,
2023] combines model quantization with low-rank adapta-
tion, enabling fine-tuning of large language models on limited
hardware by reducing memory usage.

Visual Prompt Tuning (VPT) [Jia et al., 2022], adapts pre-
trained vision models to new tasks by learning a set of visual
prompts, i.e. tokens which effectively condition the model
without altering its original parameters. Additionally, the
IA3 method [Liu et al., 2022] offers a parameter-efficient ap-
proach by learning task-specific adapters, further enhancing
the adaptability of large models to diverse tasks.

Several methods have been proposed for fine-tuning SAM
[Kirillov et al., 2023], each targeting different aspects of im-
age segmentation. Notably, HQ-SAM [Ke et al., 2023] fo-
cuses on improving segmentation quality by prioritizing high-
fidelity outputs. BOFT [Liu et al., 2024a] offers a parameter-
efficient solution through orthogonal fine-tuning, optimiz-
ing segmentation performance while reducing computational
costs and [Zhong et al., 2024] proposes an hybrid solution
adding low-rank convolution adapter layers to the SAM back-
bone.

3 Visual Prompting Lab

VP Lab (Figure 1) is a scalable segmentation framework that
enhances visual prompting to address complex technical use
cases. The workflow consists of the following steps: i) Vi-
sual prompting and validating a reference image — the user
provides points on the reference image to indicate the ob-
ject class of interest. These input serve as a sparse prompt
for SAM, which generates a reference mask; ii) Generat-
ing pseudolabels — the SoftMatcher [Frick et al., 2024] vi-
sual prompting algorithm computes pseudolabels for the tar-
get dataset; iii) Refining labels — labels are refined using an
annotation tool in the web interface and validated by the hu-
man in the loop; iv) Refining model — the E-PEFT algorithm
is used to fine-tune the SAM mask decoder in a matter of
minutes, enhancing the segmentation capabilities of the full
visual prompting pipeline and enabling it to handle new use
cases not covered by the foundation model’s internet-scale
training dataset. The refined model can be exported for pro-
duction or used to further refine predictions by restarting from
step ii). This loop can be repeated as needed.

The key innovations of our framework, compared to ap-
proaches like Softmatcher [Frick er al., 2024], focus on cre-
ating a system capable of generating models for real-world
technical use cases within minutes. Achieving this requires
enabling users to make substantial changes to the model
through efficient fine-tuning of the visual prompted foun-
dation model. To promptly address challenging use cases,
the fine-tuning process must rely on accurate labels, execute
quickly, and consume minimal resources. The first step for
enabling this capability is the integration of a label refine-
ment tool within the interface. This tool is essential for al-
lowing users to contribute directly to the pipeline. By leverag-
ing the interaction with the visual prompting framework, the
labeling process becomes highly efficient, as users only need
to refine existing outputs rather than annotate from scratch.
Then, the main enabler and innovation of this pipeline is
an efficient, parameter-efficient fine-tuning technique de-
signed for test-time adaptation. To support for rapid iterations
between the model and user, the fine-tuning procedure must
be fast, scalable, and resource-efficient. This key introduction
serves as pivotal component driving the pipeline’s strong per-
formance on OOD tasks. The following section delves further
into its details.

Method. Most existing approaches for fine-tuning SAM

Table 1: Performance of the proposed E-PEFT compared to the sin-
gle PEFT baselines and to the SOTA HQ-SAM on Kvasir-Seg and
HQ44k datasets.

Model Params Kvasir-Seg HQ-44k
SAM 0 72.88 84.49
Adapter 33.1K 84.60 87.17
IA3 5.6K 85.63 88.50
D-VPT 12.8K 86.65 88.49
LORA 144.4K 87.93 90.17
HQ-SAM  5.1M 87.97 89.95
E-PEFT  201.1K 88.97 90.50




rely on complex pipelines that add millions of parameters to
the models. These methods typically involve high-capacity
tuning processes that require hours to complete and often re-
quire multiple GPUs. To address this issue, we introduce
E-PEFT (Ensemble of Parameter-Efficient Fine-Tuning), a
scalable and efficient method optimized for the few-shot sce-
nario. E-PEFT integrates multiple parameter-efficient tech-
niques to enhance model adaptation when it comes to out-of-
distribution tasks. The method targets SAM’s decoder head,
where parameter tuning has the greatest impact, enabling ef-
fective adaptation in low-data scenarios. E-PEFT combines
LoRA, IA3, prompt tuning, and adapter modules, leveraging
their orthogonal properties for improved performance.

The motivation behind E-PEFT stems from the fact that
each method targets different parts of the model architec-
ture, enabling seamless integration. This approach increases
model capacity while maintaining a low parameter count, es-
sential for fast convergence in low-data regimes. Specifically,
LoRA decomposes the weight matrices of the decoder’s lin-
ear layers into low-rank approximations. IA3 scales atten-
tion mechanisms and MLPs using three learned parameters
per linear layer. Prompt tuning enhances learning by adding
trainable memory tokens to the input sequence, which, in this
case, are prepended to both of the decoder’s input sequences.
We also introduce a lightweight adapter module that shares
the average image representation with the prompt through an
MLP, in order for it to have a better initialization. E-PEFT
leverages the complementary strengths of these techniques —
LoRA’s rapid convergence, IA3’s flexibility in scaling acti-
vations, and the capacity-enhancing effects of prompt tuning
and the adapter module — to optimize performance. The syn-
ergy between these methods allows E-PEFT to fine-tune only
a small carefully selected subset of parameters that best max-
imize model performance on a given task. This is crucial for
reducing computational costs and memory footprint, making
it feasible to train on limited data or in resource-constrained
environments.

Experiments. We validate our framework through experi-
ments presented in Table 1. We highlight that E-PEFT outper-
forms the state-of-the-art HQ-SAM on the Kvasir-Seg [Jha et
al.,2019] and HQ-44k [Ke et al., 2023] datasets, notably with
three orders of magnitude fewer parameters. These results
further demonstrate that the PEFT techniques are orthogonal,
and their combination results in better performance compared
to using each technique individually. As summarized in Ta-
ble 2, our model excels in extremely limited data scenarios
and shows a significant performance gap with respect to the
state-of-the-art HQ-SAM, which fails to achieve good perfor-
mance in 5-shot and 1-shot tuning, further demonstrating the

Table 2: Semantic segmentation performance of E-PEFT with re-
spect to HQ-SAM on Kvasir-Seg when considering 1- and 5-shot
scenarios.

Model 1-shot  5-shot
HQ-SAM 59.30 75.71
E-PEFT 7234 82.25

effectiveness of our approach in low-data settings.

Table 3: Evaluation of the Softmatcher visual prompting method
fine-tuned with E-PEFT across varying number of tuning shots. “0-
shot” denotes the baseline without fine-tuning.

Dataset 0-shot 5-shot 10-shot 40-shot
Kvasir-Inst. 40.28 63.44 63.33 65.92
PaxRay 3639 48.61  51.19 50.97
DeepCrack 11.96 1927 21.64 23.71
Corrosion CS 4.06 7.26 8.14 7.98
Average 23.17 34.64 36.07 37.15

We evaluate the effectiveness of E-PEFT when integrated
into an existing visual prompting pipeline (SoftMatcher) on
four out-of-distribution datasets: Kvasir-Inst. [Jha et al.,
2021], PaxRay [Seibold et al., 2022], DeepCrack [Liu et
al., 2019], and Corrosion CS [Bianchi and Hebdon, 20211,
which cover technical engineering and medical use-cases.
Results in Table 3 show that the visual prompting algorithm
alone performs poorly in these technical domains. However,
when integrated with E-PEFT, performance improves drasti-
cally. With just 5 images for training—completed in under
a minute on a NVIDIA V100 GPU—average performance
increases by 50%, with some datasets showing up to an 80 %
improvement. As more images are added, performance con-
tinues to improve. Tuning with 40 images takes only 2.5 min-
utes, showcasing the method’s efficiency and effectiveness.
This significant performance boost is made possible by the
unique design choices in E-PEFT, which maximize both effi-
ciency and capacity.

Deployed service and frontend. The interactive web in-
terface is the core of VP Lab. It features a scalable architec-
ture with an Angular-based [Jain et al., 2014] frontend com-
municating via REST API with a Python backend, which or-
ganizes and submits compute tasks to PyTorch-based [Paszke
et al., 2017] inference and training services, leveraging the
available GPU resources. When using the service, users can
mark objects of interest on images using points, prompting
the visual pipeline to generate precise segmentation masks
for similar objects across target images. The initial results act
as a support to iteratively build the final model. Users can
manually refine masks using a set of annotation tools and use
the resulting ground truth to fine-tune the model in a matter
of minutes with extremely modest resources. This iterative
process allows users to develop a deeper understanding of the
model’s behavior. By identifying its strengths and limitations,
users can collaborate more effectively with the model, lead-
ing to improved outcomes.

Demonstration. We present a fully interactive user-model
workflow, showing its effectiveness in an example of real-
world medical use case. The user begins by prompting the
first image from a randomly sampled subset of the PaxRay
dataset. This image then serves as input for the visual
prompting pipeline, which returns predictions across the en-
tire dataset. These predictions are not always sufficiently
good, therefore the user refines them slightly using the an-
notation tool. The refined annotations are then used to tune



the model, which in turn generates better results. The entire
process takes less than a minute. Finally, a second round of
label refinement and fine-tuning leads to virtually flawless re-
sults.
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