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Abstract

Segment Anything Model (SAM) struggles in open-world
scenarios with diverse domains. In such settings, naive fine-
tuning with a well-designed learning module is inadequate
and often causes catastrophic forgetting issue when learn-
ing incrementally. To address this issue, we propose a novel
continual learning (CL) method for SAM, termed SAMCL.
Rather than relying on a fixed learning module, our method
decomposes incremental knowledge into separate modules
and trains a selector to choose the appropriate one during
inference. However, this intuitive design introduces two key
challenges: ensuring effective module learning and selection,
and managing storage as tasks accumulate. To tackle these,
we introduce two components: AugModule and Module Se-
lector. AugModule reduces the storage of the popular LoORA
learning module by sharing parameters across layers while
maintaining accuracy. It also employs heatmaps—generated
from point prompts—to further enhance domain adaptation
with minimal additional cost. Module Selector leverages the
observation that SAM’s embeddings can effectively distin-
guish domains, enabling high selection accuracy by training
on low-consumed embeddings instead of raw images. Exper-
iments show that SAMCL outperforms state-of-the-art meth-
ods, achieving only 0.19% forgetting and at least 2.5% gain
on unseen domains. Each AugModule requires just 0.233
MB, reducing storage by at least 24.3% over other fine-tuning
approaches. The buffer storage for Module Selector is further
reduced by up to 256 x.

Code — https://github.com/INV-WZQ/SAMCL
Extended version — https://arxiv.org/abs/2412.05012

1 Introduction

Segment Anything Model (SAM) has achieved notable suc-
cess in image segmentation (Kirillov et al. 2023). This suc-
cess stems from its extensive pre-training on a closed-set
dataset and its distinctive architecture that enables effec-
tive integration of image and prompt information. However,
when deployed in open-world environments (Ji et al. 2024;
Tang et al. 2025b), conventional SAM exhibits significant
limitations in segmenting instances across diverse domains,
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including camouflaged, shadowed, and medical domains,
thereby restricting its practical applicability.

Recent studies have identified this flaw and utilized fine-
tuning strategies using carefully designed learning modules
to enhance SAM’s performance (Chen et al. 2023; Shahara-
bany et al. 2023). However, these modules remain fixed
throughout the entire learning process, meaning that all ad-
ditional knowledge is stored in predetermined locations.
This design is inherently limited in real scenarios where
the model encounters incremental data and needs continual
learning (CL) manner (Yang et al. 2024). In such scenarios,
fine-tuning on new data often results in significant forget-
ting of previous knowledge, leading to the issue known as
catastrophic forgetting (McCloskey and Cohen 1989).

To address this issue, we propose a novel CL method
for SAM, termed SAMCL. At a high level, SAMCL allocates
different knowledge into distinct modules for learning, and
trains an accurate selector that dynamically chooses the most
appropriate module during inference. This design mitigates
inter-task interference and effectively reduces forgetting.

While conceptually straightforward (Rusu et al. 2016;
Wang et al. 2023a; Aljundi, Chakravarty, and Tuytelaars
2017), this approach faces two main challenges in the CL
setting for SAM: (1) ensuring effective knowledge learning
within each module and maintaining high selection accu-
racy, and (2) managing the increasing storage overhead from
accumulating modules and the rising cost of training an ac-
curate selector as tasks grow.

To overcome these challenges, we introduce an effec-
tive and efficient learning module, AugModule, and selector,
Module Selector, for SAMCL.

Firstly, AugModule—comprising SLoRA and Prompt
Augmentation—efficiently adapts SAM to a new domain.
Unlike vanilla LoRA (Hu et al. 2022) which utilizes inde-
pendent matrices A and B for each layer, SLORA shares a
single matrix A in LoRAs across all layers without compro-
mising accuracy. Prompt Augmentation, which transforms
point-type prompts into heatmaps, augments prompt utiliza-
tion without retraining the mask decoder in SAM. Compared
with learning modules in other fine-tuning methods, Aug-
Module achieves high accuracy across all tested domains,
with parameter storage costs of only 0.233 MB, resulting in
at least 24.3% reduction.




Secondly, we propose a lightweight Module Selector
consisting of only four linear layers to select the appropri-
ate module during inference. We exploit a novel observation
that embeddings in the image encoder can accurately differ-
entiate between domains. This enables us to store only a few
low-consumed embeddings in the buffer, which are 256 x
lower than storing raw images (Yang et al. 2024; Buzzega
et al. 2020; Chaudhry et al. 2019), for training Module Se-
lector while maintaining high accuracy in module selection.
This approach not only mitigates the forgetting problem but
also enhances knowledge transfer to unseen domains.

Together, SAMCL empowers SAM with CL ability to
learn from incremental and dynamic domains. Experimen-
tal results show that SAMCL limits average accuracy loss to
just 0.19%—significantly lower than state-of-the-art meth-
ods—while achieving at least a 2.5% improvement in accu-
racy when transferring to unseen environments.

In summary, our main contributions are as follows:

* We design AugModule for SAM to effectively learn from
any new domain with ultra-low storage cost.

We store a small set of low-consumed embeddings in the
buffer to train a lightweight Module Selector, leveraging
the inherent ability of SAM to effectively distinguish be-
tween domains for module selection during inference.

We design a new experimental setup that can compre-
hensively evaluate the performance of SAM during CL.
Experiments show the excellent performance of SAMCL
in learning, maintaining, and transferring knowledge.

2 Related Works

Segment Anything Model. SAM (Kirillov et al. 2023)
demonstrates strong performance in image segmentation us-
ing interactive prompts. SAM2 (Ravi et al. 2024) extends
this capability to video. In this paper, we focus on image seg-
mentation. Due to their architectural similarity and SAM’s
popularity in fine-tuning, we adopt SAM as the base model
to present our method. A detailed discussion of applying our
method to SAM2 is included in the Appendix B.4.

Fine-tuning SAM. To address SAM’s limitations in chal-
lenging domains such as camouflaged, shadow, and medi-
cal domains, a common strategy is to freeze parts of SAM
and add extra modules for fine-tuning. OCRT (Tang et al.
2025b) extracts informative low-level and high-level im-
age representations to facilitate adaptation to unseen do-
mains. SAM-LST (Chai et al. 2023) appends a ResNet (He
et al. 2016) to image encoder and trains mask decoder. Au-
toSAM (Shaharabany et al. 2023) replaces the prompt en-
coder with a new network while freezing the rest of SAM.
SAM-Adapter (Chen et al. 2023) fine-tunes the mask de-
coder and uses task-specific knowledge to guide perfor-
mance within the frozen image encoder. However, most of
them overlook the need to handle dynamic environments
rather than a single domain. Moreover, fine-tuning the mask
decoder or adding large networks incurs significant storage
overhead for each domain.

LoRA-type Fine-tuning. As a foundation model, the
widely used LoRA technique (Hu et al. 2022) is applicable
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to SAM (Zhang and Liu 2023). LoRA employs two low-rank
matrices, A and B, to fine-tune transformer blocks. This pro-
cess can be articulated as follows:

Y = (W; + BiA;) X, (1)
where Y, X, W, A and B represent output, input, pre-
trained weight, and matrices A and B in LoRA. Note that
1 represents ¢-th block in the pre-trained model.

While LoRA achieves strong performance with few pa-
rameters, AsymmLoRA (Zhu et al. 2024) further reduces
redundancy by freezing matrix A across all LoRAs, low-
ering trainable parameters. However, it still incurs storage
cost for matrix A. HydraLoRA (Tian et al. 2024) reduces
storage by sharing a single matrix A across multiple Lo-
RAs within a layer. In contrast, our method, SLoRA, uses one
LoRA for each layer and shares matrix A across all layers,
minimizing storage further. Although some similar works,
such as ShareLoRA (Song et al. 2025), employ a compa-
rable paradigm in the field of natural language processing,
we broaden the application of this paradigm and confirm its
efficacy in visual segmentation models, including SAM and
SAM?2. More importantly, we show that Prompt Augmenta-
tion offers a simple yet effective way to enhance the perfor-
mance of SLoRA, without additional training on the mask
decoder in SAM.

Continual Learning. CL methods are categorized
into regularization, replay, and architecture-based ap-
proaches (Wang et al. 2023b). Regularization-based
methods (Kirkpatrick et al. 2017; Li and Hoiem 2018; Wang
et al. 2025) preserve prior knowledge by constraining im-
portant historical parameters. Most continual segmentation
approaches (Lin, Wang, and Zhang 2022; Yuan, Zhao, and
Shi 2024; Tang et al. 2025a, 2024) follow this paradigm,
leveraging representation learning or knowledge distillation
to reduce segmentation confusion (Yuan and Zhao 2024).
Replay-based methods (Buzzega et al. 2020; Chaudhry
et al. 2019) retain and replay past samples when training on
new tasks. While effective, they incur substantial storage
overhead due to the large buffer. Both of them typically rely
on a fixed network, leading to entanglement between old
and new knowledge.

To mitigate inter-task interference from shared parame-
ters, architecture-based methods (Rusu et al. 2016; Mallya
and Lazebnik 2018; Pietron et al. 2023, 2025) allocate sep-
arate modules per task. Expert Gate (Aljundi, Chakravarty,
and Tuytelaars 2017) uses a pre-trained gate to select ex-
perts for task-agnostic inference but introduces high over-
head. O-LoRA (Wang et al. 2023a) assigns tasks to orthog-
onal low-rank subspaces to reduce interference but fails to
ensure strict orthogonality.

MoDA (Yang et al. 2024) uses extra tokens as selectors
to choose the proper module for SAM. However, it requires
storing raw samples to train selectors, incurring high storage
costs. Additionally, when paired with encoder-finetuning
methods, MoDA must run the image encoder twice dur-
ing inference, increasing latency. In contrast, SAMCL avoids
both issues by training on lightweight embeddings instead
of raw images and eliminating redundant forward passes.
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Figure 1: Overview of SAMCL with SAM. During training, SAMCL uses a new AugModule to learn from a new domain.
All modules are stored in a module set. Meanwhile, Module Selector is trained on a few stored embeddings from the image
encoder. During inference, SAMCL extracts latent embeddings from the image encoder to select an appropriate module by
Module Selector and continual inference by SAM with the selected module. A detailed illustration of the inference process is

provided in the Appendix B.1.

3 Preliminaries

Problem Formulation. In the CL setting, tasks
{1,2,..,T} are executed sequentially with no access
to previous data when training on a new task, except
for replay data in replay -based methods (Buzzega et al
2020). The ¢-th task is described as Dy = {(zf,yf)}",,
where n; represents the number of samples for the t-th
task, and (z%,y}) denotes the input-label pair. For using
SAM to segment an instance with the help of prompts,
zi € ROXHXW represents an image, and yi € {0, 1}7*W
is the corresponding mask based on the prompt. 6, denotes
the model after training on the t-th task. The objective of
the CL is to obtain the model 61 that performs well on all
seen domains from D; to D7, while also exhibiting strong
generalization to unseen domains.

Evaluation Metrics. To evaluate segmentation perfor-
mance, we employ three common metrics: mean absolute er-
ror (MMAE), mean F1 score (mF1), and mean intersection
over union (mloU). We denote the accuracy of these met-
rics for the j-th task, after training on the i-th task, as a; ;.
To evaluate the CL performance in terms of learning, main-
taining, and transferring knowledge, we follow previous
works (Lopez-Paz and Ranzato 2017; Wang et al. 2023b)
and define three key metrics as follows: (1) Average Accu-
racy (AA), defined as AA = 1 Z _, ar,;, to evaluate the
segmentation performance of all tasks after CL; (2) Forget-
ting Measure (FM), defined as FM = T Zi:l ai;—ar,;i, to
measure the forgetting degree after CL; (3) Forward Trans-
fer (FT), defined as FT = ﬁ Z;TF:_ll a; i+1, to evaluate the
transferring ability to unseen domains during CL.

4 Method

SAMCL allocates different knowledge into distinct modules
for learning, and trains an accurate selector to dynamically
choose the most appropriate module during inference. The
overview is shown in Figure 1. To ensure both effectiveness
and storage efficiency for the learning module and the selec-
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tor, we introduce two key components in this section: Aug-
Module (Section 4.1) and Module Selector (Section 4.2).

4.1 AugModule

As shown in Figure 2, AugModule enhances SAM’s seg-
mentation with an efficient design. It refines LoRA for bet-
ter storage efficiency without accuracy loss and incorporates
prompt information to further improve performance. We first
introduce SLoRA, then Prompt Augmentation.
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Figure 2: Illustration of AugModule, integrating SLoRA
and Prompt Augmentation. SLoRA shares matrix A across
all LoRAs for efficient adaptation. Prompt Augmentation
converts point prompts into heatmaps, injected via linear
transformation for dimensional alignment.

SLoRA LoRA achieves strong performance with few tun-
able parameters. AsymmLoRA (Zhu et al. 2024) further re-
duces them by freezing matrix A and fine-tuning only ma-
trix B. This is based on the observation that A is more gen-
eralizable, extracting original features into low-rank repre-
sentations, while B leverages these features to produce the
desired output (Zhu et al. 2024).
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Figure 3: Comparison among AsymmLoRA, vanilla LoRA,
and SLoRA. Each method fine-tunes SAM’s image encoder
on the CAMO, COD, ISTD, ISIC, and Kvasir datasets for
20 epochs. (a) shows results without Prompt Augmentation,
and (b) shows results with Prompt Augmentation.

However, this design presents two challenges. First,
AsymmLoRA still underperforms vanilla LoRA. As shown
in Figure 3a, we fine-tune the full QKV projection using a
single LoRA-type module per attention block. The results
show that vanilla LoRA outperforms AsymmLoRA on most
datasets and highlight the (albeit small) benefit of training
matrix A. Second, as the number of tasks increases, per-task
storage becomes a major bottleneck. Although matrix A is
frozen during training, it still adds to the storage. Therefore,
we aim to retain A’s functionality while reducing its stor-
age. To address these challenges, we inevitably raise an idea:
Given matrix A’s generalization capacity, can all matri-
ces Bs share a single A while fully leveraging its role?
This insight gives rise to SLoRA, defined as follows:

Y; = (Wi + B;A)X;, )

where A is shared across all B;, and 7 denotes the index
of fine-tuned blocks. As shown in Figure 3a, SLoRA out-
performs both frozen and vanilla LoRA on most datasets.
Since SLoRA uses only a single matrix A, its total parame-
ter count is nearly half that of vanilla LoRA. Thus, the em-
pirical results demonstrate that SLoRA is an effective and
efficient learning module for SAM. Notably, AsymmLoRA
performs relatively well on the COD dataset but struggles to
integrate prompt information, which we discuss further later.

Prompt Augmentation Given SAM’s architecture,
prompts provide strong guidance for segmentation. Many
fine-tuning methods (Chen et al. 2023; Chai et al. 2023)
adapt to new tasks by training the mask decoder, but
this introduces substantial tunable parameters for each
task during CL. To avoid this, we shift adaptation to the
image encoder, bypassing mask decoder training. We use
point-type prompts, converting them into heatmaps that
integrate with image features. Each heatmap is generated
by mapping points to its image-space location, assigning
intensity values, and applying smoothing for continuity.
We use linear layers for dimensional alignment and inject
the resulting Prompt Augmentation into all SLoRA. This
brings us to the whole AugModule, as describes below:

Y = WiXi + Bi(AX; + P), 3
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where P represents Prompt Augmentation. We also inject
Prompt Augmentation into the MLP (also known as the neck
module) in SAM’s image encoder to further enhance its ef-
fectiveness, as shown in Figure 1. Details of the generating
process are provided in the Appendix B.3.

Comparing Figure 3a and Figure 3b, most methods im-
prove with Prompt Augmentation, demonstrating its ef-
fectiveness. Both vanilla LoRA and SLoRA outperform
AsymmLoRA in Figure 3b, highlighting the importance of
matrix A in extracting low-rank features and integrating in-
formation. The results also show that Prompt Augmentation
does not degrade low-rank representations, confirming com-
patibility LoRA-type methods. Note that Prompt Augmen-
tation operates in parallel with SAM’s native prompts: box,
mask, or point prompts go to the mask decoder, while point
prompts (which can be sampled from box or mask prompts)
are used for Prompt Augmentation. For simplicity, we use
only point prompts throughout this paper.

4.2 Module Selector

Decoupling incremental knowledge into distinct modules
shows strong potential in mitigating forgetting (Rusu et al.
2016). The main challenge is selecting the appropriate mod-
ule during testing without access to task identities. This re-
quires a “selector” that can automatically identify the in-
put domain (Yang et al. 2024; Aljundi, Chakravarty, and
Tuytelaars 2017). However, training such a selector on large
buffers of raw images incurs substantial storage costs (Yang
et al. 2024), limiting scalability. To achieve low storage over-
head and high performance, the key question is: can we
leverage SAM’s pre-trained knowledge to aid module se-
lection during testing? Since SAM’s image encoder ex-
tracts rich representations essential for mask decoding, we
hypothesize that while it may not perform pixel-wise classi-
fication, it can effectively distinguish input domains through
class-wise classification.
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Figure 4: Overview of the Module Selector. We extract a
fixed number (/N.) of embeddings from a specific block
in the image encoder and reduce their dimensions from
(N, H,W, D) to (N, D) by averaging over H and W
dimensions. These embeddings (e; € RP, where i =
1,...,N.) are stored in a buffer aggregating embed-
dings from all learned domains. The Module Selector, a
lightweight MLP with four linear layers, is trained using
cross-entropy loss for 25 epochs on this embedding buffer.
The layout of the four layers is detailed in the Appendix B.2.

Inspired by ViT (Dosovitskiy et al. 2021), which uses fi-
nal embeddings for classification, we leverage latent embed-
dings from SAM’s image encoder to test our hypothesis. The
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Figure 5: Selection accuracy across blocks in the image en-
coder of SAM (ViT-b). Each line denotes a different num-
ber of stored embeddings per dataset, all showing a similar
trend. Results indicate high domain classification accuracy,
with middle blocks performing best.

experimental setup is shown in Figure 4. Specifically, we
divide the entire SAM model 6 into two consecutive parts,
6 = [01, 6], beginning at a designated intermediate block
within image encoder. The embedding extraction is formu-
lated as:

“

where f is the forward function and z is the input image. As
shown in Figure 5, the model achieves high domain classi-
fication accuracy, validating our hypothesis. This motivates
the design of the Module Selector, trained on low-consumed
embeddings from the buffer rather than raw images, while
maintaining high selection accuracy.

At inference time, the appropriate module is selected by:

&)

where S denotes the Module Selector and id is the index
of the selected module. The final SAM inference with the
selected module is given by:

e = fo, (x, Prompt),

id = S(e),

(6)

where 0 represents 6 combined with the selected learning
module, and y is the output.

To sum up, let us take an example of the whole process
of SAMCL. During training, we obtain embeddings with 300
number per domain from the 6" block in the image encoder
to train Module Selector and fine-tune only blocks after the
6" block by AugModule. During inference, we first extract
the embedding from the 6! block and identify the appropri-
ate module by Module Selector. Then we extract the corre-
sponding AugModule and inject it in the subsequent blocks
for inference. Note that SAMCL may appear unable to fully
recover the original SAM. However, this can be addressed
by training the Module Selector on a small COCO subset,
effectively representing a virtual module corresponding to
the original SAM. In other words, the COCO subset serves
as a task in the CL process. The above process and setup are
used for SAM, with the SAM?2 configuration detailed in the
Appendix B.4. The pseudo-code for SAMCL in both training
and inference process is provided in Algorithm 1.

y = fo; (, Prompt),
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Algorithm 1: SAMCL (Section 4)

1: Input: SAM, Epoch, Task Number 7', Training Dataset
D, Testing Dataset Test, Function of Getting Embed-
ding F'(), Training Function Train(), Inference Func-
tion Infer(), Select Function Select()

2: Module Set, Buffer < (, §

3: fort =1to T do
4:  // Training process
5.  Model < Initialize SAM with a new AugModule
6:  Buffer + F'(Model, sample(D;))
7:  Train(Module_Selector, Buffer)
8:  for epoch=1 to Epoch do
9: Train(Model, D;)
10:  end for
11:  Module Set +— AugModule in Model
12:  // Inference process
13:  for data in T'est; do
14: embedding + F(SAM, data)
15: ID < Module_Selector(embedding)
16: module;.s; + Select(Module Set, ID)
17: Model < Initialize SAM with module;;
18: outputs < Infer(Model, embedding)
19:  end for
20: end for

5 Experiment

In this section, we evaluate the performance of SAMCL. We
begin by outlining the experimental setup, followed by a
comparative analysis against existing CL methods and an as-
sessment of robustness. We then conduct ablation studies to
validate the effectiveness of AugModule and Module Selec-
tor. Additional implementation details and experiments are
provided in the Appendix C and Appendix D, respectively.

5.1 Experimental setting

For datasets, given limitations noted in prior work (Ji et al.
2024), we choose three challenging domains: camouflaged,
shadow, and medical domains. For camouflaged, we use
COD (Fan et al. 2020) and CAMO (Yan et al. 2021); for
medical, ISIC (Codella et al. 2018) and Kvasir (Pogorelov
et al. 2017); and for shadow, ISTD (Wang, Li, and Yang
2018). The CL dataset order used in the main paper is
Kvasir, CAMO, ISTD, ISIC, and COD, interleaving differ-
ent domains. All datasets are trained for 20 epochs and eval-
uated by mloU, mF1, and mMAE. We adopt AA, FM, and
FT for CL evaluation. We measure storage efficiency by ac-
counting for all extra storage consumption incurred during
CL, excluding the base SAM model. To support reverting
SAMCL to the original SAM, we train Module Selector on
selected 100 samples from COCO (Lin et al. 2015) after CL.

We compare the following representative methods: (1)
SAM fine-tuning (SAM-Adapter (Chen et al. 2023), SAM-
LST (Chai et al. 2023), AutoSAM (Shaharabany et al.
2023)); (2) General CL methods (EWC (Kirkpatrick et al.
2017), ER (Chaudhry et al. 2019), DER (Buzzega et al.
2020)); (3) Architecture-based method for foundation mod-
els (O-LoRA (Wang et al. 2023a)); (4) Continual segmen-



Kvasir - CAMO — ISTD — ISIC — COD

Method Storage AA FM FT
(MB) mloUt mF11T mMAE] | mloU| mF1] mMAET | mloUfT mFI1T mMAE ]
SAM
SAM-Adapter 15.72 0.428 0.565 0.125 0.191 0.190 -0.046 0.318 0.457 0.196
SAM-LST 44.87 0.421 0.533 0.170 0.239 0.222 -0.180 0.291 0.421 0.221
AutoSAM 158.53 0.184 0.273 0.258 0.330 0.330 -0.103 0.124 0.199 0.423
LoRA 0.30 0.703 0.804 0.064 0.123 0.089 -0.034 0.513 0.521 0.158
EWC 0.61 0.716 0.816 0.058 0.111 0.078 -0.028 0.549 0.663 0.160
ER 1125.30 | 0.808 0.881 0.035 0.010 0.007 -0.003 0.630 0.748 0.087
DER 1125.30 | 0.804 0.879 0.035 0.022 0.015 -0.005 0.643 0.760 0.082
SPPA 5.24 0.282 0.407 0.149 0.337 0.315 -0.072 0.417 0.550 0.197
LAG 0.61 0.703 0.810 0.063 0.099 0.066 -0.025 0.452 0.576 0.205
O-LoRA 1.54 0.704 0.806 0.059 0.091 0.066 -0.023 0.519 0.642 0.160
MoDA 135.50 0.756 0.835 0.052 0.020 0.014 -0.002 0.637 0.757 0.094
SAMCL (Ours) 9.11 0.836 0.900 0.029 0.0019 0.0016 -0.0003 0.668 0.773 0.089
SAM2

LoRA 0.12 0.664 0.768 0.074 0.169 0.132 -0.046 0.479 0.600 0.225
EWC 0.24 0.697 0.797 0.066 0.139 0.104 -0.038 0.502 0.618 0.241
ER 1125.12 | 0.801 0.876 0.036 0.028 0.020 -0.008 0.582 0.699 0.148
LAG 0.24 0.646 0.753 0.074 0.182 0.142 -0.044 0.477 0.605 0.196
O-LoRA 0.61 0.655 0.767 0.073 0.146 0.108 -0.039 0.499 0.622 0.205
SAMCL (Ours) 6.12 0.843 0.905 0.028 0.0019 0.0017  -0.0009 0.613 0.722 0.149

Table 1: Comparison results during the CL setting. Considering the compatibility and performance, we select a few representa-
tive methods to compare SAMCL with SAM2. The results show the excellent performance of SAMCL. The final testing results

for all datasets are provided in the Appendix D.3.

tation (SPPA (Lin, Wang, and Zhang 2022), LAG (Yuan,
Zhao, and Shi 2024)); (5) SAM-specific continual learning
(MoDA (Yang et al. 2024) + HQ-SAM (Ke et al. 2023)). For
fair comparison, all general CL and segmentation methods
are integrated with LoRA. We use the ViT-b version of SAM
and the tiny version of SAM2 (v2.1), selecting three random
object points as prompts during training and inference. The
batch size for SAM is 8, whereas for SAM?2 it is 16.

For SAMCL, we use AdamW optimizer with an initial
learning rate of 0.005 and cosine decay. Each task stores
300 embeddings, same as ER and DER. For MoDA, we
follow its original setup, storing 10 raw samples per task.
The low-rank dimension of SLoRA is 10, consistent across
all LoRA-based baselines. Module Selector is trained with
cross-entropy loss .Z,. For fine-tuning SAM with AugMod-
ule, we follow the official SAM implementation (Kirillov
et al. 2023), modifying only loss coefficients. The IoU head
is trained with MSE loss to measure the gap between the pre-
dicted and true IoU. The mask prediction is supervised by a
weighted sum of focal (Lin et al. 2017) and dice loss (Mil-
letari, Navab, and Ahmadi 2016). The full loss function is:

gs = EFocal + 10 * £Dice + ‘CMse- (7)

5.2 Comprehensive Results

As shown in Table 1, SAMCL with SAM and SAM?2 demon-
strates exceptional performance during CL. The AA and FM
metrics demonstrate that SAMCL achieves strong average ac-
curacy while effectively mitigating forgetting. Notably, the
FT metric reveals that SAMCL exhibits excellent transfer-
ability without training on unseen tasks.

In contrast, fine-tuning methods (SAM-Adapter, SAM-
LST, and AutoSAM) perform poorly in the CL setting, un-
derscoring the need to enhance SAM with CL capabilities
across different domains. The FT value also suggests over-
fitting in fine-tuning methods, indicating a lack of general-
ization to unseen domains. Additionally, continual segmen-
tation methods (SPPA and LAG) struggle to delay forgetting
when integrated with SAM.

General CL methods (EWC, ER, and DER) can delay for-
getting to some extent, particularly the replay-based meth-
ods ER and DER, as indicated by the FM metric. However,
SAMCL outperforms these approaches by effectively pre-
venting interference between different knowledge domains.
Moreover, ER and DER exhibit low efficiency, storing 300
raw image samples (x? € R3*256%256) per domain in buffer,
totaling approximately 225MB. In contrast, SAMCL stores
an equal number of embedding samples per domain (e €
R7%® for SAM and ¢! € R38* for SAM2), resulting in a
storage cost of only 0.878 MB for SAM and 0.439 MB for
SAM2—representing a remarkable reduction of up to 256 x
and 512, respectively. The total storage cost is reduced by
123.52x and 183.84 x for SAM and SAM2 compared with
ER and DER, respectively, as shown in Table 1. Notably,
while ER and DER require training on both previous and
new samples during CL, SAMCL only trains on stored em-
beddings once using a simple MLP within 25 epochs before
addressing a new task, resulting in a negligible training bur-
den. Although some methods, such as EWC and O-LoRA,
incur lower storage costs, their performance is significantly
inferior to that of SAMCL and ER.
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Method TP MB) | Kvasir \ CAMO ISTD \ ISIC \ COD
[ mloU T mFIT MAE] | mloUT mFIT MAE | | mloUT mFIT MAE ] | mloU T mFIT MAEJ] | mloU T mFIT MAE]
SAM
SAM 0 0.736 0.824 0.082 | 0579 0701 0.111 | 0612 0.723 0.091 | 0.650 0.761 0.160 | 0.655 0.763 0.042
SAM-Adapter | 15724 | 0.561 0.720 0.098 | 0532 0.700 0.114 | 0.824 0.897 0038 | 0.718 0.841 0050 | 0513 0673 0.062
SAM-LST 44.874 || 0709 0.817 0.050 | 0471 0.624 0.137 | 0.854 0.904 0.028 | 0.826 0.898 0051 | 0510 0.652 0.057
AutoSAM | 158532 || 0.634 0.726 0.080 | 0261 0379 0334 | 0.697 0.756 0.087 | 0727 0.805 0.097 | 0255 0355 0.173
LoRA 0.308 0.861 0919 0.022 | 0.735 0.832 0.055 | 0.913 0.947 0.013 | 0.878 0933 0035 | 0.733 0.829 0.026
AsymmLoRA | 0308 0.847 0.909 0.028 | 0.728 0.829 0.059 | 0.901 0.940 0.016 | 0.868 0927 0.037 | 0.759 0.847 0.023
HydraLoRA | 0.674 0.863 0.922 0.022 | 0.743 0.837 0.052 | 0.923 0955 0.010 | 0.875 00931 0.036 | 0.698 0.802 0.030
SCoRA 0.190 0.859 0016 0.025 | 0.738 0.836 0052 | 0916 0950 0.012 | 0879 0031 0.036 | 0.735 0832 0025
AugModule 0.233 0.867 0.922 0023 | 0.751 0.845 0.051 | 0.927 0.957 0.009 | 0.879 0933 0.034 | 0.782 0.864 0.019
SAM2
SAM2 0 0.767 0.844 0.081 | 0.656 0760 0.111 | 0.522 0.637 0200 | 0.615 0.724 0232 | 0.690 0.788 0.042
LoRA 0.123 0.860 0018 0.023 | 0.743 0837 0052 | 0.934 0.962 0.009 | 0874 0031 0.034 | 0.752 0843 0023
AsymmLoRA | 0.123 0.864 0920 0.023 | 0.750 0.845 0055 | 0931 0959 0.011 | 0.877 0932 0034 | 0.750 0.841 0.024
HydraLoRA | 0273 0.860 0916 0.029 | 0.757 0.848 0.049 | 0.931 0.958 0.011 | 0.880 0.933 0.034 | 0.781 0.863 0.020
SCoRA 0.079 0.872 0027 0.022 | 0.752 0843 0.050 | 0.930 053 0.0013 | 0.873 00929 0.0335 | 0.751 0.843 0.024
AugModule 0.079 0.884 0.935 0.015 | 0.779 0.866 0.044 | 0.934 0960 0.009 | 0.881 0935 0.033 | 0.786 0.868 0.019

Table 2: Comparison with fine-tuning methods over 20 epochs. We selected three fine-tuning methods for SAM: SAM-Adapter,
SAM-LST, and AutoSAM. For LoRA-type methods (LoRA, AsymmLoRA, and HydralLoRA), we set the rank to 10 for both
SAM and SAM2, consistent with AugModule and SLoRA (without Prompt Augmentation). Additionally, for HydraLoRA, we

configured the number of multiple matrices Bs to 4.

Compared to the architecture-based method O-LoRA,
SAMCL excels, as O-LoRA fails to achieve true orthogonal-
ity during testing. Additionally, although MoDA is an exist-
ing CL method for SAM, it performs worse than SAMCL.
Following its original design, MoDA requires storing 10
samples per domain in a buffer, resulting in a storage cost
that is still 8.53x higher than that of SAMCL. The total stor-
age consumption reaches over 14.87x that of SAMCL in
SAM, as shown in Table 1.

Therefore, this comparison underscores the superior stor-
age efficiency and CL performance of SAMCL with SAM,
highlighting its significance in the field. The visualized re-
sult during CL process is provided in Appendix D.2.

5.3 Robustness Analysis

Normalized Performance Comparison
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Figure 6: Analysis of the robustness. Following the settings
outlined in Table 1, we conduct experiments across six dif-
ferent orders. For clarity, we normalize the mIoU metric val-
ues.

CL is challenged not only by catastrophic forgetting but
also by the sensitivity to task order (Bell and Lawrence
2022), which can lead to unstable performance. This section
evaluates the performance of SAMCL under different task or-
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derings. In Figure 6, we compare the robustness of SAMCL
with ER and MoDA. The results on AA and FM show that
SAMCL achieves superior robustness in both learning and
retention. This is because SAMCL allocates different knowl-
edge to distinct learning modules, and the accurate selector
in SAMCL chooses the most appropriate one. For transfer-
ring, all three methods exhibit similar levels of dispersion.
Detailed values and comparisons for each order of these two
methods are presented in Appendix D.3.

5.4 Ablation Study

This section displays ablation studies about AugModule and
Module Selector in SAMCL. We firstly presents the overall
ablation study of these two components, as shown in Ta-
ble 3. Based on this experiment, we will provide a detailed
explanation of these two components.

AugModule Module Selector \ AAT FM| FT1
X X 0.703 0.123  0.513
v X 0.748 0.086 0.570
v v 0.836 0.0019 0.668

Table 3: Ablation study of all components in SAMCL with
SAM. The experiment setting is the same as in Table 1 and
only uses mloU metrics for evaluation. We use LoRA as a
baseline reference without SAMCL, shown in the first line.

Discussion on AugModule The AugModule, including
SLoRA and Prompt Augmentation, is designed to learn
from a new domain, characterized by its strong learning abil-
ity and low storage cost, both essential for CL. In this sec-
tion, we evaluate these two aspects. As shown in Table 2,
we compare AugModule with other fine-tuning methods in
both SAM and SAM2. The results show that AugModule
achieves great performance in learning all domains over 20



epochs. The cost of storing parameters is significantly lower
compared to other methods.

For LoRA-type methods, although AsymmLoRA reduces
the number of fine-tuning parameters, its storage cost re-
mains the same as LoRA, and its performance is inferior.
SLoRA, we proposed, uses almost half of the storage costs
with similar performance compared with LoRA and outper-
forms AsynmmLoRA. HydralLoRA achieves better perfor-
mance across most datasets than LoRA and SLoRA. How-
ever, AugModule, with the help of Prompt Augmentation,
outperforms HydraLoRA. Meanwhile, for SAM, AugMod-
ule uses only 0.233 MB, representing a reduction of 24.3%,
compared with LoRA. For SAM2, it utilizes just 0.079
MB, resulting in a 35.7% reduction, compared with LoRA.
Therefore, these results show the both effectiveness and stor-
age efficiency. Due to the poor performance of other fine-
tuning methods (SAM-Adapter, SAM-LST, and AutoSAM)
for SAM, we provide analysis in the Appendix D.6.

Exploration on Module Selector Module Selector in
SAMCL is responsible for selecting appropriate modules for
inference. This function not only mitigates the forgetting
problem but also facilitates transfer to unseen domains. As
shown in Table 3, there is a minimal difference in the FM
metric when only AugModule is used. Surprisingly, after
applying Module Selector, the FM score significantly de-
creases while the FT score greatly increases, demonstrating
its effectiveness in both mitigating forgetting and enhancing
transferability. In this section, we verify these two factors of
Module Selector.

To evaluate the effectiveness of mitigating forgetting, we
conduct experiments that gradually add modules, starting
with only the Module Selector. As shown in Figure 7, we
compare SAMCL with MoDA, an existing CL method for
SAM that employs a similar selector. Compared to MoDA,
SAMCL exhibits greater stability in mitigating forgetting,
with minimal changes across each domain during CL. This
is primarily due to the Module Selector’s exceptional ability
to select appropriate modules during the testing process.

e Kvasir & |ISTD x cod — SAMCL ---- MoDA
camo A [SIC
0.90
0.85 _/"\ Y
e @ mmmmmmm o =2 y = ====--e
BOBO ¥ :
€
0.75 N
K3
0.70 X
0.65
Kvasir camo ISTD ISIC cod

Order

Figure 7: Comparison of performance changes between
SAMCL (solid line) and MoDA (dashed line) across each do-
main during CL. The dataset order and experimental setup
are consistent with Table 1.
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To verify the effectiveness of transferability, we conduct
an experiment to show the potential of using previously
seen domains to test unseen domains. To better illustrate the
transferability across learning domains, we evaluate only the
relationships between learned domains and do not assess the
reversion to the original SAM. As illustrated in Figure 8a,
the results show that the unseen domain can benefit from
multiple previous domains. For example, when testing on
the unseen COD dataset, the Module Selector automatically
selects the module trained on the CAMO dataset. This is pri-
marily because both datasets belong to the camouflage do-
main. To further verify its effectiveness, we examine the se-
lection similarity during testing on the ISIC dataset, shown
in Figure 8b. For example, the first image in the second row
is automatically selected as the Kvasir domain, as its texture
resembles that of objects in Kvasir, compared to the first im-
age in the first row. The object in the second image appears
in a camouflaged environment, so it is automatically iden-
tified as belonging to the CAMO domain. The third image,
resembling a shadow object, is identified as part of the ISTD
domain. Therefore, with the help of the Module Selector,
SAMCL effectively leverages all previously learned knowl-
edge to address unseen domains, showcasing its excellent

transferability.
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Figure 8: Transferring ability of Module Selector. The order
of datasets and experimental setup are the same as in Table 1.
(a) shows the possibility of selecting modules for testing un-
seen domains. The x-axis represents testing unseen domains,
while the y-axis indicates the possibility of utilizing seen do-
mains for unseen domains. (b) provides details of selecting
different learned domains (including Kvasir, CAMO, and
ISTD) for testing the ISIC dataset. The first row displays
examples from the seen domains, and the second row lists
examples from the ISIC dataset that are recognized as be-
longing to specific seen domains.

6 Conclusion

This paper proposes an efficient CL method, termed SAMCL,
to enable SAM to learn continually across dynamic domains
by AugModule and Module Selector. Crucially, by explor-
ing and reducing the redundancy in module design and se-
lection in SAM, SAMCL achieves a more effective approach
to delay catastrophic forgetting with extreme storage effi-
ciency. In summary, we believe that SAMCL will stimulate
significant interest in SAM applications and provide valu-
able insights for future research.
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