
SAM2Matting: Generalized Image and Video
Matting

Ruiqi Shen1*, Guangquan Jie1*, Chang Liu2�, and Henghui Ding1 �

1 Institute of Big Data, College of Computer Science and Artificial Intelligence,
Fudan University, China

2 Shanghai University of Finance and Economics, China
hhding@fudan.edu.cn

https://henghuiding.com/SAM2Matting/

Abstract. Despite impressive advances in image matting, video matting
remains challenging due to the inherent gap between high-level tracking,
which requires frame-wise understanding, and low-level matting, which
focuses on extremely fine-grained details. Existing methods attempt this
using costly domain-specific video matting datasets, which may limit
their out-of-domain generalization and leave tracking robustness vulner-
able. We rethink this paradigm with SAM2Matting, a novel framework
that decouples the task by enhancing the foundational tracker of SAM2
with a region-proposal bridge and dedicated matting heads. This en-
ables uncompromised SAM2 to handle tracking while the matting com-
ponents focus exclusively on resolving fine-grained intricate details. No-
tably, despite being trained only on images, SAM2Matting establishes
new state-of-the-art performance on video matting, with robust general-
ization across both human-centric and in-the-wild matting scenarios.

Keywords: Video Matting · Image Matting · Real-time Matting

1 Introduction

Matting aims to separate the foreground target from its background by pre-
dicting a pixel-level alpha matte. Being evaluated by transparency values, it is
generally considered as a fundamental low-level vision task [27,29,50,54].

When extending to videos, it is common practice to require user input, typ-
ically an initial-frame mask, to disambiguate the target and enable consistent
tracking across subsequent frames [17, 37, 52, 59]. Consequently, video matting
faces a fundamental trade-off: it demands both high-level semantic understand-
ing to robustly track the target as in Video Object Segmentation (VOS) [38]
and low-level fine-grained perception to capture extremely intricate details as
in image matting. To bridge this gap, recent approaches rely heavily on video
matting datasets [16, 17, 27, 48, 52, 59]. However, the prohibitive cost of anno-
tating pixel-level alpha values across frames restricts these datasets to limited
⋆ Equal contribution
� Corresponding authors

https://orcid.org/0000-0003-4868-6526
https://henghuiding.com/SAM2Matting/


2 R. Shen, G. Jie, C. Liu, and H. Ding

Ours MatAnyoneFrames

Fine-grained image matting In the wild video matting

Fr
am

es M
atAnyone

O
urs

Fig. 1: SAM2Matting achieves robust, high-fidelity image and video matting across
both human-centric and in-the-wild scenarios. (Zoom in for details)

scales and narrowly-focused domains, primarily human-centric [17, 27, 52], leav-
ing them insufficient for representing rich real-world dynamics compared with
large-scale video segmentation datasets [7–10, 40]. As a result, training a model
from scratch on such constrained data fails to establish robust tracking capabili-
ties, while fine-tuning a pretrained VOS model on them compromises its original
tracking robustness. These challenges motivate our core question: must we rely
on these heavily-annotated and still narrowly-scoped video matting datasets?

Rethinking the paradigm, we argue that video matting inherently combines
two distinct sub-tasks: high-level tracking for temporal consistency, which is
already well-addressed by established VOS models trained at scale, and low-
level matting for intricate spatial details, which is comprehensively captured by
diverse image matting datasets. We therefore propose SAM2Matting, a decoupled
framework that preserves the high-level robustness of established VOS tracker
while training dedicated components on rich and diverse image matting data for
low-level alpha estimation. Our framework seamlessly integrates robust tracking,
matte detection, and alpha refinement into a unified pipeline: multi-source priors
provide guidance to identify matting-critical regions, where alpha mattes are
generated and progressively refined for fine-grained estimation.

Specifically, for each frame, our framework takes multi-scale features, the im-
age, and the SAM2 mask as inputs. To bridge high-level tracking to fine-grained
matting, we propose an ROI Detector that identifies matting-critical regions,
i.e. regions with fine-grained details or semi-transparency. This differs from prior
methods, which rely on rule-based morphological operations for identifying these
regions [42,54,62] or directly use the raw mask for matting [20,37,52,56]. Subse-
quently, a Progressive Alpha Predictor generates and refines the mattes within
the identified ROIs through a multi-scale cascade, supervised at all intermedi-
ate scales [2]. Tailored losses are introduced to smooth transitions and preserve
matte integrity, ensuring high-fidelity results.

Experiments show that SAM2Matting achieves new state-of-the-art (SOTA)
performance on both image and video matting, with video matting achieved in
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a strictly zero-shot manner. Extensive in-the-wild results, with representative
examples shown in Figure 1, demonstrate its strong generalization to open-world
scenarios with rapid motion, complex backgrounds, and target attachments (e.g.,
man riding a bicycle). Moreover, it is computationally efficient, achieving real-
time speed (> 27 FPS) with modest GPU memory. Our contributions are sum-
marized as follows:
– We present SAM2Matting, a generalized matting paradigm that decouples

video matting into high-level tracking and low-level matting, with each spe-
cializing in its task, resulting in optimal performance when combined.

– We integrate diverse priors to identify matting-critical regions, followed by
progressive alpha flows for cascaded alpha refinement. Our framework can
adapt to different VOS trackers and is robust to tracking inaccuracies.

– SAM2Matting achieves new SOTA performance on video matting in a zero-
shot way, eliminating costly annotations while generalizing robustly to both
human and challenging in-the-wild scenarios.

2 Related Work
2.1 Image Matting
Given an image I, matting aims to separate a foreground target F from its
background B with pixel-level precision by predicting an alpha matte α , letting
I = αF +(1−α)B. Previous deep image matting methods can be broadly cate-
gorized into two paradigms. Automatic (or auxiliary-free) matting directly mats
all objects within the image [5,6,22,57,60], requiring no additional input beyond
the image itself. However, this paradigm struggles in real-world complex scenes
where target identification becomes ambiguous [17, 52]. In contrast, prompt-
based matting requires the target to be specified, with earlier methods relying
on trimaps [14, 15, 26, 36, 55] for precise guidance. Recently, some methods have
relaxed the trimap requirement to coarser forms such as points, scribbles, boxes,
or directly use masks that are derived from image or multi-modal segmentation
methods, achieving promising results [11,20,30,31,33,37,46,49,53,54,58].

2.2 Video Matting
A few early video matting approaches [4,19,21,28] are target-agnostic, estimating
alpha mattes for all visible objects across the sequence. However, this setting be-
comes ambiguous and under-defined in real-world where targets frequently enter
and exit the frame [16, 17, 52]. Recent methods therefore require explicit target
specification: earlier approaches use per-frame or initial-frame trimaps [41,45,61],
while newer ones replace trimaps with masks [16,48,52,59] and adapt VOS pri-
ors through training on video matting data. However, their performance remains
limited by the scale and diversity of these video matting datasets, which require
exhaustive annotations and are largely human-centric [17, 27]. Recent methods
partially automate alpha-matte generation through green-screen keying, but still
rely on human labour to filter artifacts and ensure annotation quality [52]. This
motivates us to ask whether robust and generalizable video matting across both
human-centric and in-the-wild scenarios can be achieved zero-shot.
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Fig. 2: Overview of SAM2Matting. SAM2Matting adopts a decoupled design that
leverages the SAM2 backbone for high-level tracking and dedicated components for low-
level matting. The Region of Interest (ROI) Detector identifies matting-critical regions
by integrating image-level and mask-level priors. The Progressive Alpha Predictor then
generates and refines the alpha mattes across scales through cascaded refinement.

3 Methodology

3.1 Overview

Figure 2 illustrates SAM2Matting, a generalized framework for image and video
matting that decouples robust high-level tracking from dedicated low-level mat-
ting. Specifically at each frame, SAM2 provides multiple priors, including masks
and multi-scale image features, from which a context-aware ROI Detector iden-
tifies matting-critical regions with fine-grained details or semi-transparency. A
Progressive Alpha Predictor then iteratively produces and refines the matte
through a coarse-to-fine cascade, with intermediate mattes supervised at each
scale to progressively capture finer details.

3.2 Regions of Interest (ROI) Detector

Typical matting frameworks generate regions of interest (ROI), or “unknown”
regions, as an intermediate step to concentrate the model on the most relevant
areas for alpha estimation. However, conventional approaches derive these re-
gions in simple rule-based ways. One common strategy employs morphological
operations on the mask (e.g. dilation and erosion) [42, 54, 62], which implicitly
assumes uniform boundary importance (Figure 3). Alternatively, other methods
directly use the raw mask as the ROI [20, 37, 56]. Both approaches are prone
to overlook fine details within complex structures or include definite foreground
regions that do not require matting.

To overcome these limitations, we introduce an ROI Detector to precisely
identify matting-relevant regions in each frame. We reformulate ROI detection
as a pixel-wise binary classification task, where positive pixels denote matting-
critical areas. The detector integrates diverse priors, including the SAM2 mask
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Fig. 3: Simple morphological operations (dilation & erosion) produce coarse, uniform
boundaries (“Morphological”), which fail to capture complex regions in the ground-
truth trimap (“Trimap”), such as flying hair (left) and translucent water cup (right).

M , the current frame I, and the multi-scale image features F . Since features at
different resolutions capture different levels of semantics and details, we predict
an ROI logit map at each scale i ∈ {1, . . . , n}.

Specifically, at frame t, for each scale i ∈ {1, . . . , n}, a convolutional head
fR,i(·) estimates an ROI logit map Lt,i ∈ RHi×Wi from the image feature Ft,i ∈
RCi×Hi×Wi , the resized frame It,i ∈ R3×Hi×Wi , and the resized mask Mt,i ∈
{0, 1}Hi×Wi :

Lt,i = fR (It,i,Mt,i, Ft,i) . (1)

The logit maps at different scales are then aggregated by a hierarchical con-
volutional network fφ(·), which integrates global context with structural details,
producing Lt ∈ RH×W for frame t:

Lt = fφ ([U(Lt,1) , U(Lt,2) , · · · , U(Lt,n)]) , (2)

where U(·) and [·] denote upsampling and concatenation, respectively. The final
ROI prediction Rt ∈ {0, 1}H×W for frame t is then obtained by applying a
sigmoid activation to Lt and thresholding it with θ:

Rt = 1 [σ(Lt) ≥ θ] . (3)

During training, we supervise Lt with focal and smoothness losses (see Sec-
tion 3.5), encouraging the predicted Rt to precisely capture regions with intricate
details or semi-transparency that require matting.

3.3 Pseudo-Trimap Generation

The ROI Rt identifies regions requiring fine-grained matting. To preserve struc-
tural integrity and provide explicit foreground-background separation, we con-
struct a pseudo-trimap Tt ∈ {0, 0.5, 1}H×W by assigning the SAM2 mask Mt ∈
{0, 1}H×W to definite foreground and background, while designating Rt as the
unknown region. Specifically, the pseudo-trimap Tt for frame t is defined as:

Tt,(h,w) =

{
Mt,(h,w), if Rt,(h,w) = 0,

0.5, if Rt,(h,w) = 1.
(4)

The resulting Tt assigns labels for definite foreground (1), definite background
(0), and unknown regions (0.5), providing pixel-level spatial priors for subsequent
alpha estimation.
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3.4 Progressive Alpha Predictor

Unlike the ROI Detector’s parallel processing, the Progressive Alpha Predictor
treats alpha estimation as a sequential refinement process. It adopts a coarse-
to-fine strategy, where each intermediate alpha prediction is passed to the sub-
sequent scale as guidance for refinement. Specifically, at frame t, the composite
input Xt,i at scale i concatenates the image feature Ft,i, the resized frame It,i, the
resized pseudo-trimap Tt,i, and the upsampled matte At,i−1 from the preceding
scale (for i ≥ 2):

Xt,i =

{
[Ft,1, Tt,1, It,1] , i = 1,

[Ft,i, Tt,i, It,i, U(A t,i−1)] , i = 2, . . . , n.
(5)

A scale-specific projection layer gA,i(·) first maps Xt,i to a fixed-dimensional
embedding, from which a convolutional matting head fA,i(·) predicts At,i at
scale i:

At,i = σ(fA,i(gA,i(Xt,i))) , At,i ∈ (0, 1)Hi×Wi . (6)

Finally, the matte At,n at the finest scale i = n is upsampled to the original
resolution, yielding the final alpha matte At ∈ (0, 1)H×W for frame t.

3.5 Optimization Strategies

Training Designs. We freeze the SAM2 backbone to preserve its high-level
tracking capability for superior temporal consistency, while training only the
matting components on high-quality image matting data, enabling fine-grained
alpha refinement without compromising tracker robustness.
Loss Designs. Since SAM2Matting is trained solely on static images, supervi-
sion operates per frame. For a training sample at index t, we first threshold the
ground-truth alpha matte AGTt within the range [α, β], followed by dilation and
erosion to obtain the ground-truth ROI RGTt . The ROI Detector is then opti-
mized with a focal loss Lfocal for pixel-wise binary classification and a smooth-L1

loss Lsmooth to reduce jagged artifacts common at ROI boundaries [18,48,52]:

δt = 1{α ≤ AGTt
≤ β}, RGTt

= Dilate(δt)− Erode(δt). (7)

LR = Lfocal(Lt,RGTt
) + λsLsmooth(Lt,RGTt

). (8)

Following [14, 20, 28], we adopt L1 loss LL1 and Laplacian loss Llap for fine-
grained alpha estimation. Inspired by the auxiliary loss in [2], we apply deep
supervision across all prediction scales i ∈ {1, . . . , n}. Furthermore, to preserve
matte integrity and prevent hollow regions inside the matte foreground [14, 17,
19, 21, 34], we apply a matte-mask consistency penalty Lcon. Specifically, we
threshold the predicted matte At at γ to produce a binary mask MAt , which is
then anchored to the SAM2 mask Mt as follows:

MAt
(h,w) =

{
1, At(h,w) > γ,

0, otherwise,
(9)
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Lcon = Lseg

(
MAt

, Mt

)
, (10)

where Lseg is a joint segmentation loss comprising focal and dice terms. The
joint supervision LA for the Progressive Alpha Predictor is then given by:

LA = LL1
+ Llap + Lcon. (11)

Finally, the overall training objective L combining ROI detection and alpha
refinement is formulated as:

L = LR + LA. (12)

4 Experiments

4.1 Experimental Setup

Training Data. We train a full model for optimal performance using 8 image
matting datasets: I-HIM50K [17], P3M-10k [22], CelebAHairMask-HQ [13], AIM-
500 [24], Distinctions-646 [39], AM-2K [23], UHRIM [51], and RefMatte [25].
To align with existing baselines, we also evaluate variants trained on the same
datasets as those baselines (see Section 4.2), allowing us to better examine the
role of our architectural design.
Metrics. Following prior works [17, 50, 52, 54], we evaluate performance using
standard matting metrics: Mean Absolute Difference (MAD), Mean Squared
Error (MSE), Gradient (Grad), Connectivity (Conn) and dtSSD (video matting
only). For all metrics, lower values are better.
Implementation Details. We adopt the SAM2.1 Hiera-B+ [40] as our tracking
backbone. Following our decoupled design, the backbone remains frozen with
only the matting components optimized. The model is trained for 5 epochs on
4 NVIDIA A6000 GPUs using the AdamW optimizer [35] with a batch size of
32 and a learning rate of 5× 10−3. To ensure robust generalization, we employ
data augmentation including random horizontal flipping, affine transformations,
color jittering, and Gaussian noise. We set θ = 0.65 for the ROI Detector, while
α, β, and γ are optimized to 0.15, 0.5, and 0.05 via grid search, respectively.

4.2 Quantitative Evaluation on Image Matting

We evaluate SAM2Matting on three key benchmarks: P3M-500-NP [22], AM-
2K [23], and PPM-100 [18], comparing it with previous SOTAs that similarly
build on SAM, including MAM [20] and Matte Anything [54]. We also train two
variants (*, †) using the same datasets as those baselines for fair comparisons.
Table 1 shows that SAM2Matting consistently achieves superior performance:
it outperforms MAM with an 11.35 lower MAD on P3M-500-NP, and surpasses
Matte Anything with a 24.8% lower MSE on AM-2K, demonstrating that the
ROI Detector effectively captures fine-grained details that might be missed by
raw masks (MAM) or morphological trimaps (Matte Anything). See the supple-
mentary material for more comparisons.
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Table 1: Image matting results. “–”: no reported result. The best and second-best
results are marked in red and orange , respectively.

P3M-500-NP AM-2K test PPM-100

Methods Datasets MAD↓ MSE↓ Grad↓ Conn↓ MAD↓ MSE↓ Grad↓ Conn↓ MAD↓ MSE↓

P3M [22] - 6.50 3.50 – – – – – – 9.60 5.80
GFM [23] - – 5.60 14.80 18.00 5.90 2.40 9.00 9.40 – –
E2E-HIM [32] - 5.40 3.00 – – – – – – 7.20 4.00

MAM [20] * 15.40 9.20 14.22 – 10.10 3.50 10.65 – 9.90 4.60
SAM2Matting * 4.05 1.14 9.58 6.54 5.38 1.91 7.81 8.65 4.61 1.33

Matte Anything [54] † – 2.80 17.30 10.00 – 3.30 11.70 10.90 – –
SAM2Matting † 3.94 1.11 8.85 6.45 5.95 2.48 8.25 9.60 4.68 1.42

SAM2Matting Full 3.81 1.00 8.78 5.97 4.90 1.59 7.23 7.75 4.31 1.22

4.3 Quantitative Evaluation on Video Matting

We benchmark SAM2Matting’s video matting performance on V-HIM60 [17]
and VideoMatte [27] in a zero-shot manner, comparing against baselines trained
on video matting datasets, including MatAnyone [52], MaGGIe [17], RVM [28],
FTP-VM [16], as well as raw SAM2 segmentation. As shown in Table 2, our
method consistently outperforms fully supervised baselines across most metrics
despite its zero-shot setting. This gain is particularly pronounced on the chal-
lenging V-HIM60-Hard, where it surpasses MatAnyone with an 11.89 reduction
in MAD. It also achieves the lowest dtSSD, indicating robust temporal consis-
tency. In contrast, raw SAM2 performs poorly across all metrics, while existing
baselines lag behind in spatial accuracy (MAD, MSE). These results demonstrate
the effectiveness of our decoupled design, which allows tracking and matting to
specialize for optimal performance when combined.

4.4 Qualitative Evaluation

Human Matting. SAM2Matting outperforms strong baselines including RVM
[28] and MatAnyone [52], delivering superior results on intricate hair-level de-
tails and complex transparencies, such as human with glasses. As illustrated in
Figure 4, SAM2Matting not only extracts fine details under complex lighting
environment, but also filters out undesired occlusion parts of the foreground,
such as the green bars in front of the human.
In-the-Wild Videos. As shown in Figure 5, existing video matting methods
(MatAnyone [52], MaGGIe [17], RVM [28]) struggle with in-the-wild sequences,
such as rapidly growing roots, semi-transparent butterflies, and rapidly falling
water drip, due to the conflict between high-level tracking and low-level matting.
In contrast, our decoupling strategy mitigates this issue by securing an accurate
track from which dedicated matting components extract fine-grained details.
Attachments and Background Distractions. SAM2Matting also performs
well at matting target with attached objects, e.g., human with bicycles or ski
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Table 2: Video matting results. SAM2Matting is evaluated in a zero-shot setting.

V-HIM60-Easy V-HIM60-Medium

Methods Reference MAD↓ MSE↓ Grad↓ Conn↓ dtSSD↓ MAD↓ MSE↓ Grad↓ Conn↓ dtSSD↓

OTVM [41] [ECCV’22] 36.56 – 6.62 14.01 24.86 48.59 – 10.19 17.03 36.06
FTP-VM [16] [CVPR’23] 13.69 – 6.69 4.78 20.51 26.86 – 12.39 9.95 32.64
InstMatt [43] [CVPR’22] 13.77 – 4.95 3.98 17.86 19.34 – 7.21 6.02 24.98
SparseMat [44] [CVPR’23] 12.02 – 4.49 4.11 19.86 18.20 – 8.03 6.87 30.19
MaGGIe [17] [CVPR’24] 10.12 – 4.08 3.43 16.40 13.85 – 6.31 5.11 23.63
MatAnyone [52] [CVPR’25] 14.38 7.44 5.28 5.19 3.80 29.95 19.72 9.03 12.28 5.98
SAM2 [40] [ICLR’25] 21.33 14.91 27.16 8.02 7.42 28.37 19.24 35.37 11.53 8.78
SAM2Matting – 8.72 2.45 4.43 2.91 3.13 13.71 4.74 7.28 4.89 4.24

V-HIM60-Hard VideoMatte-SD

Methods Reference MAD↓ MSE↓ Grad↓ Conn↓ dtSSD↓ MAD↓ MSE↓ Grad↓ Conn↓ dtSSD↓

OTVM [41] [ECCV’22] 140.96 – 17.60 47.84 59.66 – – – – –
FTP-VM [16] [CVPR’23] 48.11 – 14.87 16.12 45.29 6.13 1.31 1.14 0.41 1.60
RVM [28] [WACV’22] – – – – – 6.08 1.47 0.88 0.41 1.36
InstMatt [43] [CVPR’22] 27.24 – 7.88 8.02 31.89 – – – – –
SparseMat [44] [CVPR’23] 24.83 – 8.47 8.19 36.92 – – – – –
MaGGIe [17] [CVPR’24] 21.23 – 7.08 6.89 29.90 5.49 0.60 0.57 0.31 1.39
MatAnyone [52] [CVPR’25] 30.09 18.87 8.93 10.00 6.72 5.15 0.93 0.67 0.26 1.18
SAM2 [40] [ICLR’25] 32.29 22.40 31.72 11.42 9.21 7.75 2.93 2.40 0.69 3.92
SAM2Matting – 18.20 8.55 7.39 6.01 5.10 4.83 0.36 0.34 0.19 1.15

Frame RVM MatAnyone

Frame Ours RVM MatAnyone

Ours

Frame Ours RVM MatAnyone

Ours Frame RVM MatAnyoneOurs Ours

Fig. 4: Qualitative comparisons with RVM [28] and MatAnyone [52] on human matting.
SAM2Matting demonstrates superior capabilities in resolving fine-grained details of
hair strands and semi-transparencies. (Zoom in for details)

poles, as shown in Figure 6. It also resists subtle background distractions (desk),
driven by the matte-mask consistency supervision as outlined in Section 3.5.

4.5 Ablation Studies

ROI Strategies. Table 3 ablates different ROI strategies on V-HIM60-Hard
[17]. We compare SAM2Matting against two baselines: (a) “Morphological”, which
generates ROI using standard dilation and erosion on the mask [42, 54, 62]; and
(b) “Full mask”, which directly uses the raw SAM2 mask as the ROI [20,37,52,56].
The ROI Detector outperforms both baselines across all metrics, highlighting its
ability to robustly identify subtle regions with fine details or semi-transparency.
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Fig. 5: Qualitative video comparisons with MatAnyone [52] and MaGGIe [17] in chal-
lenging in-the-wild scenarios with rapid motion. SAM2Matting exhibits stable tracking
and resolves intricate details whereas others fail. (Zoom in for details)
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Fig. 6: SAM2Matting robustly preserves target attachments (e.g., bicycle, ski poles)
and resists attached background distractors (e.g., desk) in videos. (Zoom in for details)

Figure 7 visualizes this effect, where the ROI Detector captures instance-specific
matting-critical regions, such as flying hair, intricate leaves and arm gaps easily
overlooked by morphological operations or raw masks.
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Table 3: Ablation study on different
ROI strategies.

ROI
Strategies

MAD
↓

Grad
↓

Conn
↓

dtSSD
↓

(a) Morphological 29.82 11.57 10.37 7.48

(b) Full mask 20.07 9.11 6.68 5.50

(c) ROI Detector18.20 7.39 6.01 5.10

Table 4: Ablation study on architectural and
supervision designs.

Prog.
Scaling

Con.
Loss

Smooth
Loss

MAD
↓

Grad
↓

Conn
↓

dtSSD
↓

(a) ✓ ✓ 19.43 7.88 6.35 5.30
(b) ✓ ✓ 18.65 7.70 6.20 5.18
(c) ✓ ✓ 18.26 7.45 6.04 5.09
(d) ✓ ✓ ✓ 18.20 7.39 6.01 5.10

Table 5: Ablation study of fine-tuning on large-scale video matting dataset. “Video-
FT” denotes the fine-tuned model on V-HIM2K5 [17].

V-HIM60-Hard VideoMatte-SD AM-2K test PPM-100

Methods MAD↓ Grad↓ dtSSD↓ MAD↓ Grad↓ dtSSD↓ MAD↓ Grad↓ Conn↓ MAD↓ Grad↓ Conn↓

Video-FT 17.90 7.08 5.01 4.85 0.34 1.12 5.23 7.40 7.96 4.40 49.63 38.19
Ours 18.20 7.39 5.10 4.83 0.34 1.15 4.90 7.23 7.75 4.31 49.17 37.58

Frame Mask ROI Matte ( ) Frame Mask ROI Matte ( )

Fig. 7: The ROI Detector identifies target-specific matting-critical regions such as
flying hair, leaves of potted plants, and limb gaps that rule-based morphological oper-
ations or raw masks fail to capture. (Zoom in for details)

Architecture and Supervision Designs. Table 4 (a) validates the multi-
scale cascade refinement in the progressive alpha predictor. Figure 8 shows the
predictor exhibiting a coarse-to-fine refinement of alpha mattes (from A1 to A3),
progressively recovering fine structures such as the hollow chair and flying hair.
Table 4 (b,c) further confirms the effectiveness of our supervision designs: the
matte-mask consistency penalty (b) fills foreground holes (Figure 9, left), while
the smoothness loss (c) reduces jagged boundaries (Figure 9, right). Together,
these designs contribute to high-fidelity video matting.
Does fine-tuning on video matting datasets help? We investigate this
by fine-tuning our model on V-HIM2K5 [17], a public large-scale human-centric
video matting dataset. Table 5 shows a clear trade-off: fine-tuning improves the
in-domain benchmark (V-HIM60-Hard) but degrades generalization, with worse
results on out-of-domain animal data (AM-2K) and little change on other human-
centric datasets (VideoMatte and PPM-100). This indicates overfitting, as the
video matting data covers relatively simple scenarios within a narrow domain.
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Frame Frame 

Fig. 8: Intermediate mattes are supervised and iteratively refined across scales, from
A1 to A3, progressively capturing finer details. (Zoom in for details)

Following Frame w/ w/o Following Frame w/ w/o Initial Frame Initial Frame

Fig. 9: Left : The matte-mask consistency loss Lcon helps preserve the integrity of alpha
mattes. Right : The smoothness loss Lsmooth reduces jagged edges, providing cleaner
mattes. (Zoom in for details)

Table 6: Comparison of FPS and VRAM usage (GB) on V-HIM60-Hard [17], measured
on a single NVIDIA A6000 GPU. “oom” denotes out-of-memory.

Methods Res. FPS↑ VRAM↓ MAD↓ MSE↓ Grad↓ dtSSD↓

MatAnyone
2160p: oom

720p 25.96 3.63 33.49 21.65 9.27 7.04
1080p 11.29 14.16 30.11 18.89 8.94 6.72
1440p 2.92 41.31 31.25 19.97 9.96 7.14

SAM2Matting Any 27.40 3.38 18.20 8.55 7.39 5.10

4.6 FPS and VRAM Efficiency

As shown in Table 6, SAM2Matting supports arbitrary input with stable compu-
tational cost and VRAM usage, consistently achieving real-time throughput of
>27 FPS. In contrast, MatAnyone [52] experiences a sharp drop in FPS as reso-
lution increases, with only marginal performance gains. Our decoupled approach
consistently achieves superior performance across metrics and resolutions.

4.7 Robustness to SAM2 Tracking Inaccuracies.

SAM2Matting mitigates tracking inaccuracies from SAM2. This is because both
the ROI Detector and Alpha Predictor leverage fused appearance and shape
priors, rather than relying solely on the tracked mask. As shown in Figure 2,
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Following frame Mask ROI MatteInitial frame

Following frame Mask ROI MatteInitial frame Following frame Mask ROI MatteInitial frame

Fig. 10: SAM2Matting robustly mitigates tracking inaccuracies. Left : The ROI De-
tector recovers ski poles missed by SAM2. Right : It removes the desk to the woman’s
right, which is mistakenly included as foreground by SAM2. (Zoom in for details)

Method Easy Med. Hard VM

FTP-VM 10.4 13.1 18.2 1.6
RVM 12.1 15.2 20.3 1.4
MaGGIe 12.1 15.2 24.2 1.4
MatAnyone 7.5 12.2 17.0 1.3

SAM2Matting 6.8 11.3 15.6 1.0

Table 7: Quantitative results of the flickering
effect (Fwarp × 103)
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Fig. 11: Qualitative comparison of the flickering ef-
fect (Zoom in for details)

the SAM2 mask serves as feature-level guidance rather than a hard constraint,
allowing inherent correction of tracking inaccuracies. As illustrated in Figure 10,
the multi-source fusion of image features and the SAM2 mask helps the ROI
Detector recover the ski poles missed by SAM2 (left). Conversely, when SAM2
incorrectly includes the desk as foreground (right), the ROI Detector effectively
identifies it as background and suppresses it, leading to accurate matting results.

4.8 Flickering effect
Flickering reflects temporal inconsistency in video matting. Inspired by [47],
we introduce flow-based temporal warping error to quantitatively evaluate this
effect:

Fwarp =
1

T − 1

T∑
t=2

MSE (αt,W (αt−1, Ft→t−1)) , (13)

where W is backward warping and Ft→t−1 denotes the optical flow computed
by the RAFT Large model [47]. We report Fwarp on V-HIM60-Easy (Easy),
V-HIM60-Medium (Med.), V-HIM60-Hard (Hard), and VideoMatte-SD (VM).

Table 7 shows SAM2Matting consistently outperforms all baselines with
the lowest Fwarp. Figure 11 further visualizes its consistent handling of rapid-
changing fine details, whereas previous methods suffer from noticeable flickering.

5 Discussion
Backbone-agnostic nature. Our decoupled framework allows the high-level
tracking backbone (i.e., tracker) to be replaced. To show that SAM2Matting does
not rely on a specific tracker, we replace the default SAM2.1-B+ with Cutie-
base [3], SAM2.1-Tiny (SAM2.1-T) [40], SAM2.1Long-B+ [12], and SAM3 [1].
All variants are trained using the same datasets and strategies in Section 4.1.
As shown in Table 8, these variants achieve strong results across video matting
benchmarks, suggesting our framework is backbone-agnostic and generalizable.
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Table 8: Backbone study across various trackers and benchmarks. SAM2.1-B+ is the
default tracker for SAM2Matting.

Tracker V-HIM60-Easy V-HIM60-Med. V-HIM60-Hard VideoMatte-SD

MAD↓ dtSSD↓ MAD↓ dtSSD↓ MAD↓ dtSSD↓ MAD↓ dtSSD↓

Cutie-base [3] 9.45 3.31 15.18 4.62 19.87 5.60 5.79 1.45
SAM2.1-T [40] 9.07 3.20 14.06 4.28 18.43 5.29 5.06 1.23
SAM2.1-B+ [40] 8.72 3.13 13.71 4.24 18.20 5.10 4.83 1.15
SAM2.1Long-B+ [12] 8.70 3.13 13.36 4.12 18.09 5.10 5.10 1.13
SAM3 [1] 7.88 2.89 11.77 3.81 14.37 4.37 4.44 1.11
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Initial frame Following frames Initial frame Following frames

Fig. 12: Comparison of tracking stability on real-world video sequences.

Initial frame Following frame Matte

Initial frame Following frame Matte

Fig. 13: Failure case under extreme overexposure.

Tracking stability. We compare the tracking stability of SAM2Matting with
MatAnyone [52] on real-world videos. As shown in Figure 12, our method pro-
duces temporally stable mattes in cases such as moving cars (left) and swimming
fish (right). In contrast, MatAnyone suffers from tracking loss and inter-frame
inconsistencies in these ordinary cases, suggesting that a strong foundational
tracker can provide temporal coherence without explicit temporal modeling.
Failure case. Our approach might degrade in some extreme cases where visual
cues are inherently lost due to severe overexposure to lighting and ground-truth
becomes undefinable, as shown in Figure 13.

6 Conclusion
We present SAM2Matting, a generalized image and video matting framework
that decouples high-level tracking from low-level matting. It achieves state-of-
the-art video matting performance without costly video matting datasets, and
generalizes to both human-centric and in-the-wild scenarios with temporal con-
sistency. It also accommodates different trackers and interactive prompting. We
hope SAM2Matting can support real-world applications and future research.
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