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ABSTRACT

Segment Anything Models (SAMs) often struggle with certain specialized tasks.
A common approach is to fine-tune models with specific task labels, but this
often leads to overfitting, introduces model bias and significantly degrades their
generalization ability. To overcome these challenges, we propose SHERPA, a
novel framework that leverages a smaller SAM to guide the fine-tuning of a larger
SAM via task-relevant features. Specifically, we first leverage the Fisher Ratio
Separation (FRS) module to separate high task-relevant features and preserve
the ability of the large SAM to perform other general tasks. Then, the Guiding
Feature Extraction (GFE) module is used to extract representative guiding features
from the fine-tuned small SAMs. We leverage small SAMs tailored for specific
tasks (including natural image segmentation, biomedical image segmentation, and
video object segmentation) as guidance and then evaluate the SHERPA scheme to
fine-tune larger SAM series models. Our experiments demonstrate that SHERPA
enhances the retention of generalization ability across those diverse tasks, by up to
11.1%, and improves specific task performance by up to 2.2%.

1 INTRODUCTION

"A Sherpa’s strength lies in the wisdom to navigate, not in overpowering the mountain."

Recently, SAMs have emerged as foundation models for image segmentation, achieving remarkable
success owing to their strong generalization capabilities (Kirillov et al., 2023; Ravi et al., 2024).
However, they often struggle with certain specialized tasks (Wu et al., 2023; Ke et al., 2024), such as
biomedical image segmentation and fine-grained object segmentation. A widely adopted solution is
fine-tuning these SAMs using specific task labels, adapting them to specific tasks (Andreassen et al.,
2021; Cao et al., 2024). Despite its effectiveness, this process faces certain challenges. Fine-tuning
generally relies on a limited number of labeled data, which can lead to overfitting to specific task data,
thereby introducing model bias and resulting in a degradation of the model’s original generalization
ability (Li et al., 2020a). This presents a dilemma: without fine-tuning, the model underperforms on
specialized tasks; with fine-tuning, it tends to degrade generalization ability.

This issue can be attributed to the compression of generalization-relevant information (Wortsman
et al., 2022). According to the information bottleneck theory (Tishby & Zaslavsky, 2015), during
fine-tuning, the model enhances the information that is highly relevant to the specific fine-tuning task,
while compressing the remaining information that is less relevant. However, this inevitably results
in a degradation of the generalization ability acquired during pretraining, because the compressed
information is only weakly relevant to the current fine-tuning task, but may still contain substantial
information relevant to other generalization tasks (Cai et al., 2024; Cao et al., 2024). For example,
when fine-tuning on biomedical image segmentation, the model compresses information about natural
images learned during pretraining, leading to a degradation of generalization ability.

To mitigate the degradation of generalization performance during fine-tuning, we decouple the
optimization of task-relevant and generalization-relevant information. Specifically, we isolate those
features that contain generalization-relevant information and restrict updates primarily to the task-
relevant features during fine-tuning. By confining the fine-tuning process to task-relevant features, this
approach minimizes interference with generalization-relevant information, thereby better preserving
the model’s generalization ability.
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Figure 1: t-SNE visualizations compare feature distributions. Standard fine-tuning compresses
generalization-relevant features, while the small model (d) captures more focused, task-relevant
features with a higher Fisher ratio than the large model (c). The GFE module identifies and transfers
these high-Fisher-ratio, task-relevant features from the small model to guide the fine-tuning of the
large model, which helps recover generalization ability (as reflected by the improvement from b
to a). The radar chart (right) summarizes generalization performance after standard and SHERPA
fine-tuning.

Therefore, our first step is to separate the task-relevant features from the rest. However, this separation
is challenging because these task-relevant features are often stochastically distributed across channels,
lacking any discernible pattern. To address this, we introduce the Fisher ratio, which is a classic
metric for evaluating how well features can distinguish between different classes. By maximizing
the Fisher ratio, we can identify those features that are most relevant to the specific task. Based on
this, we propose a Fisher Ratio Separation (FRS) module that constructs a subspace containing these
task-relevant features. While the FRS module enables us to effectively separate task-relevant features,
further challenges remain in how to optimally guide the fine-tuning of task-relevant components in
larger models. In particular, for the guidance to be most effective, it is desirable to obtain a more
representative set of high Fisher ratio features.

Information bottleneck theory suggests that models with limited capacity are forced to retain only the
features most relevant to the target task. In the context of fine-tuning, a smaller model’s restricted
capacity acts as a strong bottleneck and encourages the selection of features that are maximally
discriminative for the specific task. As a result, these features tend to have a higher Fisher ratio, even
though the small model may not achieve optimal overall performance.

Based on this observation, we introduce the Guiding Features Extraction (GFE) module. The GFE
module extracts the task-relevant features identified by the small model after fine-tuning and uses
them to guide the adaptation of the larger model. In this way, the most informative features learned
by the small model can help preserve generalization and improve task-specific performance in the
large model.

Finally, we provide both theoretical analysis and empirical evidence to demonstrate the effectiveness
of our SHERPA method. We fine-tune the larger SAM in 4 datasets (including natural image segmen-
tation, biomedical image segmentation, and video object segmentation) and evaluate generalization
ability across 12 datasets, demonstrating that our SHERPA method effectively alleviates the degrada-
tion of generalization ability and improves task-relevant performance, with up to 11.1% improvement
in generalization retention and 2.2% in task-specific performance across diverse tasks. We further
extend SHERPA to other architectures, including SAM variants, MaskFormer, and DINO.

Our contributions are summarized as follows:
• We identify the loss of generalization ability in large SAM models during fine-tuning and

propose to leverage task-relevant features from small SAMs to address this challenge.
• We design a two-stage framework to implement this idea: (1) a Fisher Ratio Separation

(FRS) module that separates task-relevant features from other representations, and (2) a
Guiding Features Extraction (GFE) module that extracts and transfers these features from
the small SAM to guide the fine-tuning of the large model.

• We provide both theoretical analysis and empirical evidence to demonstrate the effectiveness
of our SHERPA method, and further show its applicability to architectures beyond SAM.
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2 RELATED WORK

Robust Fine-tuning. Robustness is a critical challenge in deep learning, as fine-tuned models
often lose generalization on unseen data (Andreassen et al., 2021; Torralba & Efros, 2011). In NLP,
stable fine-tuning methods have been proposed to address representational collapse, though often at
increased computational cost (Jiang et al., 2020; Zhu et al., 2020; Aghajanyan et al., 2021). In vision,
regularization-based approaches are widely used to mitigate generalization loss, including sequential
learning regularization (Kirkpatrick et al., 2017; Zenke et al., 2017), quadratic regularization (Li
et al., 2018), and careful tuning of fine-tuning hyperparameters (Li et al., 2020a). Combining model
weights has also been explored to improve generalization (Wortsman et al., 2022).
Parameter-Efficient Visual Fine-tuning. Parameter-efficient fine-tuning (PEFT) methods have
gained popularity in vision. Visual prompt tuning (Jia et al., 2022) and AdaptFormer (Chen et al.,
2022) adapt pre-trained models to new tasks with minimal additional parameters. Other approaches
include low-rank adapters (Yin et al., 2023), sensitivity-aware parameter selection (He et al., 2023),
gradient-based parameter selection (Zhang et al., 2024), and methods optimizing for memory and time
efficiency (Yin et al., 2024). Recent work shows that tuning a subset of parameters can outperform
full fine-tuning in visual recognition tasks (Yin et al., 2025).
Large Segmentation Models. Segment Anything Model (SAM) (Kirillov et al., 2023) is a foun-
dational promptable segmentation model, with extensions to video (Ravi et al., 2024), fine-grained
masks (Ke et al., 2024), and improvements in efficiency via distillation and quantization (Liu et al.,
2024; Zhang et al., 2023). SAM and its variants are widely used in applications such as medical
imaging (Wu et al., 2023) and electron microscopy (Cai et al., 2024).

3 METHOD

3.1 THEORETICAL ANALYSIS OF SHERPA

Fine-tuning large SAM models requires identifying and preserving features that are most discrimi-
native for the target task, while maintaining generalization. To this end, we use the Fisher ratio to
measure class separability in feature space. Maximizing the Fisher ratio selects the most task-relevant
features. We achieve this by projecting features into a subspace where the Fisher ratio is maxi-
mized, allowing us to focus fine-tuning on these components. The following provides our theoretical
formulation. Detailed proofs are in Appendix B.
Definition 1 (Feature Mapping Functions). Let fsmall : X → Rd denote the feature mapping of a
fine-tuned small SAM model, and flarge : X → Rd denote the feature mapping of a pretrained large
SAM model. Let g : Rd → R be the final segmentation head.

Definition 2 (High Fisher Ratio Subspace). Given k < d, and a sample set {(xi, yi)}mi=1, the high
Fisher ratio subspace is defined as

W = argmax
W⊤W=Ik

FR(W⊤fsmall(x); y),

where W ∈ Rd×k, and W̄ denotes its orthogonal complement in Rd. Here, the function FR(·, ·)
denotes the Fisher ratio, which is defined as the ratio of between-class variance to within-class
variance for the features. A higher Fisher ratio implies stronger class separability, making it a
suitable metric for identifying features that are most predictive and useful for the target task.

Assumption 1 (Finite Second Moment). For any input x ∼ D, both the feature representation of
the small model, fsmall(x), and the initial feature representation of the large model, f0

large(x), have
bounded squared ℓ2 norm:

E
[
∥fsmall(x)∥22

]
≤ B2, E

[
∥f0

large(x)∥22
]
≤ B2.

This assumption guarantees bounded feature representations, a condition commonly met in practice
by normalization layers (e.g., LayerNorm) and regularization techniques in SAM models.

Assumption 2 (Capacity Control and Lipschitzness). Assume that the final segmentation head has
model capacity bounded by Cw. Furthermore, assume that the feature extractor is Lf -Lipschitz with
respect to its parameters. This assumption controls model complexity and ensures smooth changes in
features during parameter updates, which is consistent with the design of ViT and SAM architectures.
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Figure 2: (a) The overall architecture of SHERPA. It is divided into two stages, as described in the
section 3.2. (b) The GFE Module uses the normalized product of Q and K as the Guiding Feature. (c)
The FRS Module. The FRS Module uses an orthogonal transformation that maximizes the Fisher
ratio to separate the Task-Relevant features from the Guiding Feature.

Theorem 1 (Generalization Risk: SHERPA vs Standard Fine-tuning). Let m samples be used to
estimate W , and n samples for fine-tuning (m+ n = N ). Then the following inequality holds:

R(θSHERPA) ≤ R(θFT) + ∆̃W︸︷︷︸
subspace selection

+
cC2

wB
2

√
n

(√
k −

√
d
)

︸ ︷︷ ︸
capacity gain

,

where R(·) denotes the generalization risk of the model, and ∆̃W = O(B
√
k log d/m) quantifies

the subspace estimation error. In particular, if m ≳ k log d and k ≪ d, the last two terms are
non-positive, so SHERPA is never worse than FT.
Remark 1. This result demonstrates that SHERPA fine-tuning achieves a strictly better generalization
bound than standard fine-tuning, provided the high Fisher ratio subspace is well estimated and k ≪ d.

3.2 OVERVIEW

Building upon the above theoretical analysis, we design the following methodological pipeline. As
illustrated in Figure 2, our method leverages a small SAM Msmall to guide the fine-tuning of a larger
SAM Mlarge in the high Fisher ratio subspace. Specifically, the method operating by matching the
high Fisher Ratio features extracted from both models, Featsmall

task and Featlarge
task .

We design a two-stage framework to accomplish the aforementioned task. In the first stage, the
input image is passed through the fine-tuned small model. Simultaneously, the GFE module extracts
Guiding Feature from the intermediate layers of the mask decoder, and FRS is used to isolate the
task-relevant features. In the second stage, the same procedure is applied to extract task-relevant
features from the large model. Finally, the more representative task-relevant features from the small
model are used to guide the fine-tuning of the large model.

3.3 FISHER RATIO SEPARATION MODULE

In our approach, we need to decouple the optimization of task-relevant and generalization-relevant
features, confining the fine-tuning process to the task-relevant features. Therefore, the objective
of our Fisher Ratio Separation (FRS) is to separate the task-relevant features from the remaining
components. However, in practice, this separation is challenging because the task-relevant features
are often stochastically distributed across channels, lacking any discernible pattern.

To tackle this issue, we employ the Fisher ratio as a criterion for this separation. The Fisher ratio,
defined as the ratio of between-class variance to within-class variance, quantifies the discriminative
power of a feature. Features with higher discriminative power contribute more significantly to the
task, indicating stronger task relevance. In other words, a larger Fisher ratio corresponds to higher
task relevance.

To achieve this separation, we construct an orthogonal transformation that projects the original
features into a subspace. By maximizing the Fisher ratio of the features within this subspace, we
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obtain the optimal orthogonal transformation matrix. The resulting subspace after projection is the
high Fisher ratio subspace, where the task-relevant features with high Fisher ratios are isolated. The
remaining features, which are less relevant to the current task but may contain information useful
for other generalization tasks, are retained. We then perform fine-tuning only on the task-relevant
features. The operation of this orthogonal transformation matrix can be expressed as follows:

u = argmax
u∈Rm×k

u⊤SBu

u⊤SWu
. (1)

Here, u represents the orthogonal transformation we constructed. k is the number of channels in
the task-relevant subspace. SB and SW denote the between-class scatter matrix and within-class
scatter matrix of Feat, respectively. Feat is the guiding feature extracted by the subsequent GFE, and
Feat ∈ Rm×d.Since Feat has been normalized, we can reformulate the objective function as:

u = argmaxu∈Rm×k trace(uT (Feat× FeatT )u). (2)

The detailed derivation process is provided in Appendix C. The orthogonal transformation u separates
the task-relevant features Feattask from the original guiding features Attn in both Mlarge and Msmall.
We further conduct a Fisher ratio analysis on the separated task-relevant features and the remaining
components in the Appendix K.

3.4 GUIDING FEATURE EXTRACTION MODULE

The primary objective of the GFE module is to extract more representative features from the small
model. This is because we need to provide a representative task-relevant feature to guide the
fine-tuning of the large SAM.

According to the information bottleneck theory, models with limited capacity are compelled to
retain only the most task-relevant features. Although smaller SAMs suffer from limited model
capacity, which leads to suboptimal fine-tuning performance and generalization, a smaller capacity
also imposes a stronger information bottleneck. This stronger bottleneck enables smaller models to
obtain a more representative set of high Fisher ratio features during fine-tuning.

Unlike previous works, which often adopt the entire module outputs as features, we utilize the
normalized product of the query and key matrices as our feature representation. This choice addresses
the limitations of using the final module outputs for FSR separation. Final outputs typically undergo
multiple layers of nonlinear transformations and multi-head attention, resulting in highly entangled
features that mix complex contextual information, thereby hindering effective separation. In contrast,
the product of the query and key matrices provides a more direct and interpretable measure of pixel-
level importance. By conducting Fisher ratio analysis on the QK product, we can more clearly assess
the contribution of each pixel feature to class discrimination, enabling more precise and effective
feature separation. The specific form is as follows:

Feat = norm(QKT ). (3)

The query matrix Q ∈ Rh×d×t, where h represents the number of heads in the multi-head attention
module, d is the dimension of the features in each channel, and t denotes the number of tokens. The
key matrix K ∈ Rh×c×t, where c represents the number of channels per head. The Feat ∈ Rm×d.
where m = h × c represents the total number of channels of all heads. The operation QKT is
performed only on the last two dimensions. Finally, we permute each channel from each head
together and then normalize the features within each channel.

Before guiding the large model, we first prepare the small model Msmall through a controlled fine-
tuning process. Specifically, we introduce a KL divergence regularization on the feature distribution
to further strengthen its information bottleneck, defined as:

Lfeat = DKL(Featsmall∥Featref
small), (4)

where Featsmall denotes the feature of the small model during fine-tuning, and Featref
small represents

the feature distribution obtained from the pre-trained model before any updates.
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In summary, for the entire GFE module, it is embedded within the intermediate layers of the mask
decoder and extracts the guiding features Featguiding from the small model during constrained fine-
tuning M′

small. Msmall is fine-tuned on the current task while constraining the original features,
allowing the task-relevant features in Featguiding to become more representative for the current task.

3.5 LOSS FUNCTIONS

Once the task-relevant features Feattask from the small model are extracted, we utilizes them to
guide the large model’s task-relevant feature within the same subspace. This process is different
from traditional knowledge distillation, which usually matches predictions or global features between
models. Instead, we explicitly align only the task-relevant subspace, focusing the transfer on essential
information and preserving features related to generalization. This leads to a fundamentally different
mechanism and provides stronger theoretical guarantees.

Specifically, the task-relevant feature from the small model serves as a supervisory signal, encouraging
the large model to focus on similar task-critical regions. This guidance is implemented via an
alignment loss based on the L1-distance between the two task-relevant features:

Lguiding =

k∑
i=1

∣∣∣Featlargetask,i − Feattask,i

∣∣∣ . (5)

Featlargetask represents the task-relevant features extracted from the large model using the above method.
By confining the fine-tuning process to task-relevant features, this approach minimizes interference
with generalization-related features, thereby better preserving the model’s generalization ability.
Meanwhile, to ensure the accuracy of the model’s output, we also include a task-specific loss. The
final loss function thus combines this alignment loss with a task-specific loss, such as mean squared
error:

Ltotal = λ · Lguiding + MSE(ypred, ytrue), (6)

where λ balances feature alignment and task performance, ensuring improved model effectiveness.
We have performed ablation on this parameter in the Appendix L.

4 EXPERIMENTS

4.1 DATASETS AND METRICS

Datasets. To achieve noticeable performance improvements, we select the DISK-5k (Qin et al.,
2022) and DUTS (Wang et al., 2017) datasets for fine-tuning SAM in the natural image segmentation
task. DISK-5k is a dataset designed for highly accurate object segmentation, focusing on targets with
varied structural complexities. Previous research has shown that SAM struggles with DISK-5K type
datasets (Ke et al., 2024) while facing less of a challenge with the DUTS dataset.

Fine-tuning a model pre-trained on natural images, such as SAM, for biomedical images has been
a valuable area of research (Wu et al., 2023; Cai et al., 2024). Thus, we select the Lucchi dataset
(Lucchi et al., 2013), a biomedical image segmentation dataset specifically designed for mitochondrial
segmentation in electron microscopy images. For the video segmentation task, we select the VOST
(Tokmakov et al., 2023) dataset to fine-tune SAM2.

Additionally, we select twelve other datasets to assess the model’s generalization capability. The
datasets used to test generalization performance on natural image segmentation include the following
six: ADE20K (Xia et al., 2019), Cityscapes (Garcia-Garcia et al., 2017), COCO-stuff (Anwar et al.,
2020), ECSSD (Tran et al., 2020), FSS (Li et al., 2020b), BIG (Cheng et al., 2020). Among these,
the first three datasets, which are significantly different from the fine-tuning dataset, are categorized
as Group 1, while the latter three, which are more similar, are categorized as Group 2. The datasets
used to test segmentation on biomedical images include the following three: VNCIII (Gerhard et al.,
2013), MitoEM-R (Wei et al., 2020), and MitoEM-H (Wei et al., 2020). The datasets used for video
segmentation include the following three: UVO (Wang et al., 2021), VIPSeg (Miao et al., 2022), and
PUMaVOS (Bekuzarov et al., 2023). In addition, we incorporate more diverse segmentation tasks,
such as part segmentation and background segmentation.

6
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Table 1: Natural Image Segmentation Performance Comparison Across Datasets. This table summa-
rizes the performance metrics across various datasets and methods. The Valid column represents
the performance on the specific task validation set. Group 1 represents generalization datasets with
significant differences from the fine-tuning dataset, and Group 2 represents datasets that are more
similar to the fine-tuning dataset. The Average column reflects the overall average generalization
performance. Retention represents the model’s retention of generalization capability, and we set
the zero-shot performance as the baseline at 100%. The numbers after L2-SP and Ft-last represent
different settings. For specific settings, see the Appendix E. All metrics in this table are instance-level
F1 scores. Citys indicates the Cityscapes dataset.

Fine-tuning
Dataset Method Valid Group 1 Group 2 Average Retention

ADE20K Citys COCO ECSSD FSS BIG

DISK-5k

Zero-shot 0.6570 0.8552 0.7335 0.6921 0.9293 0.9434 0.9363 0.8483 100%

Std-ft 0.8728 0.5062 0.4390 0.6186 0.9405 0.9151 0.9222 0.7236 85.3%
KL-SP 0.8621 0.6012 0.5581 0.6732 0.9513 0.9131 0.7512 0.7414 87.4%
L2-SP3 0.8571 0.5201 0.4710 0.6202 0.9620 0.9370 0.8709 0.7302 86.1%
Ft-last4 0.8495 0.6468 0.5387 0.6730 0.9538 0.9344 0.9121 0.7764 91.5%
FisherTune 0.8732 0.6242 0.5643 0.6334 0.9344 0.9070 0.9031 0.7594 89.5%
InfoSAM 0.8834 0.6398 0.5485 0.6842 0.9541 0.9361 0.8765 0.7732 91.1%
Ours 0.8855 0.6553 0.5729 0.6917 0.9643 0.9407 0.9331 0.7930 93.4%

DUTS

Zero-shot 0.8930 0.8552 0.7335 0.6921 0.9493 0.9434 0.9363 0.8483 100%

Std-ft 0.9402 0.5857 0.5743 0.5931 0.9547 0.9185 0.9188 0.7575 89.3%
KL-SP 0.9364 0.7431 0.6012 0.6341 0.9451 0.9173 0.8631 0.7840 92.4%
L2-SP3 0.9231 0.6411 0.5913 0.5832 0.9515 0.9245 0.8482 0.7566 89.1%
Ft-last4 0.9394 0.7676 0.6478 0.6776 0.9210 0.9280 0.9319 0.8123 95.8%
FisherTune 0.9346 0.6877 0.6215 0.6303 0.9461 0.9160 0.8592 0.7769 91.5%
InfoSAM 0.9465 0.7247 0.6417 0.6522 0.9496 0.9294 0.9162 0.8023 94.5%
Ours 0.9495 0.7672 0.6810 0.6817 0.9682 0.9369 0.9355 0.8284 97.7%

Metrics. For natural image segmentation, We use the instance-level F1 score (F1), mean Intersection
over Union (mIoU), and pixel-level Dice score (Dice). For biomedical image segmentation, the
F1 score is applied. For video segmentation, we adopt the J&F metric, where J represents the
mIoU between the predicted mask and the ground truth, and F measures the alignment between the
boundaries of the predicted mask and the ground truth boundaries. Detailed metric calculations and
additional dataset information are provided in the Appendix F.

Additionally, to assess the model’s retention of generalization ability, we set the zero-shot performance
as the baseline at 100%. The generalization ability retention of other models is then calculated as a
ratio compared to the zero-shot performance.

4.2 EXPERIMENTS SETTING

In natural image segmentation, we use SAM (Kirillov et al., 2023) vit-h as the large model requiring
fine-tuning and SAM vit-b as the guiding small model. Notably, the large model outperforms the
small model in both zero-shot and standard fine-tuning settings.

In the main paper, we use a box as the prompt and evaluate only the first mask output. Additional
results using alternative prompts and evaluating other mask outputs are provided in the Appendix D.
Details on the settings for Natural image segmentation, Biomedical Image Segmentation, and Video
Segmentation Performance can be found in the Appendix H.

We experiment with various robust fine-tuning methods. Ultimately, we select five baseline methods:
Zero-shot, where the model is evaluated directly on new data without fine-tuning; Std-ft, which
fine-tunes the model’s mask decoder with consistent hyperparameter settings; Ft-last (Wortsman et al.,
2022), which fine-tunes only the last few layers of the model; and L2-SP (Li et al., 2018), a method
proposed to mitigate generalization loss through a quadratic penalty. KL-SP, where we also apply
the KL-divergence constraint from Equation 4 to fine-tune large models, is included as a baseline.
Further details on the baselines and additional baseline settings can be found in the Appendix M.
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Table 2: Biomedical Image Segmentation Perfor-
mance. The Natural column reflects the model’s
average generalization performance on natural image
datasets. All metrics in the table are instance-level
F1 scores.

Method Valid Dataset Retention Natural
VNCIII Mito-R Mito-H

Zero-shot 0.872 0.934 0.820 0.812 100% 0.848

Std-ft 0.911 0.904 0.571 0.550 78.9% 0.416
KL-SP 0.852 0.723 0.523 0.573 70.9% 0.514
L2-SP3 0.828 0.819 0.516 0.510 71.9% 0.567
Ft-last4 0.902 0.912 0.581 0.567 80.3% 0.705
FisherTune 0.882 0.896 0.592 0.628 82.5% 0.674
InfoSAM 0.919 0.929 0.601 0.692 86.6% 0.694
Ours 0.923 0.919 0.714 0.724 91.8% 0.754

Table 3: Video Segmentation Performance.
During training, we used a fixed set of 16
frames, while during testing, we evaluated all
available frames. All metrics in the table are
J&F .

Method Valid Dataset Retention
UVO VIPSeg PMVOS

Zero-shot 0.450 0.668 0.545 0.542 100%

Std-ft 0.555 0.513 0.492 0.470 84.0%
KL-SP 0.532 0.503 0.483 0.492 84.2%
L2-SP3 0.526 0.502 0.472 0.491 83.5%
Ft-last4 0.548 0.563 0.511 0.497 89.6%
FisherTune 0.539 0.495 0.476 0.512 83.4%
InfoSAM 0.564 0.558 0.476 0.494 87.1%
Ours 0.578 0.642 0.515 0.512 95.1%

To further validate the effectiveness of our method, in addition to standard fine-tuning, we also
experiment with other tuning strategies, such as LoRA-based (Hu et al., 2022) and adapter-based
methods. These results are presented in the Appendix E. Results on more diverse segmentation tasks,
such as part segmentation and background segmentation, are also included in the Appendix D.

4.3 RESULTS AND ANALYSIS

Our natural image segmentation results are shown in Table 1 and Figure 1. Biomedical image
segmentation results are shown in Table 2, all metrics in this table are instance-level F1 scores. Table
3 shows video segmentation results, measured using the J&F score. Our method improves specific
task performance while simultaneously reducing generalization loss, outperforming all baselines
across four fine-tuning datasets and twelve generalization datasets used in the three tasks.

Generalization Retention. Based on the generalization performance metrics of zero-shot and
standard fine-tuning across multiple datasets, we can observe that the model’s generalization ability
tends to decline after fine-tuning. At the same time, this decline is related to the similarity between the
generalization datasets and the fine-tuning dataset. The less similar the generalization dataset is to the
fine-tuning dataset, the more pronounced the decline becomes. Compared to previous approaches, our
method is more effective in mitigating the loss of generalization capability while maintaining strong
task-specific performance. We visualize the generalization results for biomedical image segmentation
in Appendix P.

Specific task Performance. Our method alleviates the loss of generalization ability while slightly
improving specific task performance compared to standard fine-tuning approaches. Specifically,
our method improves F1 scores by 1.1% on natural image segmentation tasks; increases F1 scores
by 1.1% on biomedical image segmentation; and achieves a 2.3% improvement in J&F on video
segmentation. As a comparison, traditional methods (such as KL-SP, L2-SP3, and Ft-last4) for
mitigating generalization loss often do so by sacrificing task-specific performance. Specifically, we
experiment with multiple configurations of L2-SP, selecting L2-SP3 and L2-SP4 for their best fine-
tuning results. However, on the DISK-5K task, they cause a 6.79% drop in task-specific performance.
Similarly, using Ft-last4 and Ft-last2, resulted in a 7.17% decrease in task-specific performance. The
visualization results are shown in the Appendix P.

Cross-domain Retention. Another notable improvement is in cross-domain generalization reten-
tion. Typically, a model pre-trained on natural images experiences a greater drop in generalization
ability after fine-tuning on biomedical images. For instance, after fine-tuning on the Lucchi dataset,
the model’s performance on natural image datasets declines significantly. This is primarily due to
the substantial distributional differences between biomedical and natural image data. However, as
shown in Table 2, our approach effectively mitigates this loss of generalization ability, significantly
preserving cross-domain performance.
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Table 4: Ablation study for FRS module. All
metrics are F1.

Dataset Method Valid General

DISK-5K w/o FRS 0.8695 0.5752
with FRS 0.8855 0.7930

DUTS w/o FRS 0.9327 0.6432
with FRS 0.9495 0.8284

Lucchi w/o FRS 0.9104 0.7611
with FRS 0.9227 0.7857

Table 5: Ablation study for different Var Ratio.
All results are from fine-tuning on DISK-5K.

Var Ratio Valid General

mIoU F1 mIoU F1

0.00 0.8043 0.8789 0.6531 0.7234
0.25 0.8101 0.8816 0.7031 0.7531
0.50 0.8129 0.8850 0.6994 0.7791
0.75 0.8143 0.8855 0.7212 0.7930
1.00 0.7908 0.8695 0.4731 0.5257

Table 6: Ablation Study for Guiding Model Configuration in DISK-5K. All metrics in the table are
instance-level F1 scores.

Guiding Model Regularization Guidance Valid General

Small ✓ × 0.8502 0.7431
Small ✓ ✓ 0.8618 0.7466
Large × ✓ 0.8801 0.7797
Small (w/o KL) × ✓ 0.8745 0.7812
Small × ✓ 0.8855 0.7930

4.4 COMPUTATIONAL OVERHEAD AND METHOD EXTENSION

Our method introduces no additional inference overhead, as the inference process remains unchanged.
Training overhead is also minimal, since the FRS module is lightweight and the guiding model is
small (see Appendix J for details). While our main experiments focus on SAM, SHERPA is generally
applicable to other ViT-based models with different sizes, such as SAM variants, DINOv2, and
MaskFormer; further extension details are provided in Appendix I.

4.5 ABLATION STUDY

Guiding Model Configuration. We conducted an ablation study on the design choice of using
a constrained fine-tuned small model’s task-relevant feature to guide the large model. Specifically,
we compared the effectiveness of regularizing the generalization-redundant components versus fine-
tuning with task-relevant feature guidance. Additionally, we investigated whether to use the small
model for guidance or rely on the large model itself, as well as whether the small model should be
fine-tuned with KL divergence constraints. The results, shown in Table 6, provide insights into the
effectiveness of these configurations. Directly regularizing the residual components separated by FSR
is suboptimal, as these components do not exclusively contain generalization-related information;
they may also introduce noise, which could interfere with the model’s generalization ability and
degrade task-specific performance.

FSR module. We assess the effectiveness of the FSR module on the image segmentation datasets.
We compare the performance of fine-tuning the large model using the guiding small model directly
versus fine-tuning with the guiding small model based on the FSR module. As shown in Table 4,
using the FSR module reduces the degradation of generalization ability, leading to better retention of
generalization capability and improved performance on the fine-tuning datasets.

Number of Task-Relevant Feature Channels. The number of channels for the original features
extracted by different models is not fixed. We use the proportion of the Fisher ratio of the task-relevant
feature channels to the total Fisher ratio of the original guiding feature as a selection criterion. We
consider 5 scenarios: 0.00, 0.25, 0.50, 0.75, and 1.00. As shown in Table 5, the 0.75 setting yields
the best performance. Fewer channels are insufficient to separate task-relevant features, while more
channels introduce excessive generalization redundancy. The 0.75 ratio corresponds to the first three
channels of the SAM model and the first ten channels of the SAM2 model.
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5 CONCLUSION

We propose a fine-tuning method in which a small SAM guides the large SAM, named SHERPA. By
extracting task-relevant features from the small SAM to guide fine-tuning of the large SAM, SHERPA
reduces the degradation of generalization ability and improves task-specific performance.
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A USE OF LARGE LANGUAGE MODELS (LLMS)

To enhance the quality and readability of this manuscript, we use Large Language Models (LLMs)
for assistance with the following tasks:

1. Table Formatting: Improving the presentation of tables, including adjustments to spacing,
typography, and alignment to conform to publication standards.

2. Proofreading: Identifying and correcting grammatical errors, such as improper tense and
word usage.

3. Language Refinement: Refining phrasing and sentence structure to improve clarity, con-
ciseness, and overall flow.

B THEORETICAL ANALYSIS ON SHERPA

B.1 PRELIMINARIES AND NOTATION

Assumption 3. Finite Second Moment For x∼D,

E ∥smallf(x)∥22 ≤ B2, E ∥largef0(x)∥22 ≤ B2.

Assumption 4. High Fisher Ratio Subspace. Let k <d be given. Using only the first m samples
{xi, yi}mi=1 we estimate

W = argmax
W⊤W=Ik

FR
(
W⊤smallf(x); y

)
, W̄ : Orthogonal complement matrix.

Throughout the generalisation analysis, W is treated as fixed; the price of Data dependence is
quantified by an extra term ∆W in Theorem 2.

B.2 TRAINING OBJECTIVES (SECOND SPLIT OF SIZE n)

We focus on mean-squared error (MSE) for clarity.

Standard fine-tuning (FT).

R̂FT (θ) =
1

n

n∑
i=1

(
yi − g(largefθ(xi))

)2
.

SHERPA fine-tuning.

R̂SHERPA(θ) =
1

n

n∑
i=1

(
yi − g(largefθ(xi))

)2
+ λ

1

n

n∑
i=1

∥∥W⊤largefθ(xi)−W⊤smallf(xi)
∥∥
1

+ β
1

n

n∑
i=1

∥∥W̄⊤largefθ(xi)− W̄⊤largef0(xi)
∥∥2
2
. (7)

The last term soft-freezes the “redundant” sub-features; we will send β→∞ in the theoretical bound,
while in practice, a large but finite β suffices.

B.3 ℓ1–ℓ2 DECOMPOSITION

For any v∈Rd,
∥v∥1 ≤ ∥W⊤v∥1 + ∥W̄⊤v∥1.

We call Ltask(θ) =
1
n

∑
i ∥W⊤(largefθ − smallf)(xi)∥1 and Lnoise(θ) =

1
n

∑
i ∥W̄⊤(largefθ −

largef0)(xi)∥1.
Lemma 1 (Approximate optimality). Let θ⋆ minimise equation 7. Then for any β > 0

Ltask(θ
⋆) ≤ ε(λ), Lnoise(θ

⋆) ≤ δβ ,

where ε(λ)↓0 as λ↑∞ and δβ ↓0 as β ↑∞.
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B.4 CAPACITY CONTROL

Assume the final segmentation head g belongs to a class G whose empirical Rademacher complexity
is upper-bounded by Cg; the feature extractor is Lf -Lipschitz in parameters.
Lemma 2 (Rademacher Complexity). Let HFT (resp. HSHERPA) be the hypothesis set reachable
by FT (resp. SHERPA) after the second split of size n. Then

Rn(HFT ) = O
(
CgB

√
d/n

)
, Rn(HSHERPA) = O

(
CgB

√
k/n

)
.

Sketch. only k coordinates of the feature vector are trainable in SHERPA, the remaining d− k being
fixed constants. Full details are deferred to Appendix A.

Let GenGap(·) denote the usual Rademacher generalisation bound. Lemma 2 directly yields

GenGapSHERPA ≤ GenGapFT

√
k/d. (1)

B.5 MAIN RESULT

Theorem 2 (Risk upper-bound: SHERPA ≤ FT). Use m samples for subspace estimation and n for
training, m+ n = N . Assume k≪n≪d and choose hyper-parameters λ, β are large enough such
that the conditions in Lemma 1 hold. Then with probability at least 1− δ

R(θSHERPA) ≤ R(θFT ) + ∆W︸︷︷︸
subspace selection

+
cC2

gB
2

√
n

(√
k −

√
d
)

︸ ︷︷ ︸
capacity gain

,

where ∆W = O
(
B
√
k log(d)/m

)
. In particular, if m≳ k log d and k≪ d, the last two terms are

non-positive, so SHERPA is not worse than FT.

Proof. For MSE we have the classic decomposition Risk = Bias + GenGap. The bias difference is
controlled via Lemma 1; the gap difference uses equation 1. Add the model-selection penalty ∆W

induced by sample–splitting (Appendix B).

C FRS DETAILS.

In this section, we provide strict mathematical proof for the design of the Feature Redundancy
Separation (FRS) module.

C.1 DIAGONALIZABILITY ASSUMPTION AND FISHER RATIO–VARIANCE EQUIVALENCE

The Fisher ratio for a direction u is defined as:

FR(u) =
u⊤Σbu

u⊤Σwu
where Σb and Σw are the between-class and within-class covariance matrices, respectively.

Key theoretical fact: If Σb and Σw are simultaneously diagonalizable (i.e., there exists an orthonor-
mal basis where both are diagonal), then maximizing the Fisher ratio in a k-dimensional subspace is
equivalent to maximizing the total variance in that subspace (assuming the within-class scatter has
been normalized, e.g., by whitening). In our context, after mean-centering and normalization (e.g.,
via LayerNorm), the within-class scatter Σw becomes approximately isotropic, so the simultaneous
diagonalizability condition is approximately satisfied.

Empirical verification: We directly measure the commutation error between Σb and Σw as

ρ1 =
∥ΣbΣw − ΣwΣb∥F
∥Σb∥F ∥Σw∥F

.

In our experiments on the SAM backbone, we observe ρ1 ≈ 0.04. In the literature, ρ1 < 0.06 is
widely considered “approximately commuting” and thus “approximately simultaneously diagonaliz-
able.”

Therefore, maximizing the Fisher ratio can be reduced to maximizing the variance.
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C.2 ASSUMPTIONS.

• Feat ∈ Rm×d: The guiding feature, where m is the number of channels in the guiding
feature, and d is the number of feature dimensions.

• k: The number of channels in the task-relevant subspace (k ≤ m).

• u ∈ Rm×k: The projection matrix we aim to find.

• The feature Feat is mean-centered, i.e., each channel has zero mean:

1

d

d∑
j=1

Feat:,j = 0. (8)

C.3 OBJECTIVE FUNCTION.

Our goal is to find a projection matrix u that maximizes the variance of the projected features in the
task-relevant subspace. The optimization problem is formulated as:

max
u∈Rm×k

k∑
i=1

d∑
j=1

(
uT
:,iFeat:,j

)2
. (9)

C.4 DERIVATION

Matrix Formulation. The objective function can be expressed in matrix form:

k∑
i=1

d∑
j=1

(
uT
:,iFeat:,j

)2
=

∣∣uTFeat
∣∣2
F
, (10)

where | · |F denotes the Frobenius norm.

Trace Representation. Expanding the Frobenius norm yields:∣∣uTFeat
∣∣2
F
= tr

(
uTFeatFeatTu

)
. (11)

Eigenvalue Decomposition. Let A = FeatFeatT ∈ Rm×m, which is a symmetric positive
semi-definite matrix. Then, A can be decomposed as:

A = V ΛV T , (12)

where:

• V ∈ Rm×m is an orthogonal matrix whose columns are the eigenvectors of A.

• Λ = diag(λ1, λ2, . . . , λm) contains the eigenvalues of A in descending order:

λ1 ≥ λ2 ≥ · · · ≥ λm ≥ 0. (13)

Transformation. Substituting A into equation 11, we have:

tr
(
uTAu

)
= tr

(
uTV ΛV Tu

)
. (14)

Let us define:
W = V Tu. (15)

Since V is orthogonal (V TV = V V T = I), any u can be represented as u = VW .

Simplifying the Trace. Substituting u = VW into equation 14:

tr
(
uTV ΛV Tu

)
= tr

(
WTΛW

)
. (16)
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Maximization. Since Λ is a diagonal matrix, equation 16 becomes:

tr
(
WTΛW

)
=

k∑
i=1

λi |Wi,:|2 . (17)

To maximize this sum, we need to select W such that it aligns with the largest eigenvalues λi. The
maximum is achieved when:

W = [Ik 0] , (18)

where Ik is the k × k identity matrix, and 0 is a (m− k)× k zero matrix.

Optimal Projection Matrix. Therefore, the optimal u is:

u = VW = V [Ik 0] = V:,1:k. (19)

The columns of u are the eigenvectors corresponding to the largest k eigenvalues of A. By projecting
onto these eigenvectors, we maximize the variance in the task-relevant subspace, effectively separating
task-relevant features from redundant ones.

Remark. This derivation shows that the FRS module extracts the most significant features that
capture the maximum variance, which is assumed to be most relevant to the task.

D ADDITIONAL EVALUATION RESULTS

D.1 MORE PROMPT EVALUATION

SAM supports various types of prompts. To further assess the robustness of our method under varied
input conditions, we conduct additional evaluations using diverse types of prompts. While the main
paper focuses on box prompts, here we extend the evaluation to point prompts and mask prompts.
For point prompts, we use ten points: one located at the center of mass of the ground-truth mask, and
the other nine selected randomly within the mask region. For mask prompts, we use degraded coarse
masks that simulate imperfect annotations. The results are shown in Table 7 and 8, demonstrating
that our method consistently performs well under these alternative prompting conditions.

D.2 MORE OUTPUT MASK EVALUATION

SAM has multiple outputs. To better evaluate the effectiveness of our method, we test multiple output
masks. In the main paper, we only report results based on the first output mask. However, SAM
generates multiple output masks for each input. In this section, we evaluate the performance of the
top three output masks. The results are presented in Table 9 and Table 10, showing how our method
performs across multiple candidate outputs.

Table 7: Evaluation results for each task under
point-based prompting. All metrics are reported
as F1 scores.

Dataset Method Valid General

DISK-5K
Zero-shot 0.6321 0.8028

Std-ft 0.8623 0.7102
SHERPA 0.8734 0.7812

DUTS
Zero-shot 0.8892 0.8502

Std-ft 0.9421 0.7672
SHERPA 0.9502 0.8314

Lucchi
Zero-shot 0.8523 0.8203

Std-ft 0.9123 0.6841
SHERPA 0.9125 0.7634

Table 8: Evaluation results for each task under
mask-based prompting. All metrics are reported
as F1 scores.

Dataset Method Valid General

DISK-5K
Zero-shot 0.6512 0.8341

Std-ft 0.8712 0.7467
SHERPA 0.8789 0.7821

DUTS
Zero-shot 0.8701 0.8513

Std-ft 0.9432 0.7612
SHERPA 0.9502 0.8311

Lucchi
Zero-shot 0.8752 0.8443

Std-ft 0.9214 0.6884
SHERPA 0.9278 0.7924
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Table 9: Evaluation results for the second output
mask. All metrics are reported as F1 scores.

Dataset Method Valid General

DISK-5K
Zero-shot 0.6672 0.8391

Std-ft 0.8728 0.7324
SHERPA 0.8915 0.8102

DUTS
Zero-shot 0.8992 0.8533

Std-ft 0.9482 0.7655
SHERPA 0.9552 0.8342

Lucchi
Zero-shot 0.8765 0.8612

Std-ft 0.9215 0.6821
SHERPA 0.9314 0.7912

Table 10: Evaluation results for the third output
mask. All metrics are reported as F1 scores.

Dataset Method Valid General

DISK-5K
Zero-shot 0.6642 0.8402

Std-ft 0.8736 0.7421
SHERPA 0.8932 0.8153

DUTS
Zero-shot 0.8972 0.8231

Std-ft 0.9321 0.7203
SHERPA 0.9462 0.8123

Lucchi
Zero-shot 0.8765 0.8612

Std-ft 0.9311 0.6841
SHERPA 0.9423 0.7812

Table 11: Evaluation results for the second
output mask. All metrics are reported as F1
scores.

Dataset Method Valid General

Background
Zero-shot 0.4125 0.8102

Std-ft 0.6654 0.7102
SHERPA 0.6874 0.7832

Partial
Zero-shot 0.7231 0.8533

Std-ft 0.8293 0.7421
SHERPA 0.8392 0.8412

Table 12: Performance of Combination with LoRA and
adapter in DISK-5k.

Setting Method Valid General

LoRA-Encoder w/o SHERPA 0.9216 0.6781
with SHERPA 0.9286 0.7364

LoRA-Decoder w/o SHERPA 0.8638 0.7911
with SHERPA 0.8693 0.8193

Adapter-Encoder w/o SHERPA 0.9121 0.6643
with SHERPA 0.9293 0.7423

D.3 BACKGROUND AND PARTIAL SEGMENTATION EVALUATION

As SAM is a foundation model, it is crucial to evaluate its performance across a broader range of tasks.
Therefore, we additionally report results on background segmentation in salient object detection tasks,
as well as partial segmentation performance on the Pascal VOC dataset. The results are summarized
in Table 11.

E ADDITIONAL FINE-TUNING ADAPTATION STRATEGIES

In addition to standard fine-tuning, LoRA-based and adapter-based fine-tuning are also widely adopted
approaches in transfer learning. To validate the generality and flexibility of our method, beyond
the standard fine-tuning adaptation used in the main paper, we further evaluate LoRA-based and
adapter-based fine-tuning strategies. The corresponding results are presented in Table 12. We observe
that applying LoRA to fine-tune the encoder of SAM leads to notable improvements in task-specific
performance. However, this gain comes at the cost of a significant reduction in generalization ability.
In contrast, our method effectively alleviates this degradation while further boosting fine-tuning
performance. When LoRA is applied to the decoder, the performance changes are relatively marginal,
yet our method continues to provide improvements, demonstrating its adaptability across various
fine-tuning configurations.

F DATASET DETAILS.

To achieve noticeable performance changes, we selected the DISK-5k (Qin et al., 2022) and DUTS
(Wang et al., 2017) datasets for fine-tuning for natural image segmentation. DISK-5k is a dataset
designed for highly accurate object segmentation, focusing on targets with varied structural complexi-
ties. It contains 5,470 images across 22 groups and 225 categories, with pixel-wise labeling to ensure
precision. Previous studies have shown that SAM struggles with these types of datasets (Ke et al.,
2024). DUTS is a saliency detection dataset containing 10,553 training images and 5,019 test images.
All training images are collected from the ImageNet DET training/val sets, while test images are
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Table 13: Dataset Information. The units for DISK-5k, DUTS, and Lucchi are images, while the unit
for VOST is the number of videos, each containing several frames.

Dataset Name Training Set Size Validation Set Size
DISK-5k 3000 470
DUTS 10553 5019
Lucchi 165 165
VOST 619 24

collected from the ImageNet DET test set and the SUN data set. It is less challenging for SAM. Table
13 provides detailed information about the datasets.

The imaging modalities of biomedical images and natural images exhibit significant differences,
leading to substantial variations in data distribution. Fine-tuning a model pre-trained on natural
images, such as SAM, for biomedical images has been a valuable area of research(Wu et al., 2023;
Cai et al., 2024). Thus, adapting the model to biomedical images while retaining its generalization
capability from natural images presents a meaningful and challenging problem. We selected the
Lucchi (Lucchi et al., 2013) dataset. is a biomedical image segmentation dataset specifically designed
for mitochondrial segmentation in electron microscopy images. It includes annotated sub-volumes
taken from the CA1 hippocampus region of the brain, with voxel resolutions of approximately
5x5x5nm.

For the video segmentation task, we selected the VOST (Tokmakov et al., 2023) dataset for fine-
tuning. The VOST dataset is a collection of over 700 high-resolution videos focusing on complex
object transformations. It is designed to evaluate video object segmentation methods under dynamic
appearance changes, with dense instance mask labeling and a focus on spatiotemporal modeling.

Additionally, we select twelve other datasets to assess the model’s generalization capability. The
datasets used to test generalization performance on natural image segmentation include the following
six: ADE20K (Xia et al., 2019), Cityscapes (Garcia-Garcia et al., 2017), COCO-stuff (Anwar et al.,
2020), ECSSD (Tran et al., 2020), FSS (Li et al., 2020b), BIG (Cheng et al., 2020). ADE20K is a
semantic segmentation dataset containing over 20,000 images annotated for 150 categories, including
both "stuff" (e.g., sky, road) and "objects" (e.g., car, person). Cityscapes is a large-scale dataset of
urban street scenes, with annotations for 30 classes across 5,000 finely labeled images. COCO-stuff
extends the COCO dataset with pixel-level annotations for 172 categories, including both "things"
and "stuff." ECSSD is a saliency dataset with 1,000 real-world images featuring complex textures and
structures. FSS is a few-shot segmentation dataset with 1,000 classes that include many previously
unseen or unannotated objects. BIG is a high-resolution semantic segmentation dataset with images
ranging from 2048×1600 to 5000×3600, carefully labeled to align with PASCAL VOC 2012 standards.
Among these, the first three datasets, which are significantly different from the fine-tuning dataset,
are categorized as Group 1, while the latter three, which are more similar, are categorized as Group 2.

The datasets used to test segmentation on biomedical images include the following three: VNCIII
(Gerhard et al., 2013), MitoEM-R (Wei et al., 2020), and MitoEM-H (Wei et al., 2020). VNCIII
consists of a ground truth stack of 20 sections obtained using serial section Transmission Electron
Microscopy (ssTEM) from the ventral nerve cord of the Drosophila melanogaster third instar larva.
This dataset captures a volume approximately measuring 4.7 × 4.7 × 1 microns, with a pixel resolution
of 4.6 × 4.6 nm and section thickness ranging from 45 to 50 nm. It provides high-resolution insights
into neural structures. MitoEM-R and MitoEM-H are 3D mitochondria segmentation datasets, each
containing 1,000 consecutive slices. Both datasets include ground truth mitochondria instance labels
for the first 500 slices, divided into training (slices 0–399) and validation (slices 400–499) subsets. To
ensure high-quality annotations, every mitochondrion instance in the ground truth spans a minimum
size of 2,000 voxels. While the annotations are comprehensive, refinement is encouraged, with
contributors invited to report segmentation errors by specifying the (x, y, z) coordinates of erroneous
regions.

The datasets used for video segmentation include the following three: UVO (Wang et al., 2021),
VIPSeg (Miao et al., 2022), and PUMaVOS (Bekuzarov et al., 2023). UVO is a benchmark for
open-world class-agnostic object segmentation in videos, offering significantly more videos and
annotations than other datasets while presenting challenges such as crowded scenes and complex
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motions. VIPSeg is a large-scale dataset specifically designed for video panoptic segmentation tasks.
PUMaVOS is a densely annotated dataset with 24 videos covering complex scenarios such as object
parts, frequent occlusions, fast motion, and deformable objects, with an average video length of 29
seconds and a focus on benchmarking model performance.

All the above data sets are treated as instance segmentation.

G METRICS DETAILS.

A total of four metrics are calculated in this article. Below we explain how to calculate them in detail:

First, we calculate the instance-level F1 score. Due to the characteristics of our SAM model, one
prompt corresponds to the output of one target. However, in our datasets, only some data have one
target per image, and most data have multiple instance-level targets per image. In order to adapt to
the characteristics of SAM and a variety of datasets, we calculate the F1 score of each instance and
then average it over all instances in the dataset:

F1 =
2TP

2TP + FN + FP
. (20)

In this equation, TP refers to the number of correctly predicted pixels that overlap with the ground
truth for a given instance. FP represents the pixels that are incorrectly predicted as belonging to the
instance but do not overlap with the ground truth. FN are the pixels that belong to the ground truth
instance but are missed by the model’s prediction. Then there is the average intersection-over-union
ratio, which is calculated in a similar way to F1:

mIou =
TP

TP + FP + FN
. (21)

Next is the pixel-level Dice coefficient, which should be the same as F1, but the difference is that we
take a pixel-weighted average of all instances on each image and then average all the images in the
dataset.

Finally, we introduce the J&F metric, where J represents the IoU between the predicted mask and
the ground truth, and F measures the alignment between the boundaries of the predicted mask and
the ground truth boundaries. In essence, F is equivalent to the F1 score described earlier.

H EXPERIMENTS DETAILS.

In natural image segmentation, we use SAM (Kirillov et al., 2023) vit-h as the large model requiring
fine-tuning and SAM vit-b as the guiding small model. Notably, the large model outperforms the
small model in both zero-shot and standard fine-tuning settings. For the guiding small model, we
follow the setup in (Ke et al., 2024), using the AdamW optimizer and an input size of 1024 × 1024.
Similarly, we only fine-tune the mask decoder portion. The necessary guiding feature is extracted
from the mask decoder. For the large model requiring fine-tuning, we use a similar setup to that of
the small model, but with the addition of guiding feature based on the FRS module. Both the large
model requiring fine-tuning and the small guiding model are trained for the same 20 epochs. We use
a box as the prompt and evaluate only the first mask output.

The experimental setup for biomedical image segmentation uses the same hyperparameter settings as
in natural image segmentation, and we sample the data into 165 slices of 768×1024 images. The key
difference is that we employed a new model to provide the prompts and replaced HQ-SAM in the
baseline with MedSAM, a SAM variant specifically designed for medical images.

For the video segmentation task, we use SAM2 (Ravi et al., 2024) hiera-large as the large model
and hiera-tiny as the guiding small model. Similar to the previous settings, we use the AdamW
optimizer and an input size of 1024×1024. In this task, we not only fine-tuned the mask decoder but
also fine-tuned the memory encoder. For each iteration, a segment of the video is trained, sampling
16 consecutive frames, with prompts applied to the first frame. We use click prompts, where the first
click is positioned at the center of the mask, and two additional clicks are randomly placed within
the mask. When evaluating model performance, we use all available video frames but only provided
prompts for the first frame. We compute the metrics for each instance in every frame and then average
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them across all frames. For SAM2, we employed three-point prompts: the first point is placed at the
center of the mask, while the other two points are random within the mask.

I EXTENSION TO OTHER VIT-BASED ARCHITECTURES

Although our main experiments are conducted on the original SAM for focus and clarity, the
theoretical design of SHERPA is applicable to any ViT-based architecture that offers multiple model
sizes (e.g., small and large variants). This includes models such as SAM variants, DINOv2, and
MaskFormer.

To address this, we provide additional experiments on HQ-SAM and Med-SAM. Furthermore, to
strengthen the evidence of SHERPA’s generality and credibility, we also report results on other
architectures, such as DINOv2 and MaskFormer, where SHERPA can be directly applied.

Valid General

HQ-SAM (sft) 0.9031 0.6931
with SHERPA 0.9082 0.7491
MED-SAM (sft) 0.8931 0.7952
with SHERPA 0.8945 0.8034
DINOv2 (sft) 0.9079 0.8031
with SHERPA 0.9094 0.8273
MaskFormer (sft) 0.8631 0.7242
with SHERPA 0.8753 0.7531

Table 14: Performance of SHERPA on additional ViT-based architectures.

These results confirm that SHERPA is broadly applicable beyond the original SAM family.

J COMPUTATIONAL OVERHEAD ANALYSIS

Our method is designed specifically for fine-tuning, and the model’s inference process remains
identical to standard inference, thus incurring no additional overhead during inference. During
training, the FRS module is lightweight and operates via simple projections, while the guiding SAM
is significantly smaller than the large model, resulting in relatively low training costs.

To provide a quantitative comparison, we report the training time and GPU memory consumption
for three settings: (1) fine-tuning the small model, (2) standard fine-tuning of the large model, and (3)
fine-tuning the large model with our proposed method. All experiments were conducted on a single
NVIDIA 3090 GPU.

Training time (mins) GPU memory (GBs)

Fine-tuning small 192 9.81
SFT large model 702 12.24
SHERPA large model 748 13.15

Table 15: Comparison of training time and GPU memory consumption for different fine-tuning
strategies.

K FISHER RATIO ANALYSIS

Averaging FR over a set of orthogonal directions thus quantifies how much label-discriminative
signal that sub-space carries, independent of any classifier head.

Interpretation
The high Fisher ratio subspace contains 3× more Fisher information than the low complement.
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Dataset FR High FR LoW Gap

DISK-5K 14.7 4.7 ×3.1

Table 16: Fisher-ratio comparison between high FS and low FS subspaces on DISK-5K.

Table 17: Ablation study for Balancing Parameter λ in DISK-5K. All metrics are instance-level F1
scores.

λ 0.1 1 3 10

Valid 0.8701 0.8691 0.8855 0.8841
General 0.7895 0.7881 0.7930 0.7746

⇒ FRS has indeed concentrated almost all class-separable signals into the high block, while the low
block is largely label-agnostic and thus a plausible carrier of generalization.

L BALANCING PARAMETER λ.

The balancing parameter is crucial; a value that is too small can lead to insufficient feature focus,
while a value that is too large may cause the large model to overly prioritize feature concentration,
resulting in biased outputs. After testing various values in table 17, we found that a balancing
parameter of 3 yields the best performance.

M BASELINES DETAILS.

We first introduce the baselines used in our article in Detail.
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Figure 3: Visualization of fine-tuning results on Luc-
chi.

Zero-shot. For the simple Zero-shot baseline,
we utilize a pre-trained model without any fine-
tuning. The model is tested directly on the samples
using prompts provided by the mask. The gener-
alization performance observed in this setting is
considered the upper bound for the generalization
ability of the fine-tuned models.
Std-ft. For standard fine-tuning (Std-ft),
we fine-tune only the mask_decoder of the
SAM model, as well as the mem_encoder and
mask_decoder of the SAM2 model. No addi-
tional operations are applied during the fine-tuning
process.
L2-SP. L2-SP is a method proposed to mitigate
generalization loss through a quadratic penalty.
We applied quadratic penalties with different coef-
ficients to the parts of the model requiring fine-tuning. Specifically, we tested four penalty coefficients
ranging from 1e−2 to 1e−5, corresponding to L2-SP2 to L2-SP5, respectively. Among these, we se-
lected L2-SP3 and L2-SP4, which demonstrated the best fine-tuning and generalization performance,
to present the results in the main text.
Ft-last. This method aims to mitigate the loss of generalization ability by fine-tuning only the last
few layers of the model. We tested fine-tuning the last 1 to 5 layers of the model, corresponding
to Ft-last1 through Ft-last5. Ultimately, we selected Ft-last2 and Ft-last4, which exhibited the best
performance, for presentation in the main text.

Next, we introduce several baselines that were not selected for inclusion in the main text due to their
relatively poor performance.
WiSE-ft. WiSE-ft is a method originally designed to mitigate the generalization loss of CLIP
models during fine-tuning. It achieves improved robustness by fusing model weights. We tested
various parameter combinations and concluded that this method is not suitable for image segmentation
tasks.
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Stochastic-ft. In this approach, we randomly fine-tune a certain percentage of the blocks in the
pre-trained network. Despite testing multiple configurations, we found that this method is also not
effective for image segmentation tasks.

N PARAMETER SENSITIVITY

SHERPA is robust to subspace estimation parameters. Performance is stable for m > 50 and k
between 2–5 (Fisher ratio coverage 50%–80%). We recommend m = 50 and k = 3 (75% coverage)
as default.

Additionally, we will provide further performance curves for (m, k) in the 4.

Table 18: Performance with different m values.

m Valid Generalization
10 0.8754 0.7631
20 0.8824 0.7757
50 0.8855 0.7930

100 0.8842 0.7935
200 0.8857 0.7926

Effect of m With m = 50, the subspace is well estimated; further increases yield only marginal
gains. Smaller m may cause unreliable estimates.

Effect of k We do not select k directly, but use the proportion of Fisher ratio for task-relevant
channels as the criterion. Best performance is at 75% coverage (k = 3 for SAM). Too small k lacks
task-relevant features; too large k introduces noise and degrades both fine-tuning and generalization.

In the table below, we also provide the direct relationship between the value of k and the model
performance (note that there are differences from Table 5 due to the rounding of Fisher ratio
quartiles).

Table 19: Performance with different k values and Fisher ratio coverage.

k Ratio Valid Generalization
0 0.00 0.8789 0.7234
1 0.34 0.8816 0.7531
2 0.57 0.8850 0.7891
3 0.76 0.8855 0.7930
4 0.84 0.8842 0.7735
5 0.87 0.8738 0.7758
56 1.00 0.8695 0.5257

Figure 4: Performance curves for different values of m and k. SHERPA is robust for m > 50 and k
between 2–5.
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Images Zero-shot Std-ft Ours MaskL2-SP Ft-last

Figure 5: Visualization of generalization results on MitoEM-R after fine-tuning on Lucchi.
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Figure 6: Visualization of fine-tuning results on DISK-5K.

O ROBUSTNESS TEST

We test several scenarios involving noisy or imperfect guidance, such as underfitting caused by fewer
training epochs, and bias caused by incorrect labels. In all these experiments, the large model remains
unchanged.

Table 20: Robustness test under different guidance settings.

Setting Valid Generalization
zero-shot 0.6570 0.8483
std-ft 0.8728 0.7236
2 epoch 0.8731 0.7623
5 epoch 0.8745 0.7731
10% label noisy 0.8804 0.7843
20% label noisy 0.8736 0.7626
50% label noisy 0.8492 0.7572
full (20 epoch + no noisy) 0.8855 0.7930

We observe that even in these extreme conditions, the generalization ability of the large model is not
compromised. This is due to the inherent robustness of our method by design, as explained in the
following section.

At the same time, we note that while guidance from a small model trained with incorrect labels can
affect the large model’s validation performance to some extent, it does not fall below that of standard
fine-tuning unless the label noise is extremely severe (i.e., more than 50% of the labels are noisy).

P ADDITIONAL VISUALIZATION RESULTS

Figure 6 shows additional segmentation results on natural images from the DIS5K dataset. Figure 3
presents results on biomedical images from the Lucchi dataset, and Figure 7 shows video segmentation
results on the VOST dataset. The Figure 5 demonstrates the generalization performance of our method
on biomedical image segmentation.
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Images Std-ft OursMaskImages Std-ft OursMask

Figure 7: Visualization of the video segmentation results.

Q VISUALIZATION OF FEATURE.

We visualized the Feature of each channel after applying Std-ft and our method, as shown in Figure 8.
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Std-ft Ours

Figure 8: Visualization of the detailed Feature of each channel.
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