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Figure 1. Our matting method exploits camera-motion-induced parallax between the foreground and the background. It takes two frames as
input, each taken with a slightly different camera location, and predicts both a pre-multiplied foreground image and an alpha map. Trained
on public datasets, our method produces a cleaner foreground with more details than closed-source commercial solutions like remove.bg.

Abstract

Image matting has long served as a critical piece for many
editing tasks, such as re-composition, re-lighting, bokeh
simulation, etc. Being an ill-posed problem, matting usu-
ally involves modeling priors of the foreground object, in-
cluding both transmittance and color, and the background
scene. Single-image matting methods aim to model those
priors from data, but usually struggle with hard cases where

both the foreground and background are highly textured.
To get better results for those challenging cases, previous
works usually rely on additional information, such as a
green screen, polarized lighting, or an additional image of
the scene without the foreground object. Providing accu-
rate result, they usually require costly setup from the user.
We therefore propose utilizing another source of signal, mo-
tion, to tackle cases that are intrinsically difficult for single-
image methods. The motion signal comes naturally from the



user capturing a burst of images, where the camera moves
due to hand tremor or the intention to make multiple takes
to choose the best shot later, while the foreground subject
remains relatively still. Such motion induces a slight paral-
lax between the foreground and background, which gives us
different observations of the same foreground object com-
posed on slightly different regions of the background. We
use this induced parallax to recover fine details and color
of the foreground object, which are otherwise lost for state-
of-the-art single-image matting models.

1. Introduction

Image matting has a long history in computer vision and
graphics [9, 32]. This decades-old problem aims to decom-
pose an image [ into a foreground image F', a background
image B, and an opacity (alpha) map «, where they jointly
reconstruct the input image through a linear composition

process:
I=aF+(1-a)B.

Like most inverse problems, the matting problem is known
to be ill-posed. To arrive at a solution representing the ac-
tual scene, it requires either priors over F', B, and «, or
additional information as constraints to the solution space.

Works that utilize priors have made significant progress.
With the success of neural networks, it is common to collect
datasets with annotated alpha map «, or with an additional
foreground layer F, to train neural networks to implicitly
learn those priors [20, 28, 43, 45, 46]. However, it is hard
to collect high-quality matting annotations at scale, which
limits the performance of those learning-based models. To
overcome the data limitation, matting by generation [40]
resolves the ambiguity using the natural image priors cap-
tured by text-to-image diffusion models, but it significantly
increases the computational cost.

To overcome the challenges of single-image matting,
particularly in recovering fine details as shown in Fig. 1,
researchers design different specialized setups to capture
more information. The additional information may come
for the usage of green screens [2], polarized light and lens
filter [8], color filter array [3], camera arrays [12], focal
stack [13], or the background image of the scene [30]. Al-
though these methods achieve high-quality matting under
those specialized setups, it often require dedicated work-
flow, making them infeasible for daily photo capturing.

In this work, we propose a novel parallax matting
method feasible for daily capture, which only requires users
to capture another image under a slightly different view.
This naturally occurs in cases where the user is already cap-
turing multiple photos, which is typical for intentional pho-
tographers, or for mobile users where the camera already
takes multiple images under the hood [21]. This additional
information incurs little overhead for capturing but provides
extra conditioning information for the matting problem, es-

pecially for challenging cases where fine details are overlaid

over a complex background. Intuitively, assuming we can

reliably model the foreground and background motion, the
matting equation solutions then need to explain two instead
of one image, making the problem better conditioned.

However, robustly estimating foreground and back-
ground motion is not trivial. Off-the-shelf motion estima-
tion methods, such as optical flow estimators [37, 42], can
not predict reliable per-pixel motion for regions where the
foreground and background are mixed. To tackle that, we
assume the apparent motion in those regions is a mixture of
two smooth motion fields, each of which we can reliably es-
timate using their neighbors that are not part of the mixture.
This is equivalent to assuming the scene is almost static,
which only holds true approximately. Though the capture
time between two frames is just a few seconds, the scene is
not completely static due to wind or subject movement. We
therefore design our model to be robust against motion esti-
mation errors: it only utilizes motion when it is helpful and
falls back gracefully to single image estimates when motion
estimation fails.

To achieve the robust matting, our model takes local
patches from both images and their warped versions as in-
put. The model, designed symmetrically, utilizes cross-
attention to pick up helpful correspondences, inspired by re-
cent works in 3D computer vision [38]. We train the model
with image and motion augmentations to make it robust to
image and motion degradations. We show that such a de-
sign and training strategy can achieve better matting and
color separation results than all single-image matting mod-
els, and with better details than closed-source commercial
single-image matting solutions, especially on challenging
cases. This demonstrates that our method is a complemen-
tary matting solution to single-image matting methods un-
der those scenarios, if an additional frame is available.

In summary, our contributions are threefold:

* We propose utilizing parallax information between fore-
ground and background for challenging portrait matting
scenarios, where foreground details are mixed with com-
plex backgrounds.

* We developed a framework that robustly uses parallax for
joint alpha and foreground estimation under those cases.

* We showed empirical results in which the use of two
frames can result in better results than single-image mod-
els for challenging cases, and its robustness towards mo-
tion estimation errors.

2. Related Works

Single Image Matting. Most existing work aims to pre-
dict alpha and/or foreground color from a single input im-
age. Many methods use additional guidance signals such
as semantic segmentation [20, 44, 46], instance segmen-
tation [11, 34] a trimap [10, 26, 28, 36] or different types



of user annotations [18, 25]. More recent learning-based
methods take as input a single image without any guidance,
either by implicitly incorporating guidance signal predic-
tion [5, 14, 19, 31, 45], or by leveraging strong learned pri-
ors, e.g., from generative models [40]. Since the matting
problem is intrinsically ill-posed, those methods usually fail
to recover fine details if the background is highly textured.

Video matting. Video matting methods aim to predict al-
pha and/or decontaminated color for an entire sequence.
Most learning-based method extend beyond current sin-
gle image matting model with temporal feature aggrega-
tion designs, such as graph neural networks [39], tempo-
ral RNNs [23, 24], transformers [17], deformable convo-
lution [33] or temporal image difference [35]. All those
method aim to learn such feature aggregation end-to-end
with video data supervision, and aim to make single im-
age matting consistent over the entire video sequence. Most
similar to ours is [6], where the authors use optical flow to
correlate frames in the video to better estimate the back-
ground, then optimize for per-frame alpha maps. Our
method differs from video matting method where we fo-
cus on utilizing motion between frames to improve single-
image matting results over challenging cases.

Matting with additional signals. Additional information
helps better condition the matting problem. Background
matting [22, 30] uses an additional background image as
conditioning and is able to produce high quality matting for
images and videos. Polarization systems [8] are able to cap-
ture ground truth transmittance maps. Attaching a color fil-
ter [3] to a camera lens allows one to simultaneously cap-
ture multiple views from a single exposure, where stereo al-
gorithms can provide richer details than traditional matting
models. One can also achieve the same effect with a cam-
era array [12]. In addition, focal stacks [13] can be used to
provide additional information since foreground and back-
ground are blurred differently. Our method differs from
those methods where we do not ask the user to perform ad-
ditional setups before capturing; we simple require an addi-
tional image.

3. Formulation & Assumptions

We first describe the problem formulation and examine how
the parallax between the foreground and background can
better condition the matting equation. We then introduce
the assumptions made by our formulation and discuss how
realistic they are. Finally, we discuss the building blocks of
our matting pipeline which includes foreground and back-
ground motion estimation, trimap generation, and the de-
sign of our matting prediction network.

For a single image I;, the matting problem tries to de-
compose it into a foreground image F;, a background im-
age B; and an alpha map «; that encodes the opacity of the
foreground image, where:

I =a1F + (1 - Oél)Bl.

This linear system is underdetermined, with only one con-
straint but three unknowns (in grayscale; in color it has three
constraints and seven unknowns). Unless we impose priors
over each of the unknowns, there are an infinite number of
solutions that all satisfy the equation.

Now assume that we capture another frame Iy which dif-
fers from I; due to parallax between the foreground object
and the background. Let us describe this parallax with two
motion fields M{",,(-) and ME.,,(-), where ME () is the
warping function for the foreground motion and M, () is
the background motion. The matting equation for I is:

Iy = apFo + (1 — ag)Bo,
we can correlate o, Fg and By with 1, F1 and B4 by:
ag = M{_,o(c1), Fo = M{_,,(F1),Bo = M{’,((Bu).
Substituting into the equation above, we have:
Iy = M{g(arF1) + M{7,0(1 — ar) M{7,,(B1).

The objective of burst matting is to solve for the foreground
F; and alpha map «a; of the base frame, given the additional
information provided by the alternate frame I,

The key idea for parallax matting is that, given a correct
motion estimate (M{ ,, and ME. ), the extra frame we ob-
serve serves as another constraint on the same unknowns we
want to estimate. Note that the constraint is only useful if
the parallax between foreground and background exists. At
pixels where M{", , is the same as M ¥, the equations are
linearly dependent. This assumption in turn imposes some
mild conditions on the scene and capture process.

Parallax between foreground and background. We aim
to extract the foreground, which is by definition closer to the
camera than the background. In other words, there should
be sufficient motion parallax between the two layers.
Mostly static scene. The second assumption is that the
scene is almost static, so that we can model parallax sim-
ply through two warping fields, one for the foreground and
one for the background. Our method robustly handle this
assumption by being robust to motion estimation errors.
Consistent camera settings. Finally, we assume that both
frames are captured using the same settings (exposure,
white balance, color, tone, etc). Most cameras feature an
auto-exposure-and-lock function, which we use when cap-
turing our dataset. In our experiments, we capture raw im-
ages and render them with the same parameters in Adobe
Lightroom to ensure maximum consistency.

4. Method

Our method starts with a trimap estimation stage for each
input image, which partitions an image into three regions:
foreground, background, and unknown. We then esti-
mate the background motion M., and foreground motion
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Figure 2. Our motion estimation pipeline. Given two frames, we
first estimate optical flow between the two, together with a trimap
generated as described in Sec. 4.1. Since flow estimation in over-
lapping areas is often incorrect, we inpaint them by their nearest
neighbor in non-overlapping regions.
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MY, using the partitions from the trimap. Then we input
the background and foreground-aligned image pairs to pre-
dict the alpha and foreground colors. In our experiments,
we find that estimating background motion M, is easier
and more robust than estimating foreground motion M{", .
ME ., is usually smooth everywhere, but M{",, often is
not, especially for small details like strands of hair moving
due to wind or small motion of the subject. We specifi-
cally design our prediction network to deal with such situ-
ations by adopting a symmetric design and utilizing M[",
through a cross-attention mechanism in the feature space.

4.1. Trimap Estimation

Following most prior work in image matting, we first create
trimaps. Starting with a state-of-the-art dichotomous seg-
mentation network, BiRefNet [48] that generates a binary
foreground mask, we erode and dilate it 100 times to pro-
duce foreground and background masks, respectively (see
Fig. 2). This is based on the assumption that the predicted
binary segmentation mask has an error margin of 200 pix-
els, which is reasonable given the high accuracy of the latest
segmentation models.

4.2. Motion Estimation

Given the trimap, we proceed to estimate the motion fields
MEB,, and ML,,. Due to complex occlusions between
foreground and background in the uncertain region, sepa-
rately estimating motion for foreground and background is
very hard. To circumvent this challenge, we follow the com-
mon assumption [4] that motion for both the foreground and
the background is locally smooth, and therefore motion in
the uncertain region can be estimated by extrapolating mo-
tion estimates from certain regions. Specifically, we first
estimate optical flow between two images with an off-the-
shelf method such as GMFlow[42]. To handle occlusion,
we simply replace the estimated motion in uncertain regions
with the values of its nearest neighbor inside the certain re-
gion, both for the foreground and background. Fig. 2 shows
an example of this motion estimation process.
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Figure 3. An example of foreground and background alignment.
Background-aligned patches only contain foreground subject mo-
tion, and the dis-occluded background in the alternate frame pro-
vides more context. Foreground-aligned patches fixate on the sub-
ject, which directly helps in separating the foreground.

With these motion estimates, we can more intuitively see
how they are helpful for the matting problem. For exam-
ple, if we warp the image Iy with the background motion
ME,,, we get an image I¥ ,, that differs only from I in
foreground regions. Regions that are originally occluded
might become dis-occluded and therefore provide a strong
hint on what the occluded background is. If we warp I
using MZ,,, then we get an image If,; where the fore-
ground stays put and the background has shifted, providing
a strong signal on what the foreground object is. Fig. 3
shows an illustration of this intuitive result. Therefore, we
would like the network to utilize such motion information
by looking at warped frames using both the foreground flow
and the background flow. However, reliably and robustly
doing so requires a specialized design.

4.3. Foreground and Alpha Estimation

As shown in the previous section, warping the image us-
ing foreground and background motion reveals the fore-
ground and background parallax. It is then tempting
to directly train a neural network that takes the tuple
(I, ME.,(Ip), ME,,(Iy)) as input and predict the alpha
map «; and the foreground color F directly. However,
we empirically find that this design fails to deliver good re-
sults. The reason is that this naive design cannot effectively
learn to compensate for motion estimation errors, especially
for the foreground. For real-world images, foreground mo-
tion estimates are often inaccurate, while background mo-
tion estimation is more reliable. The background is usually
far away from the camera and camera motion is small, so
the background motion can usually be modeled by a sim-
ple smooth field such as a homography. Foreground mo-
tion, however, is hard to approximate parametrically, due to
the locally inconsistent movement of the small features like
hair. To improve the accuracy of foreground motion, one
possible solution is to train on synthetic data with ground
truth motion fields, but this often generalizes poorly to real
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Figure 4. Our model framework. We process background-aligned image patches and trimaps through two symmetric branches (top and
bottom). Each branch independently estimates foreground information using background-aligned pairs. Cross-attention between branches
corrects the foreground information from another foreground-aligned branch by exchanging foreground features.

world inputs with different distributions.

The difficulty of motion estimation motivates us to de-
sign a network that can implicitly compensate for fore-
ground motion errors. We learns multi-view correspon-
dences through a cross-attention mechanism between two
streams, and use cross attention to compensate for fore-
ground motion errors. Our framework employs a symmet-
ric dual-branch architecture with weight-shared encoder-
decoder networks. Each branch aims to predict both
the foreground color and the alpha map, taking two
background-aligned images and the corresponding trimap
as input. One branch (the bottom branch of Fig. 4) takes
the base image I, a background-aligned image from an-
other frame I¥ ,; = ME. (1), and the trimap correspond-
ing to the base Tr; as input. This branch aims to pre-
dict the foreground image F} and alpha map «; of the
base frame. The other branch (the top branch) takes a
similar input that is warpped by the estimated foreground
motion:I{" M{E, (Ip), a frame where background
is aligned with I}, which is ML, (ME,,(I;)), and a
warped trimap M{", | (Trq). This branch predicts the cor-
responding alpha and the foreground of I? ;. During de-
coding, cross-attention layers facilitate feature exchange be-
tween branches and adaptively select the most relevant fea-
tures to mitigate matting ambiguities. This mechanism can
compensate for simple motion estimation errors by learn-
ing reliable inter-frame correspondences. Moreover, our
design is crafted to primarily learn robust single-frame mat-
ting through a dedicated branch while allowing the cross-
attention mechanism to flexibly integrate complementary
features from a second frame. The shared weights between
branches further enforce a unified feature representation be-
tween single-frame and multi-frame inputs, making us learn
the model with single image matting datasets. As a result,

even when parallax is absent or significant motion errors
occur, our model effectively defaults to stable single-frame
matting, ensuring overall system robustness.

4.4. Training Objectives

Our training loss consists of an alpha loss and a pre-
multiplied foreground color loss, described below.

Alpha Loss. To supervise the alpha prediction, we use an
L loss. However, in a given image, only a small set of pix-
els have an alpha value between 0 and 1, which biases the
training towards modeling pixels that have an alpha value of
0 and 1. To mitigate this, we adaptively weight those pixels
by normalizing them separately. Speciﬁcally, we define

alz] — o[z alz] — o'z
Con = g7 2 e =l + gy 3 el =l
where |S| denotes a set of pixels that are “soft”, mean-

ing they have a ground truth alpha value between 0 and 1,
and |H| denotes a set of pixels that are “hard” and have a
ground truth alpha value of exactly O or 1. Following prior
work [14, 45], we also use a Laplacian 10ss Ljgplacian Which
calculates the L, loss after applying a Laplacian filter, and a
gradient penalty loss L. Which calculates an L loss over
spatial gradients of the alpha map.

Foreground Color Loss. To improve robustness, we ask
our network to predict a pre-multiplied foreground image
(aF"); of the image I; along with the alpha map. We super-
vise the pre-multiplied foreground prediction with a com-
position loss. That is, we recompose our predicted pre-
multiplied foreground color back to the original image us-
ing the ground truth alpha and the background image. For-
mally, the composition loss can be written as:

ACcomposilion = ’Iz — (OéiFi + (1 a?t>B;7t)’ .



where I; is the original pixel value, a.F' is the predicted pre-
multiplied foreground color, and (1 —a?") BY" is the ground
truth pre-multiplied background color.

Combining all the components, the total loss function is:

‘Ctotal = Esep + Elaplacian + Lgrad + Lcomposition-

4.5. Patch-based training and inference

Since matting usually involves a high-resolution image in-
put, we train and test our models only over selected lo-
cal patches that contain mixtures of foreground and back-
ground. Specifically, we first prepare full resolution input
images, alignment results (I, M&,; (L), MI,;(Ip), and
ME, (ME,,(1y))), and trimaps (Tr; and M[, | (Tro)).
We then use the trimap Tr; from the base frame to extract
448 x 448 patches that cover all uncertain regions. To en-
sure smooth transitions when fusing these patches, we leave
an overlap of 224 pixels between neighboring patches. Af-
ter predicting the alpha map and foreground color for each
patch, we merge the overlapping patches with a Gaussian
window function to produce the final results.

5. Experiments
5.1. Training and Implementation Details

Due to the unsatisfactory ground-truth quality in real
data [40], our model is trained only on synthetic data. We
create synthetic training samples by randomly compositing
foreground subjects onto background images while simu-
lating camera-induced parallax. The foreground subjects
are sourced from two real-world portrait datasets—P3M-
10K [15] and HHM-2K [35]—which contain 9,421 and
2,000 high-resolution images, respectively. Although these
datasets provide imperfect alpha mattes and lack foreground
color annotations, we generate pseudo-foreground color an-
notations using the layer-diffusion strategy [47]. The back-
ground images are drawn from BG-20K [16], which sup-
plies 15,000 images for training. During composition, we
further augment the alpha matte annotations through ran-
dom gamma transformations. To reduce the gap between
real and synthetic data and complicate the training, we also
apply histogram equalization to the 50% foreground, align-
ing its color distribution with that of the background.

To simulate motion, random affine transformations are
applied to both the foreground subject and the background
image prior to composition, following the approach in [24].
Because our network processes warped images, we intro-
duce additional random noise (approximately 10 pixels) to
the affine transformations to ensure that the network never
encounters perfectly aligned patches during training.

Given that our method relies on a rough trimap estimate
as input, we first binarize the ground-truth alpha mask dur-
ing training and then generate a trimap by applying random
dilation/erosion operations (typically conducted for 60 to

120 iterations). At inference time, we generate the trimap
using the strategy described in Sec. 4.1.

Our network architecture uses two ViT models [7] for
the encoder and decoder, and a ViTMatte head [45]. The
network is initialized with weights from the CroCo pre-
trained model [41]. Training is conducted on 8§ NVIDIA
RTX 4090 GPUs with a batch size of 2 per GPU using the
AdamW optimizer with a learning rate of Se-5. We train our
model with 50 x 100K synthetic patch pairs.

5.2. Evaluation on Synthetic Datasets

Datasets. Our test set is constructed similarly to our train-
ing data set, but we use a different real-world portrait mat-
ting dataset for testing. Specifically, we use P3M-500-
NP [15], PPM-100 [14], and RWP-636 [46] for foreground,
and we use BG-20K’s test set as background.

Metrics. We use common evaluation metrics [29] to mea-
sure the accuracy of our predicted alpha maps which include
the Sum of Absolute Differences (SAD), Mean Squared Er-
ror (MSE), Connectivity (Conn), and the spatial gradient
(Grad) metric. We follow the common practice to scale up
the SAD and MSE numbers by 102 for better readability. To
measure how accurate our foreground color estimation is,
we calculate the MSE between the estimated pre-multiplied
foreground colors aF' v.s. the ground-truth. For methods
that do not predict (pre-multiplied) foreground color, we
follow the protocol of [24], where we use the input frame
as its foreground prediction and apply the alpha matte on
the input and treat it as the pre-multiplied foreground color.
Baselines. We compare against several state-of-the-art
single-image matting and video matting methods. For
trimap-free methods, we compare against MODNet [14]
and ViTAE-S [27]. For trimap-based methods, we com-
pare against MG-Mat [46] and MatteFormer [28]. We fur-
ther evaluate our method against video matting methods,
RVM [24], MaGGle [11] and MatAnyone [1]. Among
the baselines, ViTAE-S, MODNet, and MatteFormer only
predict alpha. While MG-Mat can predict pre-multiplied
foreground color, there is no public checkpoint. MODNet
has an official demo that predicts pre-multiplied foreground
color, which is a closed-source variant of its original ver-
sion. We use their demo for qualitative results and open-
source checkpoint for quantitative evaluation.
Quantitative Results. As shown in Tab. 1, our approach
consistently outperforms existing state-of-the-art methods
across all metrics. This result first validates our motivation,
where motion is a strong signal to improve matting beyond
just a single frame. It also proves that our design is able to
utilize such information to recover high-quality alpha maps
and foreground color.

Qualitative Results. Fig. 6 shows qualitative results from
all baselines, our method, and the ground-truth annotation.
Note that single-image matting struggles when the back-
ground is cluttered, where one can not reliably tell the fore-



Table 1. Quantitative comparison on synthetic test set.

PPM-100 P3M-NP-500 RWP-636
Methods Input Type  SAD MSE Conn Grad MSE(aF) SAD MSE Conn Grad MSE(aF) SAD MSE Conn Grad MSE(aF)
MODNet [14] Trimap-free  28.02 36.81 11.27 16.80 7.45 3429 68.64 14.11 22.17 1496  60.46 119.25 36.28 60.36  28.97
VIiTAE-S [27] Trimap-free  18.24 25.02 8.35 15.26 6.16 14.82 26.02 7.81 13.14 6.95 2430 37.70 17.94 3992  10.26
MG-Matting [46] Trimap-based 49.99 73.76 31.95 2234 1597 35.64 53.01 22.41 1593 12.86 4942 85.92 29.27 32.67 20.81
MatteFormer [28] Trimap-based 5.53 272 3.54 346 096 490 299 293 3.40 108 843 7.14 582 746 @ 211
RVM [24] Video 198.2 3355 89.73 93.83 44.16 161.0 331.2 80.49 83.333 15250 181.3 313.8 93.56 129.7 54.40
MaGGle [11] Video 2741 7.86 5.51 9.72 2.04 18.77 7.02 6.04 6.35 247 21.33 1548 10.64 14.92 4.79
MatAnyone [1] Video 26.88 8.07 5.64 7.83 2.13 18.54 694 581 6.12 2.33 17.65 1340 8.79 1242 4.63
Ours Two-view  4.13 228 3.26 2.98 0.55 345 175 213 248 0.59 557 351 472 6.74 1.37

Table 2. Ablation study. We implement four variants of our
method and conduct the ablation study on PPM-100: (1) Our
model without using the background-aligned frame; (2) Our model
without using the foreground-aligned frame; (3) The single image
version of our model. (4) Input the same frame to the dual-branch
model. (5) Adding motion noise during inference.

SAD MSE MSE (aF)
Ours 413 2.28 0.55
- (1) w/o background-aligned frame 7.52 3.78 1.57
- (2) w/o foreground-aligned frame 6.31 3.12 1.04
- (3) w/o another frame (only single branch) 9.53 4.75 1.80
- (4) w/o another frame (two same branch)  9.77 4.88 1.86
+ (5) motion noise 7.34 3.46 1.23

ground subject from the background using a single frame.
Motion effectively distinguishes the two, and our method
can reliably recover fine details in the case.

5.3. Evaluation on real-world images

We further assess the robustness of our method in real-world
scenarios as shown in Fig. 7. For each real-world case, we
use the same camera settings to capture RAW images and
render them with Adobe Lightroom using the same settings.
For each scene, we capture a pair of images where there is
some parallax between the subject and the background. For
real images, we also compare with state-of-the-art commer-
cial single-image matting solutions: Adobe Photoshop and
Remove.bg. Our method consistently provides more de-
tails and better color separation than any baseline. In cases
where the foreground color is close to the background, our
method can still reliably predict the alpha mask and color
using motion cues. More evaluation on real-world images
can be found in supplementary material.

5.4. Ablation Study

We further perform ablation studies to justify our design
choices for our prediction framework. Specifically, we re-
move the second branch of our network along with the
foreground-aligned frame and the input of the background-
aligned frame. This is equivalent to a single-image mat-
ting model. We also ablate over foreground motion and
background motion estimates, where we either remove just

w/o background align

w/o foreground align Ours alpha predication

Figure 5.  Ablation study of the background-aligned and
foreground-aligned information.

one branch of our pipeline or the background-aligned frame
from the input for each branch. Tab. 2 shows the quantita-
tive result of our synthetic test dataset. Note that our method
with both motion cues performs the best, which justifies our
design choice. To further demonstrate robustness, we ran
two additional experiments. In one case, we fed the same
frame into both branches. The resulting output closely re-
sembled that of the single-branch model, confirming that in
the absence of camera motion the network effectively de-
faults to robust single-image matting. In another experi-
ment, we introduced motion noise (averaging 4 pixels) to
the estimated foreground flow. Despite the added noise,
the model maintained its robustness and outperformed the
single-image baseline, further underscoring its resilience to
motion perturbations.

Fig. 5 illustrates the impact of ablating different com-
ponents on real-world burst cases. Firstly, without a
background-aligned burst, the model fails to capture fine
details when the foreground objects are very small, result-
ing in less accurate alpha mattes. Secondly, without the
foreground-aligned burst, the model makes errors when dis-
tinguishing between foreground and background. How-
ever, our method using full information, even with imper-
fect alignment, maintains high-quality matting results.

6. Conclusion & Limitations

In summary, we showed that parallax between foreground
and background from camera motion are powerful signals
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Figure 6. Qualitative results of our method and all the baselines on our synthetic test sets.

Input image - base MODNet PhotoShop Remove.bg Ours

Figure 7. Qualitative results on real-world images.

to separate the two. In addition, we proposed a learning- future work. Firstly, the motion estimation is detached from
based solution designed to implicitly handle errors in mo- the training pipeline and cannot be jointly optimized. Sec-
tion estimates, particularly for the foreground. ondly, our model’s performance degrades if more versatile

Our method has limitations that may point to interesting motions are introduced between the input frames. Finally,



motion may not be the silver bullet for matting in highly am-
biguous cases, such as in low-light scenes, where the noise
floor washes out details, or when the subject color is almost
identical to the background over the entire burst.
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