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Abstract

In this paper, we explore a novel image matting task aimed
at achieving efficient inference under various computational
cost constraints, specifically FLOP limitations, using a sin-
gle matting network. Existing matting methods which have
not explored scalable architectures or path-learning strate-
gies, fail to tackle this challenge. To overcome these limita-
tions, we introduce Path-Adaptive Matting (PAM), a frame-
work that dynamically adjusts network paths based on im-
age contexts and computational cost constraints. We formu-
late the training of the computational cost-constrained mat-
ting network as a bilevel optimization problem, jointly opti-
mizing the matting network and the path estimator. Building
on this formalization, we design a path-adaptive matting ar-
chitecture by incorporating path selection layers and learn-
able connect layers to estimate optimal paths and perform ef-
ficient inference within a unified network. Furthermore, we
propose a performance-aware path-learning strategy to gen-
erate path labels online by evaluating a few paths sampled
from the prior distribution of optimal paths and network es-
timations, enabling robust and efficient online path learning.
Experiments on five image matting datasets demonstrate that
the proposed PAM framework achieves competitive perfor-
mance across a range of computational cost constraints.

Introduction
Natural image matting is a classic computer vision task,
aiming to estimate the alpha matte of the foreground in a
given image. This technique serves as a key technology in
many applications such as remote meetings, live streaming,
and post-production in film. Hence, it has been extensively
researched over the past few decades. Mathematically, the
matting problem aims to estimate the alpha matte α given
an image I and its foreground F and background B as

α = argmin
α
|I − α · F + (1− α) ·B| (1)

Since only I is known while F and B are both unknown,
image matting is an ill-posed problem necessitating addi-
tional assumptions or knowledge for resolution. Traditional
matting methods (Wang and Cohen 2007; Ranjbar, Abde-
laziz, and Jauhar 2008; He et al. 2011) estimate the alpha
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matte by distinguishing foreground and background or prop-
agating color information, which often struggle in scenarios
with overlapping color distributions. Recently, deep matting
methods (Qiao et al. 2020; Park et al. 2022; Yao et al. 2024)
have employed neural networks to estimate the alpha matte,
leveraging high-level semantics to distinguish foreground
and background, thereby achieving significant progress.

Despite the remarkable performance achieved by deep
image matting methods, real-world image editing applica-
tions prioritize achieving efficient inference across differ-
ent hardware. Unfortunately, most of these methods rely
on complex architectures, making them only suitable for
GPU deployment. For instance, FBAMatting, a popular mat-
ting method (Forte and Pitié 2020), consists of 34.8 million
parameters and requires 686 GFlops to process a 1024 ×
1024 image, making it impractical for smartphones. Fur-
thermore, the architectures of current matting methods are
non-scalable and require extensive tuning and retraining to
achieve optimal performance under different computational
cost constraints (Hu et al. 2023; Yao et al. 2024), leading
to substantial computational overhead and carbon dioxide
emissions. While dynamic network methods based on the
Gumbel-Softmax technique (Yu et al. 2021; Li et al. 2021;
Han et al. 2022, 2024) hold promise for constructing scal-
able matting networks under computational cost constraints,
their path-learning strategies largely suffer from the well-
known performance collapse issue due to the aggregation of
skip connections (Xu et al. 2019; Chu and Zhang 2021).

In this paper, we present Path-Adaptive Matting (PAM),
a framework that learns to dynamically adjust the network
path based on image contexts and computational cost con-
straints, specifically FLOP limitations, for efficient infer-
ence. Our approach first formulates computational cost-
constrained matting network training as a bilevel optimiza-
tion problem, which optimizes the matting network and the
path estimator successively (Anandalingam and Friesz 1992;
Colson, Marcotte, and Savard 2007). Based on this formu-
lation, we then design a path-adaptive matting architecture
by incorporating path selection layers and learnable con-
nect layers to estimate optimal paths and perform efficient
inference within a unified network. Then, we propose a
performance-aware path learning strategy to generate net-
work path labels online by evaluating only a few network
paths sampled from the prior distribution of optimal paths
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and network estimations, thus enabling robust and efficient
online path learning. Extensive experimental results on five
image matting datasets demonstrate that the proposed PAM
framework achieves competitive performance across a range
of computational cost constraints.

The main contributions of this paper are as follows
• We present Path-Adaptive Matting (PAM), the first image

matting framework that can adaptively adjust the network
path based on the image contexts and computational cost
constraints for efficient inference.

• We formalize computational cost-constrained matting
network training as a bilevel optimization problem, op-
timizing both the matting network and the path estima-
tor, and design a path-adaptive matting architecture to
address it using a unified network.

• We introduce a performance-aware path learning strat-
egy to generate path labels online by evaluating only a
few network paths sampled from the prior distribution of
optimal paths and network estimations, thus enabling ro-
bust and efficient online path learning.

• Extensive experiments on five popular image matting
datasets demonstrate that the proposed PAM framework
achieves competitive performance across a range of com-
putational cost constraints.

Related Work
Researchers have delved into deep image matting methods
and efficient neural network design. Here, we provide an
overview of the significant related work in this field.
Deep image matting methods. Deep image matting meth-
ods (Xu et al. 2017; Yu et al. 2021; Dai, Lu, and Shen 2021;
Dai et al. 2022; Liu et al. 2024) learn generalizable knowl-
edge from the dataset to estimate alpha matte. DIM (Xu
et al. 2017) provides the first image matting dataset and in-
troduces an end-to-end matting network, which makes the
method robust in a variety of complex scenes. GCAMat-
ting (Li and Lu 2020) adopts a Guided Contextual Attention
module to extract contextual affinity to estimate the alpha
matte of semi-transparent objects. HDMatt (Yu et al. 2021)
adopts a cross-patch contextual module to aggregate image
contexts for robust patch-based matting. MGMatting (Yu
et al. 2021) adopts a progressive refinement to estimate the
alpha matte from coarse masks, which avoids the laborious
trimap annotation. TIMI (Liu et al. 2021b) proposes a 3-
branch encoder to mine the global and local neglected coor-
dination, which helps improve predictions on rough trimaps.
LFPNet (Liu et al. 2021a) adopts a center-surround pyra-
mid pooling to propagate contextual information to help pro-
cess high-resolution images. RMat (Dai et al. 2022) adopts
the transformer to aggregate image contexts and explores
data augmentation for improving method robustness. MOD-
Net (Ke et al. 2022) employs a lightweight matting network
and a self-supervised strategy to improve the efficiency and
robustness. MatteFormer (Park et al. 2022) integrates CNN
and transformer to extract detailed features and long-range
features to achieve high performance. VitMatte (Yao et al.
2024) employs vision Transformers with a hybrid attention
mechanism to improve performance.

Efficient neural network design. Early researchers pro-
posed neural architecture search methods (Xie and Yuille
2017; Liu, Simonyan, and Yang 2019; Chen et al. 2019; Xu
et al. 2019) to design efficient neural networks under vari-
ous computational cost constraints. However, these methods
are often time-consuming due to the need for training and
evaluating independent structures. Therefore, recent studies
have introduced dynamic neural networks (Wang et al. 2018;
Liu et al. 2020b; Schwartz et al. 2020; Zhou et al. 2020)
that adjust network structures during inference, significantly
reducing the cost of network design by training only one
supernet. Early research explored early-exit networks (Xin
et al. 2020; Schwartz et al. 2020; Zhou et al. 2020), which
reduce computational costs by leveraging predictions from
early layers of the network. MSDNet (Huang et al. 2018)
adopts a multi-scale architecture, stopping inference when
shallow networks achieve high-confidence results to avoid
redundant computation. RANet (Yang et al. 2020) employs
intermediate classifiers at different scales within a single
network, terminating inference when high-confidence pre-
dictions are obtained at lower scales. However, these net-
works exhibit significant differences in feature representa-
tions across scales and are primarily suitable for classifi-
cation tasks. Recent research (Wang et al. 2018; Yu et al.
2021) focuses on enhancing feature continuity through dy-
namic depth or width adjustment. DRNet (Cai, Shu, and
Wang 2021) employs an undirected graph design to pre-
dict the connections of current module nodes, altering net-
work width. LASNet (Han et al. 2022) introduces a Gumbel-
Softmax based mask estimator that guides the network by-
pass low-value regions, thereby accelerating the inference.
However, these works focus on classification tasks, with lim-
ited attention to dense regression at high resolutions, mak-
ing them less effective for addressing the computational cost
constrained matting task explored in this work.

Method
In this section, we first formalize training a computational
cost-constrained matting network as a bilevel optimization
problem, where the upper level optimizes the network path
estimator and the lower level optimizes the matting net-
work. Based on this formalization, we introduce the Path-
Adaptive Matting (PAM) framework to tackle this problem
using a unified network. Subsequently, we delve into a com-
prehensive introduction of the PAM framework, elucidating
its path-adaptive matting architecture and the performance-
aware path learning strategy. Finally, we present the loss
functions incorporated within the framework.

Problem Formulation
The objective of training a computational cost-constrained
image matting network is to achieve the minimum matting
error while adhering to a specified computational cost con-
straint Cc. This problem can be cast as a bilevel optimization
problem: the lower level entails the optimization of weights
across all conceivable matting networks, while the upper
level optimizes the parameters of an estimator (using a neu-
ral network for approximation) to predict the optimal net-
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Figure 1: Overview of the path-adaptive matting architecture. We build a lightweight matting backbone using regular and depth-
wise convolution layers. To enable path-adaptive inference, a path-learning structure is introduced, which uses path selection
layers to estimate network paths based on cost constraints and image context, and learnable connect layers for layer bypassing.

work path. Mathematically, it can be expressed as
ω∗
p = argmin

ωp

EI,Cc

[
L
(
Nm(I, ω∗

n, Np(I, Cc, ωp)), α
gt
)]

s.t.
ω∗
n = argmin

ωn

EI,P

[
L
(
Nm(I, ωn, P ), αgt

)]
Fc (Np(I, Cc, ωp)) ≤ Cc

(2)
Here, ωp and ωn denote the network weights, and L(·, ·) de-
notes the loss function. αgt represents the ground truth alpha
matte. The function Nm(I, ωn, P ) represents a matting su-
per network that can be inferred with a given path P and
network weights ωn. The function Np(Cc, ωp) represents a
path estimation network that can be inferred with a given
path Cc and network weights ωp. The computational cost of
the network is denoted by Fc(·).

Based on Equation 2, it is evident that the problem in-
volves training two networks. The lower-level task focuses
on optimizing the weights ωn of the matting network Nm to
ensure high matting performance across all paths P . Con-
versely, the upper-level task involves optimizing the weights
ωp of the path estimation network Np to predict network
paths that adhere to the computational cost constraint Cc

while achieving the best performance. However, employ-
ing two networks for prediction entails significant computa-
tional costs when inferring high-resolution images, thus sub-
stantially affecting computational efficiency. Therefore, we
propose that network path estimation can be conducted lo-
cally based on the current image context and computational
cost constraints. Building upon this, we employ a method of
predicting the path of the subsequent network stage at each
stage of the network, enabling the resolution of the bilevel
optimization problem using a unified network. In particular,
we design a path-adaptive matting architecture composed of
efficient matting network layers and leverage a path learning
structure to estimate paths with image contexts and compu-

tational cost constraints, thereby dynamically controlling the
inference of the matting network.

Path-Adaptive Matting Architecture
As illustrated in Figure 1, the path-adaptive matting ar-
chitecture first constructs a lightweight matting network.
Regular convolution layers are adopted at the lower levels,
while the higher levels are based on depthwise convolution
modules that consist of large kernel depthwise convolution
and point wise convolution, which ensures high computa-
tional efficiency and performance. In addition, we introduce
stacked pyramid pooling modules (Zhao et al. 2017) to help
aggregate image semantics. Based on the lightweight net-
work, we incorporate cost constraint embedding to input
the cost constraint. We then adopt a path learning structure,
which includes path selection layers and learnable connect
layers, to estimate optimal paths and perform efficient infer-
ence along the estimated paths.

Cost Constraint Embedding. To feed computational cost
constraint information to the path learning structures, we
embed the input computational cost constraint into fixed-
length features. To match the constraints with the network
architecture, we first evaluate the smallest and largest sub-
networks and obtain their computational costs Cmin and
Cmax, respectively. Then, we use an embedding layer to
convert the integer computational cost constraint Cc be-
tween Cmin and Cmax into the computational cost con-
straint feature F c, which is subsequently fed to the network.

Path Learning Structure. The path-selective structure
uses path selection layers and learnable connect layersto es-
timate the optimal path based on given computational cost
constraints and image contexts, and to perform learnable
layer bypassing, respectively. Below, we will provide a de-
tailed explanation of these layers.
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Path Selection Layer. To estimate the optimal network
path under the given computational cost constraint and im-
age contexts, we design a path selection layer to estimate
the classification of the path, i.e., whether to bypass adjacent
layers. Considering that the global semantics can aid in de-
termining the optimal network path and be used to generate
attention weights to refine features, we align the path selec-
tion layer with a channel attention design. We obtain global
semantics by averaging the image features F s

i from the i-th
layer, and then generate channel attention to refine the net-
work features and use multi-layer perceptron to estimate the
distribution of the optimal network paths Qe

i as
F gs
i = Relu(Conv(Avgpool(F s

i )))

F rf
i = F s

i ⊗ Sigmoid(Conv(F gs
i ))

Qe
i = MLP(Concat(F gs

i ,F c))

(3)

Here, F rf
i denotes the refined semantic features. Conv(·)

MLP(·) and Concat(·, ·) denote the convolution, multi-
layer perceptron, and concatenation layers, respectively.

Learnable Connect Layer. To enhance network efficiency,
we bypass unnecessary paths. However, naive skip connec-
tions often behave differently from depthwise convolution
modules, leading to discrepancies between the features of
bypassed and non-bypassed paths, which can impact per-
formance. To address this challenge, we introduce learn-
able connect layers designed to approximate the transforma-
tion of features from bypassed layers. The learnable connect
layer uses a residual block consisting of two 1×1 pointwise
convolution layers to process the source feature F src and
output the destination feature F des as

F des = Conv(ReLU(Conv(F src))) + F src (4)
Since our learnable connect layer only involves pointwise
convolutions, it is more computationally efficient than the
bypassed depthwise convolution modules.

Performance-Aware Path Learning
With the path-adaptive matting architecture, our objective
is to train the network to estimate the optimal path and
perform efficient inference. However, we have empirically
found that using the Gumbel-Softmax trick (Han et al. 2022,
2024) often leads the path selection layers to favor the short-
est path. This is because gradient-based NAS methods in-
herently suffer from operation co-adaptation issues, which
often lead to an excessive aggregation of skip connections.
Conversely, while training the network with the optimal path
yields good results, obtaining the ground truth distribution
requires evaluating all paths in each iteration, which is com-
putationally expensive. To tackle these issues, we propose
a performance-aware path learning strategy that generates
path labels through online evaluation of paths generated by
a prior distribution of the optimal path and the network pre-
dictions. Specifically, we use the Monte Carlo to estimate
a prior distribution of the optimal path as a path genera-
tor. During training, we use an online path label genera-
tion method as described in Algorithm 1, evaluating both
the paths generated from the prior distribution and those
predicted by the network. The path with the highest perfor-
mance is used as the label.

Algorithm 1: Performance-Aware Path Learning

1: Input: Paths R = {R1,R2, . . . ,RNe} generated by
the prior distribution and the matting errors E =
{E1, E2, . . . , ENe}, path V estimated by the network
and the corresponding matting error Ev and computa-
tional cost Cv , the given computational cost constraint
Cg .

2: Output: Optimal path Ro.
3: Initialize the optimal path Ro ← ∅, the lowest matting

error Eo ← +∞
4: if Cv < Cg then
5: Ro ← V
6: Eo ← Ev

7: end if
8: for i← 1 to Ne do
9: if Ei < Eo then

10: Ro ← Ri

11: Eo ← Ei

12: end if
13: end for

Prior Distribution Estimation. Given a computational
cost constraint Cc and an input image I , the ground truth
distribution Qgt = P(X1, X2 . . . , XNa |I,F c) of optimal
paths can only be obtained by evaluating all paths in each
iteration, which is computationally unaffordable. To solve
this problem, we use a distribution that approximates Qgt as
a prior distribution to generate a few optimal candidate paths
for efficient path evaluation. We compare a uniform distribu-
tion Qu and a distribution Qc = P(X1, X2 . . . , XNp |F c)
of the optimal path under the given computational cost con-
straint. The expectation of p(Xr

1 , X
r
2 . . . , X

r
Na |I,F c) is

E(p(Xr
1 , X

r
2 . . . , X

r
Na |I,F c)) =

1

Nap
(5)

where Xr
1 , X

r
2 . . . , X

r
Na is the path sampled from the uni-

form distribution Qu, Nap is the number of all possible
paths. The expectation of p(Xc

1 , X
c
2 . . . , X

c
Na |I,F c) is

E(p(Xc
1 , X

c
2 . . . , X

c
Na |I,F c)) = p(Xo

1 , X
o
2 . . . , X

o
Na |F c)

(6)
where Xc

1 , X
c
2 . . . , X

c
Na is the path sampled from the distri-

bution Qc and Xo
1 , X

o
2 . . . , X

o
Na is the optimal path. Since

p(Xo
1 , X

o
2 . . . , X

o
Na |F c) is usually much larger than 1

Nap ,
the path sampled from the distribution Qc is more likely to
be optimal. Therefore, we adopt the distribution Qc as the
prior distribution and use the Monte Carlo method to esti-
mate the distribution via simulation.

To obtain the distribution Qc, we first follow SPOS (Guo
et al. 2020) to train matting networks of random paths in the
path-adaptive matting architecture. Then, we define a proba-
bility estimator that the path X1, X2 . . . , XNa is the optimal
path under the computational cost constraint Cg as

p̂g
Nval(X1, X2 . . . , XNa) =

1

Nval

Nval∑
i=1

Bi (7)

where Nval denotes the number of input images. Bi ∈
{0, 1} denotes whether the path X1, X2 . . . , XNa is opti-
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mal or not for the i-th image and the computational cost
constraint Cg . Next, we simulate Nval images using the
foreground and background images in the dataset. Since the
computational cost is positively correlated with the network
performance, we simulate Ng paths whose computational
costs are close to the given computational cost constraint Cg

to reduce computational costs. Finally, we use a pretrained
whole matting network to evaluate the simulated images and
paths and obtain the estimate Q̂c of the distribution as the
prior distribution.

Online Path Label Generation. Although the prior dis-
tribution provides good path candidates, using it as a label
limits the network’s ability to search for better paths. In-
spired by heuristic algorithms, we propose an online path
label generation method, where we assess the paths gener-
ated by the prior distribution and those predicted by the net-
work. The best-performing path among these is then used
as the label for training. In each iteration of the training
phase, we first generate candidate paths for the given com-
putational constraint Cg with the prior distribution. Then,
we use the distribution Q̂c to randomly sample Ne candi-
date paths R = {R1,R2, . . . ,RNe}without repetition, and
evaluate the sampled paths with the L1 loss function to ob-
tain the errors E = {E1, E2, . . . , ENe}. Next, we use the
network itself to sample the path V by independently esti-
mating the path Vi for the i-th path selection layer with the
unnormalized distribution Qe

i as

Vi,j =
exp((Qe

i,j +Gi,j)/τ)∑2
k=1 exp((Q

e
i,k +Gi,k)/τ)

(8)

where G ∈ RNa×2 is a Gumbel noise that helps the net-
work to explore low probability paths. Vi,j , Qe

i,j , and Gi,j

are the j-th items of Vi, Qe
i , and Gi, respectively. τ is the

temperature coefficient that controls the smoothness of the
result. In addition, we use a gumbel-max reparameterization
trick (Huijben et al. 2022) to convert the estimated path Vi to
a one-hot tensor while keeping it differentiable. We evaluate
the matting network with the path V to obtain the error Ev

and the computational cost Cv . Finally, we use the evalua-
tion algorithm described in Algorithm 1 to identify the path
with the lowest error as the online path label Ro, which is
subsequently used to train the network.

Loss Functions
To train the PAM framework, we define the network loss as

L = λαLα + λdsLds + λptLpt (9)

where Lα is the alpha matte loss defined as

Lα = λ1L1 + λcompLcomp + λlapLlap (10)

where L1, Lcomp, and Llap are the L1 loss, compositional
loss, and Laplacian loss, as defined in MatteFormer (Park
et al. 2022). λ1, λcomp, and λlap are the weights for the three
losses. The distillation loss Lds is designed to help the learn-
able connect layers to learn the feature transformation of the

bypassed layer with the labels generated by a trained com-
plete PAM network, which is defined as

Lds =
1

|T U |
∑
i∈T U

√
(αi − αsd

i )2 + ϵ2 (11)

where αsd
i is the alpha matte of the i-th pixel estimated by

a trained complete PAM network. T U is a set of unknown
pixels in the trimap. ϵ is the penalty coefficient. The path
loss Lpt is designed to use the optimal path Ro to supervise
the predictions of path selection layers Qe as

Lpt =
Na∑
i=1

CrossEntroy(Qe
i ,R

o
i ) (12)

where CrossEntropy(·, ·) denotes cross entropy function.

Experiments
In this section, we first present the implementation details
of the proposed PAM framework. Next, we evaluate PAM
against existing methods using synthetic datasets, includ-
ing Adobe Composition-1k (Xu et al. 2017), Distinctions-
646 (Qiao et al. 2020), Transparent-460 (Cai et al. 2022), Se-
mantic Image Matting (SIMD) (Sun, Tang, and Tai 2021), as
well as the real-world Automatic Image Matting-500 (AIM-
500) dataset (Li, Zhang, and Tao 2021).

Implementation details
The proposed method is implemented using the PyTorch
framework. We train our PAM framework on an RTX 3090
GPU with a batch size of 4. All network weights are initial-
ized using the Kaiming initializer (He et al. 2015). To avoid
overfitting, we follow the data preprocessing methods of pre-
vious matting methods to process the train data (Forte and
Pitié 2020). The training process is divided into three stages.
The networks are trained using the Radam optimizer (Liu
et al. 2020a) with a weight decay of 3 × 10−5 and betas of
(0.5, 0.999). The initial learning rate is set to 3 × 10−4 and
decays to zero using a cosine annealing scheduler in each
stage. In the first stage, we train the entire PAM network for
150 epochs. In the second stage, we perform warm-up train-
ing by randomly sampling sub-networks and training them
for 20 epochs. In the third stage, we train PAM with the
performance-aware path learning strategy for 150 epochs.
The other coefficients used in this method are configured as
follows: Na = 4, λα = 1, λds = 0.05, λpt = 0.05, λ1 = 1,
λcomp = 0.25, λlap = 0.5, ϵ = 10−6, Ne = 4, Nval = 103,
Ng = 10, and τ = 1.

Results on the Synthetic Datasets
To evaluate the performance of our PAM framework,
we compare PAM with state-of-the-art methods, including
DIM (Xu et al. 2017), IndexNet (Lu et al. 2019), GCAMat-
ting (Li and Lu 2020), FBAMatting (Forte and Pitié 2020),
SIM (Sun, Tang, and Tai 2021), TIMI (Liu et al. 2021b), LF-
PNet (Liu et al. 2021a), MatteFormer (Park et al. 2022), Dif-
fusionMat (Xu et al. 2023), and VitMatte (Yao et al. 2024)
on the Adobe Composition-1K dataset. Table 1 provides a
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(a) (b) (c) (d) (e) (f) (g) (h)

Figure 2: Qualitative results on the Adobe Composition-1K dataset. (a) Input Image. (b) Trimap. (c) Ground Truth. (d) GCA-
Matting. (e) MatteFormer. (f) PAM (Aggressive). (g) PAM (Moderate). (h) PAM (Mild).

Method SAD MSE GRAD CONN Flops Param Latency Memory

DIM (Xu et al. 2017) 50.40 17.00 36.70 55.30 727.4G 130.5M 11.97s 18 GB
IndexNet (Lu et al. 2019) 45.80 13.00 25.90 43.70 116.6G 8.2M 7.67s 8 GB
GCAMatting (Li and Lu 2020) 35.28 9.00 16.90 32.50 257.3G 24.1M 37.76s 13 GB
FBAMatting (Forte and Pitié 2020) 26.40 5.40 10.60 21.50 686.0G 34.8M 15.44s 13 GB
SIM (Sun, Tang, and Tai 2021) 27.70 5.60 10.70 24.40 1001.9G 44.5M 20.17s 14 GB
TIMI (Liu et al. 2021b) 29.08 6.00 11.50 25.36 351.3G 33.5M 124.07s 72 GB
LFPNet (Liu et al. 2021a) 23.60 4.10 8.40 18.50 1539.4G 112.2M 45.93s 16 GB
MatteFormer (Park et al. 2022) 23.80 4.00 8.70 18.90 233.3G 44.9M 14.39s 11 GB
DiffusionMat (Xu et al. 2023) 22.80 4.00 6.80 18.40 29212.5G 32.8M 551.00s 33GB
VitMatte (Yao et al. 2024) 20.33 3.00 6.74 14.78 784.8G 89.2M 130.71s 30GB

PAM (Mild) 23.14 4.17 8.48 18.57 74.6G 7.1M 6.25s 8 GB
PAM (Moderate) 23.25 4.25 8.50 18.71 69.6G 7.1M 5.58s 8 GB
PAM (Aggressive) 24.05 4.52 8.97 19.63 57.8G 7.1M 5.23s 8 GB

Table 1: Quantitative results on Adobe Composition-1K. Our PAM method is evaluated under three computational cost con-
straints: mild (under 75 GFlops), moderate (under 70 GFlops), and aggressive (under 60 GFlops). Flops denotes the floating-
point computations required for inferring a 1024 × 1024 image. Param denotes the network parameter number. Latency and
memory refer to the latency and peak memory usage measured on an R9 3900X CPU for inferring a 2048× 2048 image.

summary of the quantitative results for all compared mat-
ting methods. Our PAM is evaluated under three computa-
tional cost constraints: mild (under 75 GFlops), moderate
(under 70 GFlops), and aggressive (under 60 GFlops). Flops
denote the floating-point computations required for infer-
ring a 1024 × 1024 image. Param represents the number of
network parameters. Latency and memory refer to the in-
ference latency and memory usage, respectively, measured

on an AMD R9 3900X CPU for inferring a 2048 × 2048
image. Figure 2 illustrates the qualitative results of PAM
compared with other methods. In comparison with existing
methods, our demonstrates competitive performance with
significantly lower computational costs and fewer parame-
ters. PAM under the moderate constraint performs compara-
bly to state-of-the-art image matting methods including LF-
PNet and MatteFormer. However, PAM under the moderate
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Method Distinctions-646 Transparent-460

SAD MSE GRAD CONN SAD MSE GRAD CONN

DIM (Xu et al. 2017) 56.13 22.84 50.01 57.90 356.20 49.68 146.46 296.31
IndexNet (Lu et al. 2019) 40.31 8.23 37.60 39.92 434.14 74.73 124.98 368.48
GCAMatting (Li and Lu 2020) 31.32 6.64 28.69 30.45 219.38 23.17 130.46 224.65
TIMI (Liu et al. 2021b) 42.61 7.75 45.05 42.40 328.08 44.20 142.11 289.79
MGMatting (Yu et al. 2021) 33.24 4.51 20.31 25.49 344.65 57.25 74.54 282.79
TransMatting (Cai et al. 2022) 25.65 3.40 16.08 21.45 192.36 20.96 41.80 158.37

PAM (Mild) 21.97 3.45 15.80 20.65 194.09 20.27 34.26 197.35
PAM (Moderate) 22.02 3.44 15.73 20.72 199.24 21.60 34.30 203.65
PAM (Aggressive) 22.97 3.78 16.31 21.90 210.11 23.55 41.42 215.95

Table 2: Quantitative results on Distinctions-646 and Transparent-460.

Method Semantic Image Matting Automatic Image Matting-500

SAD MSE GRAD CONN SAD MSE GRAD CONN

DIM (Xu et al. 2017) 98.95 61.34 32.19 103.86 47.81 79.47 38.16 49.07
IndexNet (Lu et al. 2019) 62.90 25.00 21.76 63.43 26.85 26.22 16.37 26.15
GCAMatting (Li and Lu 2020) 72.18 29.82 23.88 71.52 34.81 38.93 25.72 35.14
LFPNet (Liu et al. 2021a) 22.11 4.32 6.82 17.06 26.15 21.14 14.93 25.73
MatteFormer (Park et al. 2022) 23.59 4.88 7.67 18.69 26.87 29.00 23.00 26.63

PAM (Mild) 24.39 4.73 7.52 20.24 25.14 23.73 19.74 25.02
PAM (Moderate) 24.68 4.85 7.56 20.54 25.12 23.76 19.79 25.08
PAM (Aggressive) 25.37 5.25 7.95 21.42 24.35 23.47 19.82 24.33

Table 3: Quantitative results on Semantic Image Matting and Automatic Image Matting-500.

constraint consumes only 4.5% computation and 6.3% pa-
rameters of LFPNet, 29.8% computation and 15.8% param-
eters of MatteFormer.

To evaluate the generalization ability of PAM, we
compare it with existing matting methods such as In-
dexNet, GCAMatting, TIMI, TransMatting (Cai et al. 2022),
and MatteFormer on three synthetic datasets including
Distinctions-646, Transparent-460, and Semantic Image
Matting. All compared methods are trained on the Adobe
Composition-1K dataset. Quantitative results are summa-
rized in Tables 2 and 3. DIM, IndexNet, GCAMatting, LF-
PNet, MatteFormer, and our PAM exhibit strong perfor-
mance across all three datasets. Notably, PAM achieves per-
formance on par with leading methods like TransMatting
and MatteFormer, indicating its robust generalization abil-
ity. Furthermore, as computational cost constraints relax, the
performance of PAM also improves, underscoring the effec-
tiveness of our proposed method.

Results on the Real-world Dataset
To evaluate the performance of the proposed PAM frame-
work on real-world images, we use the Automatic Image
Matting-500 (AIM-500) dataset to evaluate DIM, IndexNet,
GCAMatting, LFPNet, MatteFormer, and our PAM, which
are trained on the Adobe Composition-1K dataset. Table 3
summarizes the quantitative results of all compared meth-
ods. Compared with existing methods, PAM demonstrates

strong generalization ability when applied to real-world im-
ages. PAM under the mild computational cost constraint has
a similar performance to LFPNet and MatteFormer, which
suggests that PAM has good generalization ability on real-
world images. However, PAM under the aggressive con-
straint outperforms PAM under the mild constraint, which
may be due to the domain shift when testing PAM on real
data, as it is trained on synthetic data.

Conclusion
In this paper, we propose Path-Adaptive Matting (PAM), a
framework that dynamically adjusts network paths based on
image contexts and computational cost constraints for effi-
cient inference. We first formulate the training of the compu-
tational cost-constrained matting network as a bilevel opti-
mization problem, optimizing both the matting network and
the path estimator. We introduce a path-adaptive matting ar-
chitecture by incorporating path selection layers and learn-
able connect layers to estimate optimal paths and perform
efficient inference within a unified network. Furthermore,
we propose a performance-aware path learning strategy to
generate path labels by evaluating a few paths sampled from
the prior distribution of optimal paths and network estima-
tions, thus enabling robust and efficient online path learn-
ing. Experimental results on popular image matting datasets
demonstrate that PAM achieves competitive performance
across various computational cost constraints.
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