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Abstract

Vision foundation models (VFMs) have demonstrated re-
markable capabilities in learning universal visual represen-
tations. However, adapting these models to downstream
tasks conventionally requires parameter updates, with even
parameter-efficient fine-tuning methods necessitating the
modification of thousands to millions of weights. In this pa-
per, we investigate the redundancies in the segment any-
thing model (SAM) and then propose a novel parameter-
free fine-tuning method. Unlike traditional fine-tuning meth-
ods that adjust parameters, our method emphasizes select-
ing, reusing, and enhancing pre-trained features, offering a
new perspective on fine-tuning foundation models. Specifi-
cally, we introduce a channel selection algorithm based on
the model’s output difference to identify redundant and effec-
tive channels. By selectively replacing the redundant chan-
nels with more effective ones, we filter out less useful features
and reuse more task-irrelevant features to downstream tasks,
thereby enhancing the task-specific feature representation.
Experiments on both out-of-domain and in-domain datasets
demonstrate the efficiency and effectiveness of our method in
different vision tasks (e.g., image segmentation, depth esti-
mation and image classification). Notably, our approach can
seamlessly integrate with existing fine-tuning strategies (e.g.,
LoRA, Adapter), further boosting the performance of already
fine-tuned models. Moreover, since our channel selection in-
volves only model inference, our method significantly re-
duces GPU memory overhead.

Introduction
Vision foundation models (VFMs) (Kirillov et al. 2023; Ravi
et al. 2024; Radford et al. 2021; Oquab et al. 2023) are large-
scale and generalizable models designed to adapt to vari-
ous visual tasks, such as image classification, detection, and
segmentation. Among the VFMs, Segment Anything Model
(SAM) (Kirillov et al. 2023; Ravi et al. 2024) significantly
advances the research of vision foundation models on vari-
ous visual tasks (Yang et al. 2023; Ren et al. 2024; Yu et al.
2023). Fine-tuning SAM can further unleash its potential
in new specific tasks or scenarios, such as camouflage de-
tection (Chen et al. 2023b) and medical image segmenta-
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Figure 1: A comparison between our method and other fine-
tuning methods. (a) shows a fine-tuning method that updates
the decoder to align pretrained features with the downstream
task; (b) illustrates a fine-tuning method that updates the en-
coder to modify pretrained features for downstream adapta-
tion. In contrast, (c) depicts our method, which adapts pre-
trained features to the downstream task by replacing specific
redundant channels without any parameter updates.

tion (Zhang and Liu 2023; Ma et al. 2024), achieving supe-
rior performance than prior task-specific models.

Recently, parameter-efficient fine-tuning (PEFT) (Xiong
et al. 2024; Hu et al. 2021; Houlsby et al. 2019; Han
et al. 2023; Peng et al. 2024b) methods have become main-
stream approaches for adapting VFMs to downstream tasks.
Compared to full-parameter fine-tuning, PEFT updates only
a small subset of parameters while keeping the majority
of pre-trained parameters unchanged, significantly reduc-
ing computational overhead. For example, SAMed (Zhang
and Liu 2023) customizes SAM for medical image seg-
mentation using only 4.4% of SAM’s parameters via low-
rank adaptation (Hu et al. 2021). Another approach, Sam-
PARSER (Peng et al. 2024b), further reduces parameter us-
age to just 512 learnable parameters while still achieving
substantial performance gains on medical datasets. As PEFT
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Channel number 6 216 175 19 189

Baseline 50.6 50.6 50.6 50.6 50.6
Inactive (value = 0) 50.6 = 52.7 ↑ 48.7 ↓ 48.4 ↓ 47.9 ↓

Table 1: Performance comparison of SAM on the PerSeg
dataset with inactive channels.

methods continue to shrink the number of trainable param-
eters, a radical idea arises: can a VFM be adapted to down-
stream tasks without modifying any model parameters?

From the perspective of feature representation, existing
works indicate that deep learning models exhibit signifi-
cant feature redundancy (Li, Wen, and He 2023; Dalvi et al.
2020). This is largely because networks trained on large-
scale datasets tend to learn universal features to generalize
across different tasks, many of which may be irrelevant or
even detrimental to specific downstream objectives. In par-
ticular, vision foundation models, designed to capture uni-
versal features from large-scale training data, retain substan-
tial task-irrelevant features when adapted to smaller down-
stream datasets. To illustrate this point, we conduct a con-
trolled experiment on the Segment Anything Model (SAM),
in which we manually deactivate specific feature channels
by setting their activation values to zero (i.e., effectively
turning off those channels). As shown in Table 1, we ob-
served that when some channels are inactive, the overall per-
formance on PerSeg dataset remains unchanged (channel 6)
and even improves (channel 216). This indicates that some
channels in SAM are redundant or noisy for downstream
tasks, as removing them does not impair performance (Refer
to Figure 5 for visualizations of these redundant channels).

This observation naturally raises a question: does replac-
ing the redundant or even noisy channels with more ef-
fective ones improve the adaptability of foundation mod-
els for downstream tasks? To this end, we propose a
novel parameter-free fine-tuning paradigm to enhance model
adaptability through feature selection, reuse, and enhance-
ment. Specifically, we design a channel selection scheme
based on the model’s output differences to separate effec-
tive and redundant channels. By selectively replacing redun-
dant channels, our method removes ineffective features and
reuses more relevant features to downstream tasks, thereby
enhancing task-specific feature representation. Figure 1 il-
lustrates how our method adapts VFMs to downstream tasks,
in contrast to previous fine-tuning that updates parameters.
The contributions of this work are summarized as follows:

• We identify the feature redundancy in VFMs and pro-
pose a parameter-free fine-tuning method for SAM and
SAM2. Unlike parameter updating methods, our method
focuses on selecting, reusing, and enhancing existing fea-
tures.

• We introduce a channel selection algorithm based on out-
put differences to search for optimal replacement pairs.
This process only involves network inference over the
search dataset, yielding little computational overhead
compared to other fine-tuning approaches.

• Extensive experiments on nine diverse datasets demon-

strate that the proposed method is simple yet effective. It
seamlessly integrates with existing fine-tuning strategies,
further boosting the performance of already fine-tuned
models.

Related Work

Vision Foundation Models. Segment anything model
(SAM) (Kirillov et al. 2023; Ravi et al. 2024) is one of the
most widely used foundational vision models for image seg-
mentation (Kirillov et al. 2023). It generates object masks
for images based on user-provided box or point prompts.
SAM’s success in segmentation has inspired efforts to ex-
tend its application to more complex tasks beyond segmen-
tation, such as tracking and detection (Yang et al. 2023; Ren
et al. 2024; Yu et al. 2023). Similarly, other VFMs such as
DINOv2 (Oquab et al. 2023) have demonstrated impressive
performance on multiple vision tasks. This paper explores
a novel parameter-free fine-tuning method to adapt these
foundation models for downstream datasets.
Fine-tuning Strategies. Fine-tuning aims to adapt the pre-
trained model’s weights to specific tasks by selectively
updating its parameters. Existing methods can be catego-
rized into full-parameter and parameter-efficient fine-tuning
(PEFT) (Ding et al. 2023; Li et al. 2023; Tian et al. 2024).
Full-parameter fine-tuning updates all model parameters, of-
fering strong adaptability but incurring high computational
costs. As pre-trained models continue to grow in size, PEFT
methods, which update only a minimal subset of param-
eters, have gained importance. Many PEFT methods are
inspired by Adapter (Houlsby et al. 2019), which adapts
models by inserting adapter layers into transformer blocks
as a few trainable parameters. Since then, various PEFT
techniques have been developed, achieving favorable per-
formance, including LoRA (Hu et al. 2021; Zhang and Liu
2023), SVD (Han et al. 2023; Peng et al. 2024b), DoRA (Liu
et al. 2024), and Consolidator (Tianxiang Hao et al. 2023).
Different from previous methods that adjust parameters, In
this paper, we introduce a straightforward yet effective fine-
tuning method by eliminating feature redundancies.
Channel Operations. Several works have explored channel
operations during model training (Zhang et al. 2018; Wang
et al. 2020). ShuffleNet (Zhang et al. 2018) introduces a
channel shuffle operation, mixing features across groups to
ensure cross-channel information fusion. Wang et al. (Wang
et al. 2020) propose a channel-exchanging network, a multi-
modal fusion framework that dynamically exchanges chan-
nels between sub-networks of different modalities. However,
our method significantly differs from these channel shuffle
methods in three aspects. (1) Instead of randomly swapping
channels, our method selectively replaces redundant chan-
nels with more effective ones. (2) Channel shuffle is used
during model training to generate more effective features,
whereas our approach reuses the existing features in pre-
trained models. (3) Our goal is to boost the adaptability of
foundation models for downstream tasks, whereas channel
shuffle methods aim to improve information fusion across
multiple modalities or within grouped convolutions.
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Figure 2: Pipeline of the search process for optimal replacement pair combination. First, we use a subset of the training dataset,
referred to as the “search dataset,” which is fed into SAM’s encoder to obtain pretrained features. Next, in the channel re-
placement module, each source channel is sequentially replaced with a target channel, and the modified features are sent to the
decoder. By comparing the decoded results from the original and modified features, we construct a dictionary D that records
each replacement pair and its corresponding output difference. After sorting the top N pairs in D, we further explore the opti-
mal replacement pair combination P ∗ within the subset DtopN . By applying P ∗, we replace the redundant channels with more
effective ones, thereby enhancing the performance on downstream tasks.

Methodology
Problem Formulation
Large VFMs like SAM are trained on massive, diverse train-
ing datasets. While this diversity supports generalization, it
also means some channels may carry task-irrelevant redun-
dant features for specific downstream tasks. Our goal is to
search for the optimal replacement pairs in which the re-
dundant channels can be replaced by the effective ones,
thereby maximizing SAM’s performance on downstream
tasks. We determine a channel to be “redundant” if replacing
it with another channel improves the model’s performance,
and hence the replacement channel to be “effective.” This
implies that the redundant and effective channels always
come in pairs. Let P represent a single candidate replace-
ment pair combination: P = {(i, j)1, (i, j)2, . . . , (i, j)k |
i, j, k ∈ {1, 2, . . . , C}}, where k represents the number of
replacement pairs, and each (i, j) denotes replacing the fea-
ture map of the i-th channel with that of the j-th channel.
C is the total number of channels. The objective function is
defined as:

P ∗ = argmax
P

mIoU(S, P ), (1)

where P ∗ is the optimal replacement pair combination that
maximizes the mean Intersection over Union (mIoU) on the
downstream dataset S.

However, enumerating all possible pair combinations is
computationally infeasible. For instance, when C = 256,
the number of combinations is 2C

2

, which would require an
equivalent number of inferences on the training dataset to
get an optimal solution. To address this, we propose several
strategies for reducing computational overhead, enabling an
efficient search instead of exhaustive enumeration.

Channel Selection Algorithm
Strategies for Reducing Search Overhead. To reduce the
overhead of searching for the optimal replacement pair com-
bination, we propose the following optimization strategies:
(1) Search based on output difference. First, we calculate
the output differences between the original model and the
model applying a single replacement pair. We then select the
top N pairs that yield the highest output improvements. The
N pairs form a smaller search space, allowing us to evalu-
ate various combinations of these pairs and find the optimal
replacement pair combination. This method significantly re-
duces the number of inferences from 2C

2

to C2+2N−1. (2)
Sample Reduction. We reduce the original training dataset to
a smaller “search dataset” containing only 50 images, which
helps to reduce the model’s inference time. (3) Feature Stor-
age. We pre-store the features of the search dataset gener-
ated by the encoder. During each inference, we modify these
stored features and pass them to the decoder, avoiding re-
peated feature extraction by the encoder. The specific search
process is as follows.
Search for Optimal Replacement Pairs. Given a search
dataset S, the feature maps output by SAM’s encoder are
represented as X ∈ RD×C×W×H , where D is the total
number of search images, C is the total number of channels,
and the W and H are the width and height of the feature
map, respectively. Define P as the set of replacement pairs:
P = {(i, j) | i, j ∈ {1, 2, . . . , C}}, where (i, j) represents
replacing the feature map of i-th channel with that of j-th
channel. The transformed feature maps can be expressed as:

X ′
d,c,w,h = Xd,fi→j(c),w,h, (2)

where fi→j(∗) is a mapping function that replaces channels
according to the replacement pair (i, j). Then, for each re-
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Model Backbone Size (M) Natural Medical Camou Avg + ∆

COCO VOC PerSeg ISIC16 BUSI KVASIR CAMO COD10K CHAME

SAM

ViT-B 91 41.20 38.88 50.60 57.33 51.11 55.84 44.96 52.52 49.79 49.14
ViT-B∗ 91 51.31 56.33 71.68 65.21 58.06 63.08 48.10 55.19 53.78 58.08 + 8.94
ViT-L 308 46.33 50.39 61.16 60.04 52.66 63.32 54.01 60.44 57.04 56.15
ViT-L∗ 308 74.82 75.66 85.14 65.77 57.95 66.75 55.27 64.62 62.53 67.61 + 11.46
ViT-H 636 46.46 49.38 62.50 61.37 50.31 62.26 52.10 61.23 54.22 55.54
ViT-H∗ 636 54.08 59.18 66.94 63.57 55.33 68.69 54.58 65.82 57.94 60.68 + 5.14

SAM2

Hiera-T 39 56.53 58.16 66.67 52.18 54.82 59.32 53.98 58.50 55.47 57.29
Hiera-T∗ 39 73.53 76.76 81.77 55.03 57.87 62.08 59.10 64.32 60.18 65.63 + 8.34
Hiera-S 46 61.72 60.88 72.45 54.38 58.20 63.43 58.30 61.38 58.59 61.04
Hiera-S∗ 46 75.41 77.46 84.76 57.78 61.92 66.12 61.91 68.48 64.45 68.69 + 7.65
Hiera-B+ 81 64.92 65.00 74.23 54.55 56.46 55.83 60.38 62.88 60.41 61.62
Hiera-B+∗ 81 76.18 80.05 75.28 55.86 61.85 59.71 63.70 66.30 63.58 66.94 + 5.32
Hiera-L 224 71.24 70.66 77.41 58.84 66.71 60.15 67.84 69.86 67.20 67.77
Hiera-L∗ 224 78.01 83.06 86.27 64.39 69.63 64.49 71.07 73.42 71.49 73.53 + 5.76

Table 2: Performance improvement of our fine-tuning for SAM variants on downstream segmentation tasks. “Natural”, “Med-
ical” and “Camou” represent the natural, medical, and camouflage image datasets, respectively. “*” indicates the model of
applying our fine-tuning method. “Size” represents the total parameter of models. “Avg + ∆” represents the average mIoU
along with the improvement over the baseline. Results demonstrate that the proposed method consistently improves segmenta-
tion accuracy across different SAM backbones.

placement pair (i, j), we calculate the output difference:
∆Acc(i→j) = D(X ′)−D(X), (3)

where D(X) and D(X ′) represent the SAM’s output us-
ing the original feature maps X and the transformed feature
maps X ′, respectively.

To identify the most effective replacement pairs, we com-
pute the accuracy difference for every pair in P , and store
them in a dictionary D:

D =
{
(i, j) : ∆Acc(i→j)

}
. (4)

Next, we select the top N replacement pairs in D with the
highest ∆Acc(i→j) to form a new dictionary:

DtopN =
{
(i, j) : ∆Acc(i→j)

}
. (5)

Finally, we evaluate all possible combinations in DtopN

on the downstream dataset to identify the optimal replace-
ment pair combination P ∗, and it can be represented as:
P ∗ = {(i, j)1, (i, j)2, ..., (i, j)k | (i, j) ∈ DtopN , k ∈
{1, 2, . . . , N}}. Compared to the exhaustive enumeration of
all replacement pair combinations, our approach reduces the
number of inferences from 2C

2

to C2 + 2N − 1, where C2

represents the number of elements in D, and 2N − 1 repre-
sents the number of non-empty combinations in DtopN .

Figure 2 illustrates the complete search process for the op-
timal replacement pair combination. According to P ∗, we
identify redundant and effective channels in SAM for spe-
cific downstream tasks. By selectively replacing redundant
channels with more effective ones, we filter out less useful
features and reuse more relevant features, thereby enhancing
task-specific feature representation.

Experiments
Experimental Setup
Datasets and Metrics. We evaluate our method across 9

datasets, covering different tasks of natural image segmenta-
tion (COCO (Lin et al. 2014), VOC (Everingham et al. 2010)
and PerSeg (Zhang et al. 2023)), medical image segmenta-
tion (ISIC (Codella et al. 2018), BUSI (Al-Dhabyani et al.
2020) and KVASIR (Jha et al. 2020)) and camouflage de-
tection (CAMO (Le et al. 2019), COD10K (Fan et al. 2022)
and CHAME (Skurowski et al. 2018)). Each image is paired
with a ground truth segmentation mask of a single object,
along with corresponding prompts. Natural image datasets
are used to assess SAM’s performance under in-domain sce-
narios, while medical and camouflage datasets are used to
evaluate SAM’s performance under out-of-domain scenar-
ios. All tasks use mean Intersection over Union (mIoU) as
evaluation metrics.
Baselines. To validate the effectiveness of our method, we
choose SAM (Kirillov et al. 2023) and SAM 2 (Ravi et al.
2024) as baseline models with different backbones for the
segmentation task. The backbones of SAM include ViT-B,
ViT-L, and ViT-H, whereas SAM 2 includes Hiera-T, Hiera-
S, Hiera-B+, and Hiera-L. We also choose Dinov2 (Oquab
et al. 2023) as baseline model for depth estimation and im-
age classification tasks. To validate that our method can fur-
ther improve the performance of already fine-tuned mod-
els, we introduce various parameter-efficient fine-tuning
schemes including SAMed (Zhang and Liu 2023), SAM-
Adapter (Chen et al. 2023a), SAM-PARSER (Peng et al.
2024b), SAM-COBOT (Peng et al. 2024a), DORA (Liu
et al. 2024) and partial-parameter fine-tuning methods, in-
cluding MedSAM (Ma et al. 2024), Encoder-only Tuning,
and Decoder-only Tuning.
Implementation Details. For comparison to other fine-
tuning, we employ the ViT-Base version of SAM (Kirillov
et al. 2023) as our backbones, integrating point prompts for
the prompt encoder input. For loss functions, we use the
same combination of Dice loss and CE loss as in (Zhang
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Method Natural Medical Camou Avg + ∆

COCO VOC PerSeg ISIC16 BUSI KVASIR CAMO COD10K CHAME

Partial-parameter Fine-Tuning
Decoder 69.02 75.81 90.14 80.57 78.23 75.83 63.45 65.68 63.81 73.61
Decoder + Ours 70.26 77.26 90.34 81.41 78.54 77.50 64.70 66.53 65.10 74.62 + 1.01
Encoder 51.98 72.21 89.41 85.51 78.61 75.94 58.64 50.65 52.03 68.33
Encoder + Ours 52.94 72.43 89.56 85.79 78.79 77.16 59.49 - 52.77 68.84 + 0.51
MedSAM (Ma et al. 2024) 65.19 74.28 89.94 83.78 78.51 75.84 59.66 65.59 59.57 72.48
MedSAM (Ma et al. 2024) + Ours 67.39 76.38 90.13 - 78.78 77.30 60.46 67.60 63.59 73.93 + 1.45

Parameter-efficient Fine-Tuning
SAMed (Zhang and Liu 2023) 66.86 77.38 89.81 85.35 81.01 83.39 74.53 75.47 73.25 78.56
SAMed (Zhang and Liu 2023) + Ours 70.29 78.85 90.19 86.27 82.26 83.86 75.17 76.50 74.12 79.72 + 1.16
SAM-COBOT (Peng et al. 2024a) 68.96 82.30 91.20 86.31 78.44 83.59 71.41 73.88 72.47 78.73
SAM-COBOT (Peng et al. 2024a) + Ours 69.41 82.87 92.09 86.57 79.54 84.07 71.94 74.50 72.93 79.32 + 0.59
SAM-Adapter (Chen et al. 2023a) 65.76 74.24 80.48 83.59 72.83 70.77 67.79 71.20 69.39 72.89
SAM-Adapter (Chen et al. 2023a) + Ours 67.28 75.85 82.11 83.91 73.10 71.69 68.05 72.44 69.80 73.80 + 0.91
SAM-PARSER (Peng et al. 2024b) 63.14 67.24 55.82 71.62 57.66 62.69 53.30 60.99 56.20 60.96
SAM-PARSER (Peng et al. 2024b) + Ours 68.84 70.63 70.29 72.88 62.42 67.87 55.85 61.40 58.31 65.39 + 4.43
DoRA (Liu et al. 2024) 67.33 77.95 91.24 85.68 81.53 83.83 75.05 75.80 73.71 79.12
DoRA (Liu et al. 2024) + Ours 69.16 80.19 91.63 85.71 82.65 84.30 75.54 75.94 74.17 79.92 + 0.80

Table 3: Performance improvement for fine-tuned SAM on downstream segmentation tasks. All results are based on the ViT-
Base version of SAM. “Decoder”: fine-tuning only decoder. “Encoder”: fine-tuning only encoder. “‘Avg + ∆”: the average
mIoU along with the improvement over the baseline. “-”: without any improvement. It shows that our method can serve as a
plug-and-play module that further enhances the performance of fine-tuned models.

and Liu 2023; Peng et al. 2024a). For the search dataset, we
randomly select 50 image samples from the training dataset.
N in DtopN is set to 10. For the training epoch, we set the to-
tal number of epochs to 25. Our training employs the Adam
optimizer (Kingma and Ba 2014). The initial learning rate
is set to 1.0× 10−4, and the weight decay is 5× 10−5 with
one image per mini-batch. All experiments are conducted on
a computer equipped with four NVIDIA RTX 4090 GPUs.
Please refer to the Appendix for more details.

Main Results
Benchmark Results. Table 2 quantitatively compares vari-
ous SAM-variants on downstream segmentation tasks across
natural, medical, and camouflage image datasets. The re-
sults validate the effectiveness of our proposed method in
consistently enhancing the segmentation capability of SAM
and SAM 2 across diverse datasets, including COCO (Lin
et al. 2014), VOC (Everingham et al. 2010), PerSeg (Zhang
et al. 2023), ISIC (Codella et al. 2018), BUSI (Al-Dhabyani
et al. 2020), KVASIR (Jha et al. 2020), CAMO (Le et al.
2019), COD10K (Fan et al. 2022) and CHAME (Skurowski
et al. 2018). Specifically, we observe that our method is ef-
fective across different backbones. It enhances the average
mIoU of ViT-B, Vit-L, and ViT-H versions of SAM by 8.94,
11.46, and 5.14, respectively. Similarly, it enhances the av-
erage mIoU of Hiera-T, Hiera-S, Hiera-B+, and Hiera-L ver-
sions of SAM 2 by 8.34, 7.65, 5.32, and 5.76, respectively.
Moreover, larger improvements are observed on natural im-
age datasets. For example, on the ISIC16 medical dataset,
the ViT-B version of SAM improves from 57.33 to 65.21
(+7.88), while on the VOC natural image dataset, it im-
proves from 38.88 to 56.33 (+17.45). This suggests that our
fine-tuning method is more effective on in-domain datasets
(e.g.,, VOC) than out-of-domain datasets (e.g.,, ISIC16).

Enhancing fine-tuned Models. Table 3 compares the per-
formance of various fine-tuning strategies for SAM, in-
cluding Decoder-only Tuning, Encoder-only Tuning, Med-
SAM (Ma et al. 2024), SAMed (Zhang and Liu 2023), SAM-
COBOT (Peng et al. 2024a), SAM-Adapter (Chen et al.
2023a), SAM-PARSER (Peng et al. 2024b), and DoRA (Liu
et al. 2024), across nine datasets spanning three computer vi-
sion domains. In Table 3, we present both the original mIoU
and the mIoU after applying our method to these fine-tuned
models. The results demonstrate that our method effectively
enhances these fine-tuned models, leading to consistent per-
formance improvements across various tasks. For example,
our method boosts SAMed, SAM-Adapter, SAM-PARSER
and DoRA by 1.16, 0.91, 4.43 and 0.80, respectively, as well
as Decoder-tuning and Encoder-tuning by 1.01 and 0.51.
These findings suggest that feature redundancy persists in
the models even after fine-tuning. By effectively identifying
and removing this redundancy, our approach enhances the
models’ ability to better adapt to downstream tasks.
Qualitative Results. Figure 3 presents segmentation ex-
amples that demonstrate the effectiveness of our method
compared to leading fine-tuning techniques, including
DoRA (Liu et al. 2024), and SAM-Adapter (Houlsby et al.
2019), across natural, medical and camouflage scenarios. In
Figure 3, our method is compatible with existing fine-tuning
across various scenarios, achieving a more precise segmen-
tation. For instance, details such as the cat’s ear, the polyp’s
contour, and the snake’s body align more closely with the
ground truths.

Ablation Studies
Varying of Number of Replacement Pairs. To examine
the relationship between the number of replacement pairs
and performance, we evaluate different replacement pair
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Figure 3: Qualitative comparison of various fine-tuning methods for SAM across natural, medical, and camouflage scenarios.
Columns from left to right show the original input image (Input), the ground-truth segmentation mask (GT), the segmentation
results from the original SAM (Base), and the results before and after applying our method to various fine-tuned methods (i.e.,
Adapter, DoRA). The results demonstrate that our method effectively enhances the performance of already fine-tuned models,
producing more refined predictions that are closer to the ground truths, as highlighted in Red boxes. Refer to the Appendix for
more visualizations.

The Number of Replacement Pairs The Number of Replacement Pairs

Figure 4: Performance Comparison of varying number of re-
placement pairs. This suggests that combining different re-
placement pairs can further improve segmentation perfor-
mance.

combinations across various datasets (e.g., CAMO, COCO,
KVASIR) using SAM’s Hiera-S and Hiera-T backbones,
as shown in Figure 4. The results indicate that increasing
the number of replacement pairs leads to improved perfor-
mance. For example, on the COCO dataset (the green line),
performance peaks when using six replacement pairs. This
suggests that combining different replacement pairs effec-
tively reduces redundancy in SAM.
Computational Overhead. Table 4 presents the computa-
tional overhead comparison of different fine-tuning meth-
ods. The results demonstrate that our method significantly
reduces GPU memory usage compared to other fine-tuning
approaches. While some PEFT methods (i.e., SAMed and
SAM-PARSER) update only a small subset of parameters,
they still require retaining the original computational graph
for backpropagation, leading to high GPU memory con-
sumption. In contrast, our method is entirely parameter-free,
relying only on model inference, which minimizes memory
usage and eliminates the need for additional parameters for
adaptation.
Features of Optimal Replacement Pairs. To explore which

Method GPU (GB) Params.(K)

Encoder-only 34.6 89670
Decoder-only 13.7 4057

MedSAM (Ma et al. 2024) 34.7 93735
SAM-Adapter (Chen et al. 2023a) 28.5 3550

SAMed (Zhang and Liu 2023) 28.9 147
SAM-COBOT (Peng et al. 2024a) 29.1 148
SAM-PARSER (Peng et al. 2024b) 15.9 0.5

Ours 11.1 0

Table 4: Computational overhead for different fine-tuning
strategies. Experiments are performed on the ViT-base ver-
sion of SAM with input images at a resolution of 1024x1024
and a batch size of 4. It shows that our method requires less
GPU usage and is entirely parameter-free compared to other
fine-tuning.

feature types are redundant or effective, we compare chan-
nels in optimal replacement pairs on natural, medical, and
camouflage scenarios. As shown in Figure 5, the features
of effective channels have more discernible structures, well-
defined edges, and textures, which are likely beneficial for
segmentation tasks. In contrast, the features of redundant
channels are generally more blurred and contain less struc-
tural information. They appear noisy and lack the clarity for
accurate segmentation. Moreover, some certain channels ex-
hibit consistent effectiveness or redundancy across various
datasets. For example, Channel 19 shows consistent effec-
tiveness, while Channels 20, 98, 162, and 226 show consis-
tent redundancy across different scenarios. It indicates that
some channels capture features with cross-domain general-
izability.
Extension to Different Vision Tasks. To validate the ef-
fectiveness of our method beyond segmentation, we evalu-
ate its performance on additional vision tasks, including im-
age classification and depth estimation. Table 5 presents the
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Figure 5: Comparison of effective and redundant channels in optimal replacement pairs for downstream tasks. “Effective chan-
nels” are used to replace the “Redundant channels” to improve task-specific performance. The colors in the feature map from
green to yellow represent the response intensity from weak to strong. (a)-(c) showcase natural, medical and camouflage scenar-
ios, respectively, showing effective channel features have more discernible structures, edges and textures compared to redundant
channel features.

Model Backbone NYUv2 CIFAR

MSE ↓ AbsRel ↓ δ1 ↑ Acc.↑

Dinov2 ViT-S 0.225 0.126 0.893 80.41
ViT-S∗ 0.209 0.112 0.907 80.81
ViT-B 0.210 0.110 0.900 88.08
ViT-B∗ 0.193 0.095 0.916 88.49

Table 5: Effectiveness evaluation of Depth Estimation and
Image Classification. This demonstrates the generalizabil-
ity of our fine-tuning approach across depth estimation and
classification tasks.

depth estimation results on the NYUv2 dataset (Silberman
et al. 2012) and the image classification results on the CI-
FAR dataset (Krizhevsky, Hinton et al. 2009). Our method
improves the accuracy of the ViT-Small and ViT-Base ver-
sions of DINOv2 from 80.41 to 80.81 and from 88.08 to
88.49, respectively. Similarly, it enhances the MSE, AbsRel,
and δ1 metrics from 0.210, 0.110, and 0.900 to 0.193, 0.095,
and 0.916, respectively. These results demonstrate the effec-
tiveness of our approach across different vision tasks (See
Appendix for the visualization).

Discussion
Our method achieves performance gains without updating
any parameters by exploiting a key observation: not all fea-
tures in vision foundation models are equally useful for
downstream tasks. Large VFMs like SAM are trained on
massive, diverse training datasets and are thus equipped with
rich but overcomplete representations. While this diversity

supports generalization, it also means many channels are
not tailored for specific downstream tasks. Therefore, some
channels may carry task-irrelevant or even distracting infor-
mation—what we define as redundant. From an intuitive
perspective, we use the replacing strategy to reconfigure the
existing representation space. By replacing these redundant
channels with effective ones already existing in the model,
we enhance task-specific feature representation. This can be
analogized to team optimization: if some team members are
idle or misaligned with the current project goals, reallocat-
ing active contributors to fill their roles enhances team effi-
ciency—without hiring anyone new.

Conclusion
In this paper, we propose a parameter-free fine-tuning
method for adapting vision foundation models (VFMs) to
downstream tasks. Unlike previous fine-tuning methods that
update parameters, our approach introduces a new perspec-
tive by eliminating feature redundancies within VFMs. Ex-
periments on both in-domain and out-of-domain datasets
demonstrate that our method is simple yet effective, and
it is also compatible with existing fine-tuning strategies to
achieve additional performance gains. Since our method op-
erates solely at the inference stage, it maintains a lower
computational overhead. Future work could explore accel-
erating the search for optimal replacement pairs using tradi-
tional optimization techniques, such as particle swarm opti-
mization. Additionally, given its strong generalization across
multiple backbones and downstream tasks, we encourage re-
searchers to apply our method to a broader range of models
and vision tasks.
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