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Abstract

Segment Anything Model (SAM) has received remarkable
attention as it offers a powerful and versatile solution for
object segmentation in images. However, fine-tuning SAM
for downstream segmentation tasks under different scenar-
ios remains a challenge, as the varied characteristics of dif-
ferent scenarios naturally requires diverse model parameter
spaces. Most existing fine-tuning methods attempt to bridge
the gaps among different scenarios by introducing a set of
new parameters to modify SAM’s original parameter space.
Unlike these works, in this paper, we propose fine-tuning
SAM efficiently by parameter space reconstruction (SAM-
PARSER), which introduces nearly zero trainable parame-
ters during fine-tuning. In SAM-PARSER, we assume that
SAM’s original parameter space is relatively complete, so
that its bases are able to reconstruct the parameter space of a
new scenario. We obtain the bases by matrix decomposition,
and fine-tuning the coefficients to reconstruct the parameter
space tailored to the new scenario by an optimal linear com-
bination of the bases. Experimental results show that SAM-
PARSER exhibits superior segmentation performance across
various scenarios, while reducing the number of trainable pa-
rameters by approximately 290 times compared with current
parameter-efficient fine-tuning methods.

Introduction
The recent unveiling of foundation models (Brown et al.
2020; Kirillov et al. 2023; Wang et al. 2023b) has shown
unprecedented performance and potential across various do-
mains in artificial intelligence. Among these, Segment Any-
thing Model (SAM) (Kirillov et al. 2023) is one of the most
noteworthy foundation models in computer vision, which
contains a vast number of parameters and is pre-trained
on a large-scale segmentation dataset, i.e., SA-1B. Conse-
quently, SAM exhibits its capability in precise object seg-
mentation across various images (He et al. 2023a; Ji et al.
2023). The effectiveness of SAM has generated significant
interest in fine-tuning it for downstream scenarios (Zhang
and Liu 2023; Ma and Wang 2023). However, this is a chal-
lenging task because the diverse characteristics inherent in
different scenarios often necessitate varied model parameter
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Figure 1: Comparative Overview: Previous Methods vs.
SAM-PARSER. (a) Previous parameter-efficient fine-tuning
methods adapt SAM to different scenarios via adding new
parameters. (b) Our SAM-PARSER adapts SAM to vari-
ous scenarios through parameter space reconstruction, with
nearly zero trainable parameters introduced.

spaces. Furthermore, given the vast number of parameters
in SAM, direct fine-tuning of its original parameter space
seems less feasible.

Recent methods tackle these challenges by adopting
a parameter-efficient fine-tuning paradigm, inspired by
the prominent fine-tuning strategies in Natural Language
Processing (NLP), i.e., LoRA (Hu et al. 2022) and
Adapter (Houlsby et al. 2019). As shown in Fig. 1, their
common idea is to learn the distinct characteristics by in-
troducing a set of new trainable parameters, thereby shifting
the original parameter space to satisfy various downstream
scenarios, leading to competitive performance for adapting
SAM to new scenarios (Ma and Wang 2023; Chen et al.
2023; Wang et al. 2023a). Considering that the original pa-
rameter space of SAM is already very huge, we raise a ques-
tion by the light of nature: Is there any way to adapt SAM
to new varied scenarios without introducing new trainable
parameters?

In this paper, to offer a solution to this question, we
propose fine-tuning SAM efficiently by parameter space
reconstruction (SAM-PARSER). Since the original param-
eter space of SAM is huge, we can assume that its bases
are foundational, which are capable of reconstructing the
parameter space tailored to varied downstream scenar-
ios. Specifically, we utilize a widely-accepted matrix de-
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composition technique, i.e., Singular Value Decomposition
(SVD) (Andrews and Patterson 1976), decompose the orig-
inal parameter space of SAM into the bases and associ-
ated coefficients. Then, by fine-tuning these coefficients, we
are able to reconstruction of the parameter space tailored
for new scenarios through an optimal linear combination
of these bases. Consequently, our proposed SAM-PARSER
efficiently adapts SAM to different scenarios with nearly
zero newly introduced trainable parameters, i.e., a few co-
efficients, during fine-tuning.

Extensive experiments demonstrate that SAM-PARSER
shows competitive performance across three prevalent sce-
narios in computer vision, including natural image segmen-
tation, remote sensing image segmentation, and medical im-
age segmentation. Additionally, different from many fine-
tuning methods that target on the parameters of Transformer
layers, we apply our SAM-PARSER solely to the convolu-
tional layers in SAM’s encoder. In such a situation, SAM-
PARSER only needs to fine-tune 0.5k coefficients, reducing
the number of trainable parameters by ≈ 290× compared
with current parameter-efficient fine-tuning methods, while
achieving superior segmentation performance.

Related Work
Foundation Models
Foundation models, initially introduced in the Natural Lan-
guage Processing (NLP) community (Bommasani et al.
2021; Brown et al. 2020), have marked a significant mile-
stone in the trajectory of artificial intelligence. Among them,
GPT (Brown et al. 2020), with its advanced large language
model, has drawn a lot of attention as its strong zero-shot
generalization to unseen tasks and data. Recent develop-
ments have expanded the application of foundation models
into the field of computer vision. Numerous vision founda-
tion models (Kirillov et al. 2023; Wang et al. 2023b; Zou
et al. 2023) are developed to deal with plenty of vision tasks
and data ditributions. Our experiments here are carried out
using SAM (Kirillov et al. 2023), a large foundation model
trained on a large visual dataset, i.e., SA-1B. Large training
data equips SAM with the capability to extract rich seman-
tic features and detailed visual patterns, thereby ensuring its
great potential for generalization across a variety of down-
stream scenarios.

Fine-tuning SAM
SAM consists of an image encoder and an image de-
coder, where the decoder is much more lightweight than
the encoder. Thus, fully fine-tuning the decoder is a de-
fault operation in all SAM fine-tuning paradigms. The dif-
ference among different SAM fine-tuning paradigms lies
in how to fine-tuning the encoder. For simplicity, we state
“fine-tuning SAM” means “fine-tuning SAM’s image en-
coder” in this paper. Naturally, a fine-tuning baseline is
fully fine-tuning the decoder and fixing the encoder (Ma
and Wang 2023; Wang et al. 2023c). Then the fine-tuning
paradigms for SAM can broadly be organized into two cat-
egories: 1) Fully fine-tuning, in which all SAM’s parame-
ters are fine-tuned; 2) Parameter-efficient fine-tuning, which

freezes SAM’s original parameter spaces and focuses on
fine-tuning a small number of newly introduced parameters,
e.g., LoRA (Hu et al. 2022).
Fully Fine-tuning. A straightforward strategy is to fully
fine-tune the entire parameters of SAM (Kirillov et al. 2023),
as highlighted in a previous study (Li, Hu, and Yang 2023).
However, this approach inevitably demands substantial com-
putational resources, which is less practical.
Parameter-efficient Fine-tuning. These works (Wang et al.
2023a; Chen et al. 2023; Wu et al. 2023; Zhang and Liu
2023; Guan et al. 2023; Dutt et al. 2023; Zhang and Jiao
2023) sought to leverage insights derived from parameter-
efficient fine-tuning paradigms in Natural Language Pro-
cessing (NLP), such as Adapter (Houlsby et al. 2019) and
LoRA (Hu et al. 2022). For example, SAMed (Zhang and
Liu 2023) proposed the use of LoRA (Hu et al. 2022) to fine-
tune SAM by optimizing the introduced rank decomposition
matrices integrated into its Transformer blocks. Similarly,
SAM-adapter (Wu et al. 2023) employed the adapter tech-
nique (Houlsby et al. 2019) to fine-tune SAM. They intro-
duced several trainable adapter layers in each Transformer
layer of SAM, while concurrently freezing SAM’s original
parameter space. Contrary to these methods that adapt SAM
to different scenarios by introducing new parameter spaces,
our SAM-PARSER directly reconstructs SAM’s original pa-
rameter space, offering a more straightforward and efficient
solution for its fine-tuning.

Parameter Space Decomposition
Parameter space decomposition is a highly prevalent strat-
egy for analyzing the structure of parameter spaces, broadly
categorized into two main methods: matrix theory-based
(Mijnsbrugge, Ongenae, and Van Hoecke 2021; Cannon,
Hanna, and Keppel 2011) and Fast Fourier Transform
(FFT) theory-based methods (Li et al. 2022). Matrix theory-
based decomposition typically involves analyzing compo-
nents of the parameter space by techniques like Singular
Value Decomposition (SVD) (Mijnsbrugge, Ongenae, and
Van Hoecke 2021) or QR decomposition (Panahi, Saeedi,
and Arodz 2021). A prominent extension of this decompo-
sition method is tensor theory-based decomposition (Wang
et al. 2022), commonly viewed as its higher-order counter-
part. For the analysis of tensors, or other high-dimensional
matrices, Tucker decomposition (Jie and Deng 2023) is fre-
quently employed. Differently, FFT theory-based decompo-
sition typically entails mapping network weights into the
frequency domain to analyze contributions across differ-
ent frequency components (He et al. 2023b). In this paper,
we utilize matrix theory-based decomposition in our SAM-
PARSER framework to reconstruct SAM’s original param-
eter space, consistent with established practices in the con-
temporary parameter-efficient fine-tuning paradigm.

Preliminaries
In this section, we first look more closely at prevalent fine-
tuning paradigms. Subsequently, we introduce the architec-
ture of SAM. Ultimately, we discuss why parameter-efficient
fine-tuning is favored for SAM and suggest a new perspec-
tive for its adaptation.
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Figure 2: A schematic representation of SAM-PARSER. We reconstruct SAM’s parameter spaces for adapting to various sce-
narios by fine-tuning the coefficients while maintaining the foundational bases are frozen. Concurrently, we fully fine-tuning
SAM’s mask decoder.

Fine-tuning Paradigm

Fully Fine-tuning. Given a training set T used for fine-
tuning, existing methods train a neural network F(X;W) to
produce a dense prediction map A, where X is an input im-
age and W are the trainable parameters of F . Accordingly,
the objective function of fully fine-tuning is formulated as:

W∗ = argmin
W

ℓ(A,Y), (1)

where Y is a full dense label map, and ℓ is typically chosen
as a cross-entropy loss when addressing a segmentation task.
Parameter-efficient Fine-tuning. We provide a brief intro-
duction of two representative parameter-efficient fine-tuning
methods in NLP, i.e., Adapter (Houlsby et al. 2019) and
LoRA (Hu et al. 2022).

(1) Adapter. Adapter (Houlsby et al. 2019) maintained
all the original parameters frozen and integrated a learn-
able adapter layer between the Multi-Head Attention (MHA)
module and the LayerNorm layer in each Transformer layer.
This adapter layer, composed of two linear layers and a
ReLU activation function, creates an extra parameter space
specifically tailored to new scenarios.

(2) LoRA. A prior work (Aghajanyan, Zettlemoyer, and
Gupta 2020) illustrated that pre-trained large foundation
models often reside on a low intrinsic dimension, allow-
ing them to be projected into a smaller sub-space. Follow-
ing this, LoRA (Hu et al. 2022) assumed that the change
in weights during fine-tuning also has a low intrinsic rank.
They introduced a learnable low-rank matrix ∆W that works
in parallel to an original weighted matrix W ∈ Rd×k, which
is in the MHA module of each transformer layer. ∆W is
formed through a QR decomposition, denoted by ∆W =
βα, where β ∈ Rd×r, α ∈ Rr×k, and rank r ≪ min(d, k).
The size of r determines the size of the newly introduced
parameter space, allowing for a more targeted extraction of
unique characteristics in new scenarios.

Segment Anything Model (SAM)
SAM (Kirillov et al. 2023) is constructed of an image en-
coder, with extensive parameters, and a subsequent decoder.
The image encoder consists of sequentially connected lay-
ers, starting with several transformer layers followed by
standard convolutional layers. By training on a large-scale
dataset, i.e., SA-1B, this encoder creates a broad parameter
space that guides the decoder to achieve precise segmenta-
tion results for all objects contained in images. Addition-
ally, to enable user interactions and identify specific objects,
SAM is further equipped with a prompt encoder. This spe-
cialized encode is proficient in processing both dense (i.e.,
mask-based) and (i.e., box or point-based) prompts.

Discussion
Compared with fully fine-tuning paradigms, a parameter-
efficient fine-tuning paradigm has attracted more attention in
the fine-tuning SAM literature (Chen et al. 2023; Wang et al.
2023a; Li, Hu, and Yang 2023). One reason is, as its name
suggests, the parameter-efficient fine-tuning paradigm sig-
nificantly reduces the trainable parameters comparing those
of the fully fine-tuning paradigm, thus speeding up the train-
ing process. Besides, it is capable of learning unique char-
acteristics of new scenarios by introducing new parameter
spaces, making SAM better adapt to varied segmentation
tasks.

In analyzing current fine-tuning literature, we find there is
a clear trend toward reducing fine-tuning parameters while
simultaneously aiming for improved results. Given this tra-
jectory, we question if there exists a way that can match or
even surpass the performance of prior paradigms with nearly
zero newly introduced trainable parameters.

Methodology
In this section, we introduce our solution that proposes fine-
tuning SAM efficiently by parameter space reconstruction
(SAM-PARSER). In SAM-PARSER, we assume the bases
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Figure 3: A schematic diagram to illustrate how to decom-
pose weight matrices in SAM’s image encoder. First, we
decompose the weight matrix W into bases and their cor-
responding coefficients. Following this, we employ singular
value decomposition (SVD) (Andrews and Patterson 1976)
to further disintegrate the bases Q into a pair of bases, i.e.,
U and V.

of SAM’s original parameter space are foundational, and
capable of reconstructing the parameter space adapted to
diverse downstream scenarios. The core of the proposed
SAM-PARSER lies in fine-tuning the coefficients corre-
sponding to these bases, aiming to achieve the optimal linear
combination for reconstructing the parameter spaces tailored
to new scenarios. Fig. 2 provides a visual overview of our
proposed SAM-PARSER.

Specifically, for a pre-trained weight matrix W ∈ Rd×k,
where d ≤ k, it can be decomposed into bases and their
corresponding coefficients, which are formulated as:

W =
d∑

i=1

piQi, (2)

where pi ∈ R and Qi ∈ Rd×k are ith coefficient and base,
respectively.

Following previous works (Han et al. 2023; Sun et al.
2022), as shown in Fig. 3, we use a widely-accepted ma-
trix decomposition technique, i.e., Singular Value Decom-
position (SVD) (Andrews and Patterson 1976), to derive the
bases and their coefficients. In this way, we can rewrite Eq. 2
as:

W =
d∑

i=1

piui(vi)T

= UPVT ,

(3)

where we denote that ui ∈ Rd and vi ∈ Rk, and
then U = [u1, u2, . . . , ui, . . . , ud] ∈ Rd×d and V =
[v1, v2, . . . , vi, . . . , vd] ∈ Rk×d compose of the bases of W.
In our proposed SAM-PARSER, we only fine-tune the diag-

onal matrix

P =


p1 0 · · · 0
0 p2 · · · 0
...

...
. . .

...
0 0 · · · pd

 ,

which are the coefficients. Accordingly, the objective func-
tion of our proposed SAM-PARSER is formulated as:

P∗ = argmin
P

ℓ(A,Y), (4)

as P is a diagonal matrix, the number of parameters equals
its rank, since the parameter matrix W is a full-rank matrix.
Unlike previous methods that simply freeze W and introduce
new parameters, we directly reconstruct W by fine-tuning P,
offering a more direct and efficient way for SAM adaptation
across diverse scenarios.
Loss Function. As recommended in previous works (Wang
et al. 2023a; Ma and Wang 2023), we incorporate a com-
bination of binary cross-entropy, denoted as ℓce, and binary
dice loss, represented by ℓdice, to fine-tune SAM. Then, for
multi-instance scenes, we also adopt a focal loss ℓfocal (Lin
et al. 2017) for balancing the learning of different instances.
Finally, the loss function is derived as:

ℓ = (1− λ)ℓce + λℓfocal + ℓdice, (5)

where λ = 0 represents a single-instance scene, commonly
found in medical image segmentation, e.g., lesion segmen-
tation.

Experiments
In this section, we evaluate our method across a spectrum of
downstream segmentation tasks. These tasks fall into three
primary categories: (1) Medical image segmentation, (2)
Natural image segmentation, and (3) Remote sensing image
segmentation. We begin by introducing the datasets utilized,
the corresponding evaluation metrics, and implementation
details. Following this, we delve into an ablation study of
our proposed SAM-PARSER. Finally, we benchmark SAM-
PARSER against various other fine-tuning strategies.

Experimental Setup
Datasets. To validate the effectiveness of our proposed
methods, we conduct experiments on fine-tuning SAM to
five datasets.

(1) CT Abdominal organ (AO) (Ma et al. 2022). Follow-
ing (Ma and Wang 2023), we randomly split 80% medical
images of AO for fine-tuning and 20% for testing.

(2) COCO2017 (COCO) (Lin et al. 2014). We fine-tune
SAM by using natural images on the training set and evalu-
ate the models’ performance on its validation set.

(3) PASCAL VOC2012 (VOC) (Everingham et al. 2010).
We fine-tune SAM by using natural images on its training set
and evaluate the models’ performance on its validation set.

(4) NWPU VHR-10 (NWPU) (Cheng et al. 2014; Cheng
and Han 2016; Cheng, Zhou, and Han 2016). As recom-
mended in (Cheng, Zhou, and Han 2016), we allocate 70%
remote sensing images of NWPU for fine-tuning and the re-
maining 30% for evaluation.
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Trans. la. Conv. la. mIoU (%) F1 (%)

Baseline† - - 82.9 90.0

Parameter
Space

✓ 83.1 (+0.2) 90.2 (+0.2)
✓ ✓ 83.3 (+0.4) 90.3 (+0.3)

✓ 84.2 (+1.3) 90.9 (+0.9)

Table 1: Ablation on selecting which parameter space for
reconstruction. “Trans. la.”: Transformer layers. “Conv. la.”:
Convolutional layers. “Baseline†”: only fine-tuning SAM’s
decoder.

Bases Coefficients mIoU (%) Params (K)

Baseline† - - 82.9 3963.2

Component
✓ 84.2 (+1.3) 3963.7 (+0.5)

✓ 84.9 (+2.0) 4852.4 (+888.7)
✓ ✓ 85.3 (+2.4) 4852.9 (+889.2)

Table 2: Ablation on fine-tuning bases or coefficients.
“Baseline†”: only fine-tuning SAM’s decoder. Fine-tuning
both the bases and coefficients equates to a full fine-tuning
strategy, representing an upper bound of our SAM-PARSER.

(5) WHU building extraction (WHU) (Ji, Wei, and Lu
2018). It is tailored for remote sensing image segmentation.
We fine-tune SAM on the training set and evaluate its per-
formance on the validation set.
Evaluation Metrics. In line with previous studies (Ma and
Wang 2023; Wang et al. 2023a), we utilize the Dice Similar-
ity Coefficient (DSC) for evaluating medical image segmen-
tation. For both natural and remote sensing image segmenta-
tion, we adopt mean intersection-over-union (mIoU) and the
F1 score (F1) as our evaluation metrics, as recommended
by (Zheng et al. 2022).
Implementation Details. In all of our experiments, we em-
ploy the ViT-Base version of SAM (Kirillov et al. 2023) as
our backbone, integrating a box prompt for its prompt en-
coder input. In line with MedSAM (Ma and Wang 2023), we
apply a random perturbation to each bounding box, varying
between 0 and 20 pixels. Our training employs the Adam op-
timizer (Kingma and Ba 2014). For medical image segmen-
tation, the initial learning rate is set to 10−6, and the weight
decay is 5× 10−4 with one image per mini-batch. The num-
ber of fine-tuning epochs is set to 25. For natural and remote
sensing image segmentation, we follow SonarSAM (Wang
et al. 2023a), the initial learning rate is set to 1.5 × 10−4,
and the weight decay is 5× 10−5 with one image per mini-
batch. The number of fine-tuning epochs is set to 10.

Ablation Study
SAM’s whole parameter space is huge, where trainable pa-
rameters are mainly from transformer layers and convolu-
tional layers. Previous fine-tuning methods predominantly
target on the Transformer layers to introduce new parame-
ters. Here, we delve into the parameters sub-spaces formed
by the parameters from both the transformer layers and
the convolutional layers and conduct ablation studies to de-
termine reconstructing which parameter space/sub-space of

SAM offers better performance. We also conduct an ablation
study to verify our choice to fine-tune the coefficients rather
than bases in SAM-PARSER. All results are reported on the
NWPU dataset.
Select which parameter space for reconstruction? SAM’s
encoder consists of sequentially connected layers, starting
with several transformer layers followed by standard convo-
lutional layers. In this study, we approach the reconstruction
of SAM’s original parameter space through the reconstruc-
tion of its parameter sub-spaces, i.e., the sub-space formed
by the parameters from 1) the transformer layers, 2) con-
volutional layers, and 3) both of them. As shown in Ta-
ble. 1, only using parameters from transformer layers or us-
ing those from layers of both two types to form the param-
eter space for reconstruction leads to obvious performance
drops, 0.9% mIoU and 0.7% mIoU, respectively. This indi-
cates that the convolutional layers represent a more informa-
tive and crucial parameter space for reconstruction. Notably,
when performing our method on the parameter space formed
by the parameters only from the convolutional layers, we ob-
serve that the required trainable parameter size is only 0.5k
while leading to superior performance.
Fine-tuning bases or coefficients? We ablate this experi-
ment to validate the influence of fine-tuning different com-
ponents in the original parameter space of SAM, i.e., coeffi-
cients and bases. As shown in Table. 2, when compared with
the strategies of solely fine-tuning the bases or fully fine-
tuning both coefficients and bases (the latter representing
the upper bound of our SAM-PARSER), our SAM-PARSER
achieves a dramatic reduction in trainable parameters by
approximately 1700 times. Surprisingly, the performance
drop is marginal at only 0.7% and 1.1%, respectively. This
demonstrates that fine-tuning coefficients offers an efficient
way for adapting SAM to new scenarios.

Main Results
In this section, we compare our approach against several
prevailing fine-tuning techniques for SAM. These include:
(1) Exclusively fully fine-tuning SAM’s decoder, which is
used as our baseline, (2) Leveraging LoRA (Hu et al. 2022)
for fine-tuning SAM’s image encoder and fully fine-tuning
SAM’s decoder, and (3) Utilizing Adapter (Houlsby et al.
2019) for fine-tuning SAM’s image encoder and fully fine-
tuning SAM’s decoder.
Quantitative Results. The quantitative results for fine-
tuning SAM are shown in Tab 3.

(1) Natural Image Segmentation. Table 3 gives the eval-
uation results comparing to other fine-tuning methods in
natural image segmentation. On PASCAL VOC2012 val
set (Everingham et al. 2010), our proposed method outper-
forms Adapter (Houlsby et al. 2019) by 0.7% and 0.6% in
terms of mIoU and F1, respectively. But on COCO2017 val
set (Lin et al. 2014), our proposed method is worse than
LoRA (Hu et al. 2022) by 0.2% mIoU, a negative case we
observe. We infer that for large natural image datasets, there
is a significant overlap between their parameter spaces and
SAM’s original parameter space. Therefore, the gains from
parameter space reconstruction are limited.

The Thirty-Eighth AAAI Conference on Artificial Intelligence (AAAI-24)

4519



Method AO COCO VOC NWPU WHU

DSC (%) mIoU (%) F1 (%) mIoU (%) F1 (%) mIoU (%) F1 (%) mIoU (%) F1 (%)

Baseline 66.4 ± 1.1 67.2 ± 0.2 76.3 ± 0.1 72.3 ± 0.4 81.7 ± 0.5 71.6 ± 0.6 81.4 ± 0.5 66.7 ± 0.2 76.0 ± 0.3

Baseline† 89.7 ± 1.2 74.4 ± 0.2 82.7 ± 0.3 78.7 ± 0.5 88.3 ± 0.2 82.9 ± 0.6 90.0 ± 0.4 81.1 ± 0.2 87.5 ± 0.1

FacT (Jie and Deng 2023) 89.6 ± 0.8 74.8 ± 0.3 82.8 ± 0.3 79.1 ± 0.3 88.4 ± 0.2 83.4 ± 0.1 90.1 ± 0.1 81.4 ± 0.2 87.6 ± 0.3

LoRA (Hu et al. 2022) 90.1 ± 0.6 75.3 ± 0.1 83.1 ± 0.1 79.5 ± 0.0 89.0 ± 0.2 83.9 ± 0.1 90.7 ± 0.2 81.9 ± 0.1 88.2 ± 0.1

Adapter (Houlsby et al. 2019) 89.4 ± 0.8 74.9 ± 0.1 83.1 ± 0.1 78.9 ± 0.0 88.6 ± 0.0 82.0 ± 0.2 89.6 ± 0.5 81.0 ± 0.3 87.5 ± 0.4

SAM-PARSER (Ours) 90.9 ± 0.3 75.0 ± 0.1 83.2 ± 0.0 79.6 ± 0.1 89.2 ± 0.1 84.2 ± 0.2 90.9 ± 0.1 81.8 ± 0.1 88.4 ± 0.1

Table 3: Segment anything model (SAM) fine-tuned on five datasets. “AO”: CT Abdominal organ test set (Ma et al. 2022) for
medical image segmentation. “COCO”: COCO2017 val set (Lin et al. 2014) for natural image segmentation. “VOC”: PASCAL
VOC2012 val set (Everingham et al. 2010) from natural image segmentation. “NWPU”: NWPU VHR-10 val set (Cheng et al.
2014; Cheng and Han 2016; Cheng, Zhou, and Han 2016) for remote sensing image segmentation. “WHU”: WHU building
extraction val set (Ji, Wei, and Lu 2018) for remote sensing image segmentation. “Baseline”: without any form of fine-tuning.
“Baseline†”: only fine-tuning SAM’s decoder. These results are evaluated with three different seeds.

Method Params (K) Time (Fps)

Baseline† 3963.2 6.0

FacT (Jie and Deng 2023) 3977.5 (+14.3) 3.3 (−2.7)
LoRA (Hu et al. 2022) 4080.2 (+144) 3.4 (−2.6)
Adapter (Houlsby et al. 2019) 4314.7 (+351.5) 2.9 (−3.1)
SAM-PARSER (Ours) 3963.7 (+0.5) 5.8 (−0.2)

Table 4: Computation efficiency analysis for different fine-
tuning methods. “Baseline†”: only fine-tuning SAM’s de-
coder.

Method mIoU (%) F1 (%)

Baseline 71.4 82.7
Baseline† 81.2 89.4

FacT (Jie and Deng 2023) 81.7 (+0.5) 89.7 (+0.3)
LoRA (Hu et al. 2022) 82.4 (+1.2) 90.1 (+0.7)
Adapter (Houlsby et al. 2019) 81.8 (+0.6) 89.9 (+0.5)
SAM-PARSER (Ours) 81.6 (+0.4) 89.6 (+0.2)

Table 5: Extended experiments. Fine-tuning SAM on the val
set of SSDD dataset (Zhang et al. 2021). “Baseline”: with-
out any form of fine-tuning. “Baseline†”: only fine-tuning
SAM’s decoder.

(2) Remote Sensing Image Segmentation. In Table 3, we
compare our approach with others in remote sensing image
segmentation. On both NWPU VHR-10 val set and WHU
building extraction val set, our approach with little comput-
ing overhead boosts the baseline by a clear margin of 1.3%
mIoU and 0.8% mIoU, respectively.

(3) Medical Image Segmentation. Table 3 reports the
comparison results on CT Abdominal organ test set (Ma
et al. 2022). It can be clearly seen that fine-tuning SAM
with our proposed method outperforms the widely-used fine-
tuning method LoRA (Hu et al. 2022) by 0.8% DSC (from
90.3% to 91.1%). It demonstrates the effectiveness of our
presented strategy for mitigating interfering information and

Input Ground-truth

Ours LoRA
Figure 4: A failure case on SSDD val set.

aligning with the parameter space specific to medical image
segmentation tasks.
Qualitative results. Here, we visualize some representative
example segmentation results of our method against prevail-
ing fine-tuning methods, e.g., LoRA (Hu et al. 2022) in three
datasets. As shown in Fig 5, we observe that our approach is
able to diverse scenarios and produce more accurate results.
Model Efficiency. Our fine-tuning method brings perfor-
mance improvements with nearly zero additional computa-
tional overhead. To validate this, we show the statistics of
Params, i.e., the number of network trainable parameters,
and Fps, i.e., training speed, in Table 4. It is clearly shown
that the complexity of our method is significantly smaller
than that of other fine-tuning methods. For example, the in-
crease in Params in our method is 290 times less than that

The Thirty-Eighth AAAI Conference on Artificial Intelligence (AAAI-24)

4520



(a)

(b)

(c)

Input Baseline Baseline† LoRA Adapter Ours Ground-truth

Figure 5: Qualitative segmentation results on three scenarios, i.e., (a) natural image segmentation on PASCAL VOC2012 val
set (Everingham et al. 2010), (b) remote sensing image segmentation on NWPU VHR-10 val set (Cheng, Zhou, and Han 2016),
and (c) medical image segmentation on CT Abdominal organ test set. “Baseline”: without any form of fine-tuning. “Baseline†”:
only fine-tuning SAM’s decoder.

in LoRA (Hu et al. 2022). This significant reduction in over-
head stems from that our SAM-PARSER emphasizes recon-
structing the coefficients in SAM’s original parameter space,
rather than creating an entirely new sub-space.
Analysis of a failure case. Our method is based on an as-
sumption that the original parameter space of SAM is com-
plete enough to cover new scenarios. However, this might
be invalid when the image space of a new scenario is ex-
tremely different. To investigate this, we carry out extended
experiments using the SSDD dataset (Zhang et al. 2021),
dedicated to radar image segmentation—a stark departure
from natural image segmentation. As shown in Fig 4,
compared with LoRA, our SAM-PARSER achieves inferior
segmentation results. According to the experimental results
in Table 5, we can observe that our approach still outper-
forms the baseline by a mIoU of 0.4%, but falls behind
LoRA (Hu et al. 2022) and Adapter (Houlsby et al. 2019).
This demonstrates that in scenarios with distinctive char-
acteristics, our proposed SAM-PARSER faces challenges
as their parameter space cannot be reconstructed solely by
the bases from the SAM’s orignal parameter space. As a
potential solution, incorporating existing parameter-efficient
methods, like LoRA, to expand the bases of the original pa-

rameter space, could further boost our method to reconstruct
the parameter space of these scenarios.

Conclusion
We proposed fine-tuning SAM efficiently by parame-
ter space reconstruction, called SAM-PARSER. In SAM-
PARSER, we assume that SAM’s initial parameter space
is relatively complete, which allows us to use its bases for
reconstruction of parameter space tailored to varied down-
stream scenarios. To achieve this, we employed SVD tech-
nique to decompose the original parameter space into the
bases and associated coefficients. By fine-tuning these coef-
ficients, we can achieve the optimal linear combination for
reconstructing the parameter space of a new scenario. Ex-
tensive experiments have demonstrated our superior perfor-
mance, while adding nearly zero trainable parameters.
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