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Abstract

Segment Anything (SAM) has recently pushed the boundaries
of segmentation by demonstrating zero-shot generalization and
flexible prompting after training on over one billion masks.
Despite this, its mask prediction accuracy often falls short of
the precision required in real-world applications. While sev-
eral refinement modules have been proposed to boost SAM’s
segmentation quality, achieving highly accurate object delin-
eation within a single, unified framework remains an open
challenge. Furthermore, interactive image matting—which
aims to generate fine-grained alpha mattes guided by diverse
user hints—has not yet been explored in the context of SAM.
Insights from recent studies highlight strong correlations be-
tween segmentation and matting, suggesting the feasibility of
a unified model capable of both tasks.

In this paper, we introduce Segment And Matte Anything
(SAMA), a lightweight extension of SAM that delivers high-
quality interactive image segmentation and matting with mini-
mal extra parameters. Our Multi-View Localization Encoder
(MVLE) captures detailed features from local views, while the
Localization Adapter (Local-Adapter) refines mask outputs by
recovering subtle boundary details. We also incorporate two
prediction heads for each task into the architecture to generate
segmentation and matting masks, simultaneously. Trained on
a diverse dataset aggregated from publicly available sources,
SAMA achieves state-of-the-art performance across multiple
segmentation and matting benchmarks, showcasing its adapt-
ability and effectiveness in a wide range of downstream tasks.

Introduction

Precise object segmentation lies at the heart of computer-
vision applications, from photo editing and augmented real-
ity to autonomous driving and medical analysis. Two com-
plementary problems dominate this landscape. Semantic/in-
stance segmentation assigns a class label to every pixel, while
natural image matting predicts a continuous alpha matte that
captures fine, semi-transparent boundaries such as hair or
glass. Segment Anything (SAM) (Kirillov et al. 2023) repre-
sents a milestone in segmentation research: trained on over
one billion masks, it exhibits remarkable zero-shot general-
ization and supports diverse prompting modalities (points,
boxes, text). Nevertheless, SAM’s raw masks often lack the
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tight boundaries, sub-pixel accuracy and detail preservation
as discussed in (Ke et al. 2023; Liu, Fu, and Zhao 2023; Liu
et al. 2024a; Fan et al. 2024).

Recently, researchers improve SAM with dedicated re-
finement modules. For example, HQ-SAM (Ke et al. 2023)
extends the original SAM by introducing a learnable High-
Quality (HQ) output token into the mask decoder to enhance
the quality of mask prediction. Several other approaches, such
as DIS-SAM (Liu, Fu, and Zhao 2023), SAMRefiner (Lin
et al. 2025) and Pi-SAM (Liu et al. 2024a), have attempted
to address this limitation. However, these methods typically
require additional post-processing models or rely on extra hu-
man interactions to refine the input prompts, thereby increas-
ing model complexity and reducing practicality. We identify
two primary challenges that hinder these SAM-based models
from achieving accurate segmentation. First, interactive seg-
mentation models like SAM struggle to capture detailed struc-
tures of target objects due to limited fine-grained perception.
Second, it remains difficult to integrate high-resolution de-
tail into the decoding process without compromising SAM’s
strong zero-shot generalization ability. Addressing these chal-
lenges is critical for advancing fine-grained, high-quality
segmentation in complex scenes.

Interactive matting (Li, Jain, and Shi 2024; Yao et al.
2024b), in contrast, focuses on estimating accurate alpha
mattes under sparse user guidance (e.g., trimaps, scribbles, or
clicks). While classical matting networks achieve remarkable
boundary detail, they struggle with object-level reasoning
and cannot generalize across categories without extensive
retraining. Importantly, recent studies reveal strong structural
correlations between segmentation and matting (Wang and
Cohen 2005; Zheng et al. 2024): segmentation offers global
object cues, whereas matting supplies local boundary pre-
cision. Leveraging these synergies within a unified model
promises both practical simplicity and performance gains,
yet remains largely unexplored.

To address these challenges, we present Segment And
Matte Anything (SAMA), a lightweight extension of SAM
that unifies high-accuracy segmentation and interactive mat-
ting in a single framework. It includes three key compo-
nents. First, the Multi-View Localization Encoder (MVLE)
enhances spatial precision by aggregating localized details
from the multiple local views, capturing fine structures that
the coarse global encoder may overlook. Second, the Local-



ization Adapter (Local-Adapter) refines mask predictions by
injecting local features into the decoding process to integrate
fine-grained local features into the decoding process. Further-
more, we extend our framework on both image segmentation
and matting tasks with two prediction heads for each task.
Specifically, we introduce a lightweight up-sampling module,
enabling SAMA to produce both high-quality segmentation
and matting masks simultaneously. This unified design allows
seamless task transfer without architectural modification of
the encoder and decoder. Importantly, all SAM parameters
are kept frozen during training, and only the proposed mod-
ules are fine-tuned. This strategy ensures that our approach
remains both data-efficient and computationally lightweight.
Collectively, these modules add only 1.8% to SAM’s param-
eter count and impose only marginal latency.

We utilize publicly open-sourced datasets including seg-
mentation masks with high-quality alpha mattes and train
SAMA end-to-end on both tasks. Comprehensive experi-
ments on standard segmentation suites and matting bench-
marks demonstrate that SAMA outperforms prior interactive
segmentation and matting networks, while retaining SAM’s
advantage of prompting flexibility.

Our contributions can be summarized as follows:
Unified framework: We propose the first SAM-based

model that jointly performs interactive segmentation and
matting with minimal overhead.

O

O Architectural advances: We design a Multi-View Localiza-
tion Encoder, Localization Adapter, and Prediction Heads
to bridge object-level context and boundary-level detail.

State-of-the-art results: SAMA achieves new performance
records across diverse segmentation and matting bench-
marks without sacrificing inference speed or prompting
versatility.

Related Works
Interactive Segmentation and Matting

Interactive segmentation allows users to steer the extrac-
tion of target regions through prompts such as bounding
boxes (Kirillov et al. 2023; Ke et al. 2023; Liu et al. 2024a),
points (Kirillov et al. 2023; Ke et al. 2023; Yao et al. 2025), or
natural-language descriptions (Zou et al. 2023; Nguyen et al.
2024; Fan et al. 2025). Recent work embeds these prompts
directly into the network to condition its predictions, with the
Segment Anything Model (SAM) (Kirillov et al. 2023)—pre-
trained on over one billion masks—emerging as the de-facto
benchmark. Some methods refine SAM to boost either accu-
racy, such as HQ-SAM (Ke et al. 2023), SAMRefiner (Lin
et al. 2025) and DIS-SAM (Liu, Fu, and Zhao 2023). Mean-
while, there are also some papers to extend the functionality
of SAM in semantic segmentation (Zou et al. 2023; Li et al.
2024), iterative click-based refinement (Liu et al. 2024a),
cross-modal inputs (Xiao et al. 2024) and segmentation with
large vision—language models (Nguyen et al. 2024).
Variants of SAM have also been adapted for image matting.
MAM (Li, Jain, and Shi 2024) transforms SAM features into
alpha mattes using a lightweight mask-to-matte (M2M) head,
while MatAny (Yao et al. 2024b) generates a trimap with
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SAM and feeds it to VitMatte (Yao et al. 2024a) for high-
quality results. Despite their effectiveness, these approaches
still depend on additional heavy models (Yao et al. 2024a) or
cascaded modules.

Recognizing the strong synergy between segmentation
and matting (Wang and Cohen 2005; Zheng et al. 2024),
we present a unified framework that augments SAM with a
lightweight matting head, delivering precise segmentation
masks and high-fidelity alpha mattes with minimal computa-
tional overhead.

High-Quality Segmentation and Matting

Segmentation: Accurate delineation of fine-grained, com-
plex objects underpins numerous sub-tasks, including di-
chotomous image segmentation (DIS) (Qin et al. 2022; Yu
et al. 2024; Zheng et al. 2024), semantic segmentation (Long,
Shelhamer, and Darrell 2015; Zhao et al. 2017; Cheng,
Schwing, and Kirillov 2021), instance segmentation (He
et al. 2017; Dai, He, and Sun 2016), and panoptic segmenta-
tion (Kirillov et al. 2019; Cheng et al. 2020). Classic CNN-
based approaches (He et al. 2017; Qin et al. 2022; Long, Shel-
hamer, and Darrell 2015; Zhao et al. 2017; Dai, He, and Sun
2016; Yu et al. 2024) design sophisticated multi-scale mod-
ules to fuse low-level texture with high-level semantics via
diverse receptive fields. Transformer-based models push this
further with self-attention windows to capture local details
while retaining global context (Kirillov et al. 2023; Zheng
et al. 2024; Cheng, Schwing, and Kirillov 2021; Cheng et al.
2022).

Matting: Image matting methods fall into two streams. (1)
Trimap-based matting supplies a foreground/background/un-
known trimap to networks, enabling deep models to produce
precise alpha mattes (Xu et al. 2017; Lutz, Amplianitis, and
Smolic 2018; Tang et al. 2019; Lu et al. 2019; Hou and Liu
2019; Li and Lu 2020; Yao et al. 2024a; Park et al. 2022).
(2) Trimap-free matting predicts the matte directly. Although
more convenient, these methods still need auxiliary cues such
as segmentation masks (Yu et al. 2021; Huynh et al. 2024),
motion information (Sengupta et al. 2020), or prompt sig-
nals (Li, Jain, and Shi 2024; Yao et al. 2024b).

As segmentation and matting are inherently complemen-
tary (Wang and Cohen 2005; Zheng et al. 2024), we propose
a single unified network that includes lightweight prediction
heads with a high-quality interactive segmentation backbone
based on SAM, enabling both tasks to share features and
mutually enhance each other, while incurring only minimal
computational overhead.

Methodology

We propose a unified model Segment And Matte Anything
(SAMA) to leverage SAM achieving both highly accurate
segmentation and interactive image matting.

Preliminary

SAM (Kirillov et al. 2023) consists of three components:
An image encoder which is a VIT (Dosovitskiy et al. 2020)
backbone produces a 64 x 64 spatial feature map for the input
image. A prompt encoder embeds user interactions (points,



boxes, or masks) as positional tokens. Then combining image
features with prompt tokens, a mask decoder, which is a two-
layer transformer, is used to predict the final segmentation
mask. To acquire the zero-shot transfer capability, SAM is
trained on SA-1B, a dataset containing 11 million images
and over 1 billion automatically generated masks.

Image matting is to estimate alpha matte « given only
image I as the input. Formally, given an image I, which
can be viewed as a combination of foreground image F' and
background image B with coefficient «,

I=aF+(1-a)B (1)

SAMA

SAMA is a unified model that enables both highly accurate
image segmentation and matting while preserving the zero-
shot generalization capabilities of SAM. Unlike conventional
single-image inputs, SAMA introduces a multi-view input
strategy by treating the original image as a global view and
incorporating additional local views to capture fine-grained
object details. To effectively extract and fuse high-resolution
features, we design three key components: Multi-view Lo-
calization Encoder (MVLE), Localization Adapter (Local-
Adapter) and Matting Module, as illustrated in Figure 1.

Multi-view Localization Encoder (MVLE) In the SAM
framework, an input image I € R3*#*W g passed through
an pre-trained image encoder £ to produce a global feature
map F'T € REX 1616 . However, relying solely on this single
global representation limits the model’s ability to capture
fine-grained visual details. To address this limitation, we
introduce the Multi-View Localization Encoder (MVLE),
which enhances object localization through the use of high-
resolution local views.

Inspired by human vision, we divide high-resolution in-
puts into distant-view global contexts and close-view local
details, following MVANet (Yu et al. 2024), to promote com-
prehensive scene understanding. Specifically, we evenly crop
the input image I into four non-overlapping local patches
{L, )4, € R¥>*MXw quch that (H,W) = (2h,2w) as
(Yu et al. 2024). Each cropped patch is then up-sampled
back to the original resolution and passed through the same
encoder &, yielding m high-resolution local feature maps
FLm ¢ RBXC*15% 15 The resulting local feature maps are
stacked to form a m-layer (m = 4 here) local feature map
FL ¢ RBX4><C><1%><‘1’V—6.

To effectively align local features with their global con-
text, we apply a cross-attention mechanism between local
features I’ and the global feature F'!. First, we apply av-
erage pooling with multiple receptive fields (e.g., 4, 8, 16) to

F! to obtain a multi-scale context representation Fplool' We

then partition F;OO] into four spatial regions {I,,, }2 _,, each
corresponding to the position of a local patch. Within each
region, we perform multi-head cross-attention, treating the
local features as queries and the pooled global features as
keys and values:

Q= FEnW@n K, = Flr WKn vV, = Fln WV (2)
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F'Pm = Cross-Attn(Q,, K, Vi), 3)

where W%, WX WV are learnable projection matrices
for the m-th patch. The output of the cross-attention layer
in MVLE is the updated local features F'Fm . These refined
features are then passed to decoders to support precise mask
prediction.

Localization Adapter (Local-Adapter) Local-Adapter is
a dedicated module designed to inject fine-grained visual
information from high-resolution local features into the SAM
decoder via a specialized local attention mechanism. Specif-
ically, after processing the local features through one layer
of the SAM decoder, we divert the output to Local-Adapter
instead of directly passing it to the next decoder layer.

SAM original decoder is a two-way Transformer. The in-
put of the decoder layer is composed of two parts. The first
part is the global feature map F'okn to serve as image tokens
to the decoder layer. The other one is the concatenation of
the prompt token, SAM token provided by SAM and our
proposed SAMA token initialized in the model. Specifically,
To enable the model to perform segmentation and matting
simultaneously, we replace SAM’s original output token with
learnable SAMA tokens—two tokens dedicated to segmen-
tation and matting, respectively. These SAMA tokens are
concatenated with the original SAM tokens and fed jointly
into the decoder layers. The prompt token and SAM token
are frozen while only SAMA token is trainable. Please note
that the SAMA token is distinct in segmentation and mat-
ting tasks, i.e. two SAMA tokens are used separately when
training and inference on both tasks.

After each decoder layer, our proposed Local-Adapter is
followed to enhance the local fine-grained features. There are
three steps in Local-Adapter:

1) First cross-attention layer. We use the output of the cross-
attention layer in MVLE as the input in this layer. To further
enhance boundary sensitivity, we extract early-layer features
from the image encoder as mentioned in (Ke et al. 2023),
denoted as Ftuiy, and then they are fused with local features
via a residual connection. The fused tokens are served as the
keys and values in this layer, while the decoder outputs F
provide the queries, allowing local and global information to
be integrated seamlessly.

Qa = FouW™, “
Kam = (F'"" + Feny) WHA, (5)
Vam = (F'"m 4 Fony ) WVA, (6)
F"Pr = Cross-Attn(Qa, Kam, Vam), (7)

2) Second cross-attention layer. Inspired by GLIP(Li et al.
2022) and GroundingDINO (Liu et al. 2024b), we intro-
duce a feature fusion with global-local and local-global cross-
attention modules by swapping keys and values in the previ-
ous layer, enabling bidirectional interaction between global
context and local details. This allows the Local-Adapter to
become both globally and locally aware within the decoders.
Similar to the first layer, we swap roles: the keys and val-
ues produced in the previous layer become the queries for
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Figure 1: SAMA Overall Framework.

this layer, while the previous queries now serve as keys and
values.

3) Generation of output features. There are two output
features from Local-Adapter. The first is the tokens from the
output of the second cross-attention layer, which will be used
as the input of the second Local-Adapter in the SAMA model.
The second feature is the updated global feature map Fout,
which is used as the input of the second decoder layer. It is
the combination of a confidence map C' and the global feature
from the output of the decoder layer Fiy. The confidence
map is to maintain SAM’s strong zero-shot generalization
and mitigate the risks of overfitting or catastrophic forgetting.
A confidence map C'is generated using a 1 x 1 convolution
followed on the Fy,; and activated by a sigmoid function, and
multiple the output of the first cross attention layer F//F’m

The second output feature is calculated from
C = o (Conv(Foy)) @ F"Pm|

F/

Ollt

®)
Fou + C, €))

where © denotes element-wise product. This formulation
allows the model to adaptively blend detailed information
from the local features with the original decoder output,
thereby achieving a better balance between precision and
generalization. After the Local-Adapter, there is another set
of decoder layer and Local-Adapter to increase the depth of
the model and improve the performance.

Prediction Heads

Here we introduce how SAMA predicts final segmentation
and alpha matting masks. First, following (Ke et al. 2023),
we introduce two trainable output tokens-a segmentation
token and a matting token (all shown as SAMA token in Fig-
ure 1)—designed to generate high-quality outputs for their
respective tasks. These tokens are processed by the SAMA
decoder, which provides semantic features as global priors
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for final prediction heads. To enhance fine-grained predic-
tions, we employ two lightweight task-specific prediction
heads for segmentation and matting. Each head integrates an
interpolation operation for upsampling with convolutional
layers that collaboratively reconstruct and enhance details.
The convolutional layers, along with batch normalization and
GeLU activation function, are to generate fine-grained feature
maps from the output of Local-Adapter. This design enables
SAMA to produce high-resolution segmentation and matting
masks simultaneously, achieving both semantic coherence
and boundary-level precision.

Training of SAMA

Training Data Construction To enable efficient and effec-
tive training of SAMA, we opt for high-quality segmentation
datasets with exceptionally accurate mask annotations- DIS-
5K (Qin et al. 2022) and ThinObject-5K (Liew et al. 2021),
instead of relying on the large-scale but noisier SAM-1B
dataset. For training the matting task, we utilize a combina-
tion of Adobe Image Matting (AIM) (Xu et al. 2017) and
AIM-500 (Li, Zhang, and Tao 2021), which together provide
diverse and representative foreground objects across a range
of natural scenes.

SAMA Training During training, we freeze all parameters
of the pre-trained SAM backbone and update only the our
proposed modules. When optimizing for the segmentation
task, the matting prediction head remains frozen, and vice
versa during matting training. Additional implementation
details are provided in the supplementary material.

Training Loss We train SAMA model end-to-end using
a multi-task loss to learn segmentation and matting tasks
concurrently:

L= ACseg + L:matting

For segmentation training, we employ a composite loss



function that integrates pixel, region, and boundary-aware
supervision:

Lseg = Lace + Liou + Lssim

where binary cross-entropy (BCE) loss provides pixel-
level supervision to guide the generation of binary masks,
intersection over union (IoU) loss introduces region-level
constraints to enhance the overall segmentation quality, and
structural similarity index measure (SSIM) loss encourages
structural similarity, particularly improving mask accuracy
near object boundaries.

For matting, we adopt a more fine-grained objective that
accounts for subtle variations in transparency and edge qual-

1ty:

Ematting = Ell + ESSIM =+ LGrad + ELaplacian (10)

where ¢; loss ensures global consistency, SSIM preserves
structural similarity, gradient loss (Dai et al. 2022) improves
edge sharpness, and Laplacian loss (Hou and Liu 2019)
captures high-frequency details.

Experiments

In this section, we present experiment settings and com-
parisons for both segmentation and matting across multiple
benchmarks. We further evaluate SAMA’s performance under
point-based interactive segmentation and zero-shot seman-
tic image matting settings. To assess the contribution of the
different modules, we conduct ablation studies.

Comparison Study on Segmentation task

We conduct experiments on an extremely fine-grained seg-
mentation datasets: DIS-5K (Qin et al. 2022) including a
validation set with 470 images (DIS-VD), four subsets DIS-
TE1 ~ TE4 (500 images in each set) with increasing shape
complexities, and DIS-TE (All 2000 testing images). We com-
pare SAMA with SAM (Kirillov et al. 2023), HQ-SAM (Ke
et al. 2023), Pi-SAM (Liu et al. 2024a), DIS-SAM (Liu, Fu,
and Zhao 2023) IS-Net (Qin et al. 2022), UDUN (Pei et al.
2023) and BiRefNet (Zheng et al. 2024) tailored for the task
of dichotomous image segmentation. For SAM, HQ-SAM,
Pi-SAM, DIS-SAM and our SAMA, bounding boxes are
provided as prompts for images, while ISNet, UDUN and
BiRefNet only take images as the input. For a thorough per-
formance evaluation of segmentation, we report maximum
F-measure (F' g“"‘ (Achanta et al. 2009)), weighted F-measure
(F§"), mean absolute error (M AE), S-measure (S,, (Fan et al.
2017)), and average enhanced alignment measure (£ (Fan
et al. 2018)) as evaluation metrics.

As shown in Table 1, our proposed SAMA consistently
outperforms other models that are built based on the origi-
nal SAM architecture, highlighting the effectiveness of our
newly introduced modules and fine-tuning strategy. Further-
more, when compared with models specifically designed and
extensively trained on the DIS dataset, our SAMA achieves
competitive performance across multiple evaluation metrics.
Even though the dataset is more complex on DIS TE3 and
TE4, our SAMA still achieves close to SOTA performance. It
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should be noted that these baseline models are often trained
with significantly more epochs, allowing them to better fit
the inherent distributional characteristics of the dataset. How-
ever, due to their reliance on fully automatic segmentation
pipelines, such models lack the flexibility to support inter-
active segmentation, which remains a key strength of our
approach.

Comparison Study on Matting

To assess the general matting performance of our pro-
posed models, we conduct evaluations on two widely
adopted benchmarks: Composition-1K (Xu et al. 2017) and
Distinctions-646 (Qiao et al. 2020). We compare our SAMA
with two categories of matting approaches: (1) trimap-free
methods such as LFM (Zhang et al. 2019), MODNet (Ke
et al. 2022), and MFC-Net (Zhao 2024), and (2) trimap-based
methods that leverage additional trimap guidance, including
Information-Flow (I-F) (Aksoy, Ozan Aydin, and Pollefeys
2017), DIM (Xu et al. 2017), DCNN (Cho, Tai, and Kweon
2016), MGMatting (Yuetal.2021), and VITMatte (Yao et al.
2024a). To quantify performance on alpha matting task, we
use commonly adopted evaluation metrics including Sum of
Absolute Difference (SAD) and Mean Squared Error (MSE).

As reported in Table 2, our model achieves state-of-the-
art performance among trimap-free methods on both bench-
marks. Notably, SAMA, without relying on any trimap input,
demonstrates substantial improvements across diverse visual
scenes. When compared to leading trimap-based approaches,
such as VITMatte, our SAMA achieves comparable results,
highlighting its strong potential to generalize well in real-
world matting scenarios while maintaining the advantages of
a trimap-free framework.

Visual Results Comparison

From Figure 3, we show the visual results comparison be-
tween SAM, HQ-SAM, and our SAMA, given the same red
box prompt. Our SAMA produces significantly more detailed
results. For example, SAMA’s result for the chair on the first
row exhibits clear mesh in the mask. On the fourth row, the
thin lines on the gate are also segmented out from the in-
put image. These examples demonstrate SAMA’s ability in
segmenting detailed features from images.

Additionally, Figure 4 shows the visual results compari-
son between MatAny, MAM and our SAMA. SAMA also
presents visible improvements on the matting task. For in-
stance, the matting mask from SAMA on the second row
clearly shows details of the woman’s hair. Besides, on the
fifth row, the transparency of the glasses is also obvious on
SAMA’s output mask. These results indicate that SAMA can
handle the transparency and hair/fur in the matting mask.

Point Prompts Effect Comparison

Followed (Ke et al. 2023), to analyze how interactive
point prompts affect the performance of segmentation, we
evaluate SAMA with varying numbers of input points on
COIFT (Liew et al. 2021), which is a zero-shot interactive
segmentation dataset about thin objects. As illustrated in
Figure 2, SAMA consistently achieves higher mean Inter-
section over Union (mlIoU) scores than both HQ-SAM and
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0.858
0.731
0.835
0.873
0.872
0.897

0.070
0.057
0.035
0.096
0.045
0.033
0.029
0.026

0.819
0.844
0.901
0.773
0.860
0.893
0911
0.925

0.858
0.891
0.934
0.845
0.924
0.948
0.949
0.956

Table 1: Comparison on DIS datasets. Higher 1 is better except for M, where lower | is better.

Trimap-based

Trimap-free

Dataset Metric I-F DIM DCNN MGMatting VITMatte LFM MODNet MFC-Net SAMA
Composition. Kk SADY 703 504 1158 32.1 215 584 471 35.6 228
P MSE| 13 14 23 7.0 33 11.8 12.3 8.7 2.9
Distinction.646  SADL 789 476 1038 36.6 2122 446 417 345 224
stinetion- MSE, 16 9 20 72 2.1 12.8 9.0 7.8 22

Table 2: Quantitative results on Composition-1K and Distinction-646 test sets. Models before VITMatte are trimap-based, while
those after are trimap-free. Lower values indicate better performance.

the original SAM across all prompt configurations. Notably,
in comparison to HQ-SAM, which is also trained on the
DIS-5K dataset (Qin et al. 2022)—our SAMA exhibits more
significant improvements on COIFT under zero-shot condi-
tions, particularly when fewer point prompts (1, 3, or 5) are
provided. These results highlight the superior generalization
ability of SAMA in interactive segmentation scenarios with
limited user input.

MVLE L-A|F§*t Fyt M| S.t EPt
- - | 0.872 0.849 0.038 0.868 0.932
- v | 0.893 0.876 0.029 0912 0.944
v - | 0882 0869 0.027 0903 0.942
v v | 0942 0.885 0.021 0.930 0.962

Table 3: Ablation study on MVLE and Local-Adapter (L-A)
on segmentation dataset DIS-VD. Higher? is better except
for M, where lower] is better.

Ablation Study

Ablation on MVLE and Local-Adapter Module We con-
duct ablation experiments on our SAMA to evaluate the ef-
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Figure 2: Results of Interactive Segmentation with varying
point prompts
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Figure 3: Comparison of segmentation results.

MVLE L-A| AM2K | P3M-500
| SAD| MSE| | SAD| MSE|
- ~ [ 1979 0028 | 16.06 0.0346
-V | 1274 0007 | 1215 00057
v - | 1312 0011 | 13.09 0.0063
v v | 804 0003 | 9.08 0.0028

Table 4: Ablation study on MVLE and Local-Adapter (L-
A) on matting datasets AM2K and P3M-500. Lower values
indicate better performance for SAD and MSE.

fectiveness of our proposed modules in SAMA. Specifically,
for the segmentation task, we use two segmentation datasets:
DIS-VD for highly accurate segmentation and COIFT for in-
teractive segmentation to conduct our experiments. We show
our results in Table 3.

From Table 3, we find that the MVLE module boosts per-
formance across all metrics on the baseline model, showing
its role in offering complementary information from precise
local features for fine-grained segmentation. Besides, Local-
Adapter improves significantly on DIS-VD including more
complex structures in images, which means it is useful to
provide information about local details of objects. We also

DIS-VD RefMatte-RW100
Seg Matting Fg™1  Ft M| Sat Ef"t SAD| MSE]
v - 0917 0876 0.027 0916 0946  62.70 0.054
- v 0.682 0.709  0.071  0.807  0.855 34.25 0.021
v 0942  0.885 0.021 0.930 0.962  25.69 0.0100

Table 5: Multi-task learning study on datasets DIS-VD and
RefMatte-RW100. Higher? is better except for M, where
lower] is better.
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Figure 4: Comparison of matting results.

analyze the contribution of MVLE and Local-Adapter to the
matting task. We adopt the same ablation protocol as used in
the segmentation task to evaluate the contributions of MVLE
and LA to matting performance. As reported in Table 4, the
exclusion of either MVLE or LA leads to a substantial de-
cline in matting accuracy, highlighting the critical role of both
components. These findings demonstrate that the integration
of MVLE and LA significantly enhances the model’s ability
to capture fine-grained details essential for high-quality alpha
matte prediction.

Ablation on Multi-task Learning We evaluate the ef-
fectiveness of our SAMA framework in jointly training both
segmentation and matting tasks. To assess the benefits of
multi-task learning, we compare the proposed joint training
approach with models trained exclusively on either the seg-
mentation or the matting task. As shown in Table 5, models
trained jointly outperform those trained on either task alone.
Incorporating matting benefits segmentation by providing
fine-grained boundary details, while joint training with seg-
mentation significantly boosts matting accuracy even with-
out trimaps. This demonstrates that large-scale interactive
segmentation data effectively supports interactive matting,
especially when matting annotations are limited.

Conclusion

We propose SAMA, a lightweight extension of SAM that
jointly performs image segmentation and matting. Using a
Multi-View Localization Encoder, Local-Adapter, and task-
specific prediction heads, SAMA improves performance
on both segmentation and matting with minimal overhead.
Future work includes runtime optimization and extending
SAMA to video segmentation.
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