The Thirty-Ninth AAAI Conference on Artificial Intelligence (AAAI-25)

Training Matting Models Without Alpha Labels

Wenze Liu', Zixuan Ye?, Hao Lu®*, Zhiguo Cao?, Xiangyu Yue'*

! MMLab, The Chinese University of Hong Kong
2 School of Artificial Intelligence and Automation, Huazhong University of Science and Technology

Abstract

The labeling difficulty has been a longstanding problem in
deep image matting. To escape from fine labels, this work ex-
plores using rough annotations such as trimaps coarsely indi-
cating the foreground/background as supervision. We present
that the cooperation between learned semantics from indi-
cated known regions and proper assumed matting rules can
help infer alpha values at transition areas. Inspired by the
nonlocal principle in traditional image matting, we build a di-
rectional distance consistency loss (DDC loss) at each pixel
neighborhood to constrain the alpha values conditioned on
the input image. DDC loss forces the distance of similar pairs
on the alpha matte and on its corresponding image to be con-
sistent. In this way, the alpha values can be propagated from
learned known regions to unknown transition areas. With
only images and trimaps, a matting model can be trained un-
der the supervision of a known loss and the proposed DDC
loss. Experiments on AM-2K and P3M-10K dataset show
that our paradigm achieves comparable performance with the
fine-label-supervised baseline, while sometimes offers even
more satisfying results than human-labeled ground truth.

Code — https://github.com/poppuppy/alpha-free-matting

Introduction

Image matting, a fundamental task in image editing, aims to
decompose an input image I into two layers, i.e., the fore-
ground F' and the background B. Specifically, it estimates
the foreground opacity o a.k.a. alpha matte as

I=aF +(1-a)B. (1)
Recent years have witnessed dramatic improvement in im-
age matting techniques (Hou and Liu 2019; Li and Lu 2020;
Liu et al. 2021a,b; Tang et al. 2019; Park et al. 2022; Yao
et al. 2023; Yu et al. 2021), particularly since Deep Image
Matting (DIM) (Xu et al. 2017) pioneered an end-to-end
training paradigm. Despite the prosperity of the labeling-
and-training paradigm, large-scale datasets are difficult to
collect for the subtle details required. Existing datasets either
composite (Xu et al. 2017) few annotated foreground ob-
jects with thousands of backgrounds, or make small special-
purpose (Li et al. 2022, 2021) datasets. Although the defi-
ciency of datasets is regarded as a bottleneck of deep image

*Corresponding authors.
Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

5604

Matting
Model > Loss
Input Output Fine label
/“‘ DDC Loss foreground
background
q

Matting Known

Model [ | Loss
tfransition

Output Coarse label

(a) Training Paradigm

(b) Our Results

Figure 1: Our training paradigm. (a) Compared to prior
art with alpha matte labels, we use only coarse trimap la-
bels. We use an L1 loss to supervise the known regions indi-
cated by the trimap, and devise a DDC loss to infer the alpha
values at transition areas. (b) Even without fine annotated la-
bels, our trained model predicts accurate alpha mattes.

matting, the contradiction between the need of large-scale
datasets and the labeling difficulty has yet to be handled.

Solving o from Eq. (1) has not always been relying on
labels. Aided by user prompts, e.g., trimaps indicating the
known (1 for foreground and 0 for background), and the un-
known (0.5 for transition) regions as shown in Fig. 1, many
works (Chuang et al. 2001; Sun et al. 2004; Levin, Lischin-
ski, and Weiss 2007; He, Sun, and Tang 2010; Lee and Wu
2011; Chen, Li, and Tang 2013) try to trace the color cues
to infer alpha values from known to unknown. For example,
Closed Form Matting (Levin, Lischinski, and Weiss 2007)
assumes the color line model in each neighborhood to fig-
ure out the alpha matte. Nonlocal Matting (Lee and Wu
2011) borrows the nonlocal principle from image denois-
ing (Buades, Coll, and Morel 2005, 2008) to solve the alpha
value with affinity matrices. These traditional methods tend
to be impaired in the face of complex textures or similar col-
ors on the junction of foreground and background (Xu et al.



2017), because they primarily consider low-level color or
texture information. In contrast, deep learning based meth-
ods inject semantic understanding to adapt the models to
complex scenarios, resulting in a significant performance
improvement. Along the torrent, recent studies (Li, Zhang,
and Tao 2021; Li et al. 2022; Qiao et al. 2020; Zhang et al.
2019; Li et al. 2021; Wei et al. 2021; Yang et al. 2022) prove
that strong semantics introduced by deep models can reduce
the usage costs, either by simplifying user prompts (Wei
et al. 2021; Yang et al. 2022) or exploring automatic im-
age matting (Li, Zhang, and Tao 2021; Li et al. 2022; Qiao
et al. 2020; Zhang et al. 2019; Li et al. 2021) with no user
prompt required. Different from research efforts devoted on
the user end, we would like to study whether a collabora-
tive approach involving robust semantic understanding and
well-defined matting rules can mitigate the need for fine an-
notations during the training phase.

In this work, we demonstrate that, with proper supervi-
sion, deep image matting models can be effectively trained
without any fine annotations. For one thing, deep models are
validated (Long, Shelhamer, and Darrell 2015; Xiao et al.
2018; Kirillov et al. 2019) to be expert at learning the se-
mantics from coarse labels. For another, traditional solu-
tions (Levin, Lischinski, and Weiss 2007; Chen, Li, and
Tang 2013) have proven that proper assumed rules can prop-
agate the matting constraints from known to unknown re-
gions. Based on these existing experiences, we conjecture
that the labels only need to provide rough semantics, while
not necessary to indicate the transparency at transition areas.
We thus build a preliminary matting supervision, where an
L1 loss termed known loss supervises the known areas in-
dicated by the trimap, and the unknown ones are supervised
using the nonlocal principle. The preliminary experiments
suggests that i) the deep model can utilize the information
learned from known regions to infer unknown ones, but in
the sense of hard segmentation, and ii) the additional nonlo-
cal assumption helps produce some details at transition ar-
eas. Based on further observation and analysis, we find that
the embodiment of nonlocal principle in (Lee and Wu 2011;
Chen, Li, and Tang 2013) is unsuited for the deep learning
process, due to the ‘braking effect’ and ‘hard segmentation
effect’. The former impedes the refinement of details with
long-range dependency, while the latter hurts smooth transi-
tion of alpha values at boundaries. Aiming at the two prob-
lems, we introduce a novel expression of nonlocal principle
as the loss function, called distance consistency loss (DC
loss). DC loss forces the euclidean distance between each
pixel and several similar neighbors in the predicted alpha
matte to be equal with that in the image. DC loss well ad-
dresses the two issues above, but introduces undesired tex-
ture noise in interior regions, where it is incompatible with
known loss. With a detailed analysis, we update DC loss
with directional distance consistency loss (DDC loss), solv-
ing the conflict between the two losses.

In summary, we establish a novel training paradigm for
image matting based on the proposed DDC loss as shown in
Fig. 1. With only trimaps as labels, the model trained under
our proposed paradigm can predict fine details, e.g., the cat
beard as shown on the right of Fig. 1. Experiment results on
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animal (Li et al. 2022) and portrait (Li et al. 2021) matting
datasets show that our models performs comparably with the
baseline supervised by fine alpha labels, which verifies the
feasibility and effectiveness of the proposed paradigm. Fur-
ther more, we provide detailed illustration and analysis to
shed light on the working principle of our approach.

Related Work

Traditional Image Matting (Chuang et al. 2001; Levin,
Lischinski, and Weiss 2007; Lee and Wu 2011; He, Sun,
and Tang 2010; Chen, Li, and Tang 2013; Aksoy, Ozan Ay-
din, and Pollefeys 2017) utilize prior knowledge into Eq. (1)
to propagate the user specified constraints towards the
alpha matte solution. Bayesian Matting (Chuang et al.
2001) achieves this by color sampling. Closed Form Mat-
ting (Levin, Lischinski, and Weiss 2007) assumes certain
smoothness, i.e., the color line model, based on which a mat-
ting Laplacian matrix is derived. It yields impressive results
when the color line model assumption holds. In order to re-
lax the conditions, Nonlocal Matting (Lee and Wu 2011) in-
troduces nonlocal principle, a conception originally adopted
in image denosing (Buades, Coll, and Morel 2005, 2008)
tasks. Nonlocal Matting expresses the nonlocal principle via
an affinity matrix to form a constraint condition, which is
then combined with the user constraint to solve the alpha
matte. Follow up work such as Fast Matting (He, Sun, and
Tang 2010) and KNN Matting (Chen, Li, and Tang 2013)
studies the construction of the affinity matrix. Our work
takes in matting priors, but for building a feasible training
mode without alpha labels in the deep matting era.

Deep Image Matting, first presented in (Shen et al. 2016;
Cho, Tai, and Kweon 2016; Xu et al. 2017), has opened a
new era for modern image matting methods, with labeled
data involved. Early work (Lu et al. 2019; Hou and Liu 2019;
Li and Lu 2020; Liu et al. 2021a,b; Tang et al. 2019; Park
et al. 2022; Yao et al. 2023; Yu et al. 2021; Cai et al. 2022)
takes both the image and a trimap indicating the smooth/-
transition areas as the input, and mainly studies the network
architecture to better adapt the high-level semantics and low-
level details for the matting task. In the interests of reducing
the user efforts, there recently appears some attempts that re-
place the auxiliary trimap input with simpler prompts such
as scribble (Xiao et al. 2018) and click (Wei et al. 2021).
Another branch of work (Li, Zhang, and Tao 2021; Li et al.
2022; Qiao et al. 2020; Zhang et al. 2019; Li et al. 2021; Ma
et al. 2023; Ke et al. 2022; Chen et al. 2018) studies to fully
get rid of auxiliary inputs, leading to an automatic matting
manner, where the model only takes in the image and needs
to find salient objects itself. Besides simplifying the inputs
from the user side, several works improve the deficiency of
datasets, but still face problems of unrealistic content (Xu
et al. 2017) and few categories (Li et al. 2022, 2021). There
is also attempt (Liu et al. 2020) to add coarse training la-
bels to lift the matting performance. With the same spirit of
alleviating the data deficiency, we instead set out from light-
ening of annotation burdens—explore to supervise the model
with coarse trimaps. To this end, our work pays special at-
tention to loss design. There has been L1 loss, compositional
loss (Xu et al. 2017), Laplacian loss (Niklaus and Liu 2018),
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Figure 2: The outputs during training of four supervision policies. (a) The model can learn to extend the semantics from
unknown to known with known loss. (b) The cooperation between known loss and affinity loss helps predict details, but fails
to delineate long hair and causes hard segmentation. (c) The proposed DC loss well fits long hair and smooth transition on
boundaries, but introduces texture noise on the foreground. (d) DDC loss eliminates the interior noise with no side effects.

etc. used for deep image matting with alpha labels, while we
will introduce ones customized for coarse trimap labels.

Method

We first study the possibility of using trimaps as labels dur-
ing training deep matting models. In what follows, we ana-
lyze the deficiency of the form of nonlocal principle in prior
art for deep learning process. Then, we present our novel
expression of nonlocal principle, and introduce our DC loss.
At last, we solve the conflict problem between known loss
and DC loss by updating DC loss to DDC loss.

Exploration and Analysis

We adopt the recent image matting model ViTMatte-S (Yao
et al. 2023) and the AM-2K dataset (Li et al. 2022) for pre-
liminary experiments. Detailed training configurations can
be found in the experiment section.

Learning semantics from trimaps. We use an L1 loss
termed known loss to supervise only the known regions in-
dicated by 0 and 1 in trimaps. An instance on the evolution
process of the output during training is shown in Fig. 2 (a).
The model quickly finds the foreground object in early stage,
then learns to fit the shape of the trimap, and finally the un-
known region shrinks to disappearance. It explains that the
learned semantics can be extended to unsupervised regions.

5606

Figure 3: Similar pixels in a local window. Centered at a
pixel (blue) in the image, the top K similar pixels (red) are
selected in each K x K local window (pink).

However, known loss can only provide low-quality segmen-
tation results, and can not generate details.

Learning alpha values at unknown regions. We tried to
add constraints with nonlocal principle (Lee and Wu 2011).
In image matting, the nonlocal principle claims that the al-
pha value «; of a pixel I; is a weighted sum of alpha values
of pixels similar to I;, formulated by Ao = «. Note that
o is flattened to N x 1, where NN indicates the number of
pixels, and A is the affinity matrix of size NV x IN. In KNN
Matting (Chen, Li, and Tang 2013), A calculates

I;
H=1-"

?jHQ ,J € argtopk{—£(i,j)}, (2)

and then row-normalized, where C' is a constant to make

A,
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Figure 4: The growth arrest problem of long hair super-
vised by affinity loss. Suppose there is a yellow tiger with
a hair whose intensity is a constant in the image. We derive
that under such conditions alpha values of approximate lin-
ear or quadratic variation produce small loss. Considering
that the already generated coarse mask provides the initial
starting and ending value as 1 and 0, the distribution of al-
pha values are stuck at a state shown in the bottom right plot.

A(i,j) € [0,1], fissetas f(i,5) = | I; — I;]|2 + d;, and
d;; denotes the spatial distance between ¢ and j. Though
Eq. (2) takes the whole image into account, the item d;; lim-
its the high response pixels within a small neighborhood for
each pixel. Meanwhile, d;; introduces noise into the simi-
larity calculation of the pixel values (see also supplementary
materials). In order to reduce both the computational work-
load and the noise introduced, we choose to calculate the
affinity matrix A within a fixed K x K window centered
at each pixel, where K > 3 is an odd number. Specifically,
A is initialized as all zeros, and we calculate the similarity
score between the central pixel and all pixels in the window
with f(i,7) = ||I; — I;]|2, and fill only top K scores into
A according to the indices. An instance for similar pixel se-
lection is exhibited in Fig. 3. On the basis of supervising the
known regions with L1 loss, the affinity loss
1
Lattinity = NHAOé —al)y 3
is added onto the whole alpha matte. As shown in Fig. 2 (b),
the added loss invites subtle details to the alpha matte.
Though affinity loss Lafinity helps predict subtle details,
it encounters two problems: i) it cannot predict details with
long-range dependency, e.g., long hair, and ii) it does dot
encourage smooth transition of alpha values at boundaries.
The problems will be elaborated as follows.
Braking effect. We have a close look at the failure of pre-
dicting details with long-range dependency supervised by
affinity loss. Fig. 4 provides a visualization and a simulated
example on long hair prediction. Let the blue color denote
the background, and the yellow be a tiger with a hair of one
pixel wide. For convenience we assume that the hair color is
homogeneous, so that given a pixel on the hair, the selected
similar pixels evenly distribute in both sides and the normal-
ized weights are all % in A. Since the model first gener-
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ates coarse mask for the foreground object and then starts to
delineate the fine details (cf. Fig. 2 (b), from left to right),
here we suppose the tiger body has been correctly predicted,
and use a sequence {a;} to denote the alpha values corre-
sponding to the hair, from left to right. Then the condition
Aa = « is equivalent to

%(Stfl — Sk tay) = Qp_ K-1, 4)
where S; = t ) ;. Then {«;} has a recursion
i
at:at_K—FK(oztf%—ati%). 5)
Its characteristic equation % — K (z - xK‘;l) —-1=

K-3
(z — 1)3(1(28713:% + Z i(i;rl)(xi—l +2K=2-1)) = o

i=1

has three multiple real roots 1 and K — 3 complex roots.
Given the monotonically non-increasing feature, {c;} is a
form of a; = C + Cst + Cst2, where Cy, Cy, Cs are con-
stants. Besides being always 1 as expected, {«;} can also
be approximate linear or quadratic variation over ¢ to pro-
duce small loss. Meanwhile, under the power of the known
loss, the starting and ending value are initialized as 1 and 0
respectively. Under their influence {«:} tends to distribute
as in the bottom right subplot of Fig. 4, implying that the
hair growth gets stuck early. Enlarging the window size K
helps a little when the hair is similar to the body in color,
because more body values are taken into account in win-
dows responsible for calculating the first few a;’s. However,
it is unhelpful for isolated hair according to the reasoning of
Fig. 4. Therefore the condition Laginiy = 0 does not satisfy
our optimization objective.

Hard segmentation effect. L,sqniry does not ensure smooth
transitions at boundaries. Consider a certain part on the edge
where the color change obeys linear variation horizontally in
the image. Then its cross section can be described as I; =
ax; + b, where z; is the horizontal coordinate of pixel ¢,
and a, b are constant vectors. Given a pixel on the hair, the
top similar pixels are evenly distributed on both sides, whose
similarity scores can be calculated as

[1i — 1|2 |zi — z;lllall2 ©)
C C
Therefore symmetrical pixels correspond to equal similarity

scores. Let w;,2 = 1,2,..., K denote the row-normalized
weights, where w; = wg_;. Now A« o becomes
K

>~ wja; = «;. Then multiple situations satisfy Aa = «,
j=1

e.g., a; = mx; + n, where m is an arbitrary number and
n can be chosen to meet other constraints. Because known
loss encourages hard segmentation, the linear variation is
squeezed to be more sharp similar to the bottom right sub-
plot in Fig. 4. In other words, the combination of the two
losses contributes to hard segmentation.

A(i,j)=1— =1-

Distance Consistency Loss

We probe to add proper constraints to adapt nonlocal prin-
ciple to the deep learning process. As discussed on Fig. 4,
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Figure 5: A calculation instance of DC loss and DDC loss.
On a hair whose pixel value is H, K similar pixels are se-
lected in the K x K window centered at a certain pixel.
With the selected indices, the corresponding alpha values are
gathered. DC loss first calculates the euclidean distances be-
tween the center pixel and the selected similar pixels both
in the image and in the alpha matte, and then forces the two
distance to be equal. Based on DC loss, DDC loss eliminates
the interior noise by preserving the sign of alpha distance.

affinity loss only stipulates linear or quadratic variation as
a whole, but does not control the local trend. Therefore the
affinity loss fails to provide enough punishment when alpha
values tend to distribute as in the bottom right subplot. We
address this by presenting a new assumption: if some pixels
in the image are similar, then their corresponding alpha val-
ues are similar of the same degree. Different from the affinity
loss, we constrain pair-wise distance in the alpha matte and
in the image to be equal. The new assumption brings about
the Distance Consistency (DC) loss shown in Fig. 8:

1 N
Loc = 3 303l gl — 1T~ Iyl

i=1 j

)

(N

j € argtopk{—||T; — Il2} .

DC loss forces the variation of the alpha values to be the
same as that in the image, so the smooth transition property
at boundaries can be naturally satisfied. Moreover, DC loss
governs the difference between local alpha pairs according
to the pixel distance, which avoids the situation in the bottom
right subplot in Fig. 4. Fig. 2 (c) suggests the power of DC
loss to fit subtle details.

Directional Distance Consistency Loss

Though DC loss offers subtle details, it causes conflicts
against known loss. An instance of noisy output is shown in
Fig. 6. On the one hand, known loss forces ‘1’ values on the
foreground; on the other, DC loss expects certain variation
because of the body textures. The loss confrontation intro-
duces texture noise. To make the two losses compatible, we
update Eq. (7) by preserving the sign of alpha distance:

1
Lppc = NZZFM*%‘ - ||Ii*Ij||2|a

i=1
j € argtopk{—||I; — I;||2},

which is termed as the Directional Distance Consistency
(DDC) loss. The calculation process of DDC loss is shown

®)
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Figure 6: Noise introduced by DC loss. Owing to the body
textures, the selected similar pixels (in the red dotted box)
often have different values. DC loss forces the different val-
ues to exist also in the alpha matte. Such conflicts between
DC loss and known loss introduces noise, appearing as un-
desired image textures in the alpha matte.

on the right of Fig. 5, and the code can be found in the sup-
plementary. Consider a similar pair of pixel ¢ and j. If j is
selected as the similar pixel at the i-centered window, then
1 will likely be selected at the window centered at j. Then
DDC loss has a minimum of 2||I; — I ;|| at each similar pair,
as deduced in the following absolute value inequality:

i — a; — | I; = Lj||| + |a; — o — || T; — L]

[Pe 511 O

>|ai —aj = | Ii = Il + oy — a; —
=2||I; — I]|.

Note the condition of equality meets when 0 < |a; —
aj| < |[I; — I;|. When the pair are in the absolute fore-
ground/background, known loss forces a;; = «;, satisfying
the condition of equality. At a cross section of the boundary,
alpha values change monotonously. Let us just take o; > a;,
then the condition of equality 0 < o; — o < || I; — I il-
lustrates that the change rate of « is bounded by || I; — I ||,
so the smooth transition property still holds. In short, we set
a positive minimum for DC loss, where the know loss also
reaches its minimum 0.

Total loss. The total loss is

Etota] = ['known + /\['DDC )

(10)

where ) is a positive number to balance two losses.
Computational complexity. Since the window size K is
small, DDC loss adds negligible additional computation.

Experiment

Here we verify the effectiveness of our training paradigm.
More results can be found in the supplementary materials.

Implementation Details

Training setting. We choose the ViTMatte (Yao et al. 2023)
as the deep matting model. In Eq. (8), the window size K is
set as 11 by default. For the total loss Eq. (10), A is set as 10.
Other details can be found in the supplementary.

Dataset. Affected by domain gap, models trained on syn-
thetic data (Composition-1K (Xu et al. 2017), Distinct
646 (Qiao et al. 2020), etc.) often work poorer in reality.
Without requiring fine labels, the proposed method does not
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Figure 7: Visual results of trimap-supervised baselines and the finely supervised baseline. The examples are chosen from
the AM-2K (Li et al. 2022) test set and the P3M-NP-500 test set of P3M-10K (Li et al. 2021).

Label SAD  MAD MSE Grad Conn SAD-T MSE-T
Matte 26.00 0.0149 0.0101 16.04 10.05 10.82 0.0268
Trimap 30.26  0.0175 0.0099 14.98 14.33 16.07 0.0356

Table 1: Comparison on the training paradigm.

Method Label SAD MAD MSE Grad Conn SAD-T
SHM (Chen et al. 2018) Matte 17.81 0.0102 0.0068 12.54 17.02 10.26
LF (Zhang et al. 2019) Matte  36.12 0.0210 0.0116 21.06 33.62 19.68
SSS (Aksoy et al. 2018) Matte 552.88 0.3225 0.2742 60.81 555.97 88.23
HATT (Qiao et al. 2020) Matte 28.01 0.0161 0.0055 1829 17.76 13.36
GFM (Li et al. 2022) Matte  10.26  0.0059 0.0029 8.82  9.57 8.24
Ours Trimap 30.26 0.0175 0.0099 14.98 14.33 16.07

Table 2: Automatic animal matting results on AM-2K (Li
et al. 2022) test set.

rely on data synthesis to produce labels. Hence, we verify
the effectiveness of our method directly on natural datasets
AM-2K (Li et al. 2022) and P3M-10K (Li et al. 2021).
Evaluation. We report the common used metrics of Sum of
Absolute Differences (SAD), Mean Squared Error (MSE),
Gradient (Grad) and Connectivity (Conn) proposed by (Rhe-
mann et al. 2009) and Mean Absolute Difference (MAD)
following (Li et al. 2022) for evaluation.

Main Results

Validation of the effectiveness. The effectiveness of our
proposed paradigm should be assessed by comparison
against the fine-label-supervised counterpart as illustrated in
Fig. 1. The quantitative results of the two baselines corre-
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Method Label SAD MAD MSE Grad Conn SAD-T MSE-T
LF (Zhang et al. 2019) Matte 32.59 0.0188 0.0131 31.93 19.50 14.53 0.0420
HATT (Qiao et al. 2020) Matte 30.53 0.0176 0.0072 19.88 27.42 13.48 0.0403
SHM (Chen et al. 2018)  Matte 20.77 0.0122 0.0093 20.30 17.09 9.14 0.0255
MODNet (Ke et al. 2022) Matte 16.70 0.0097 0.0051 15.29 13.81 9.13  0.0237
GFM (Li et al. 2022) Matte 15.50 0.0091 0.0056 14.82 18.03 10.16 0.0268
P3M (Li et al. 2021) Matte 11.23 0.0065 0.0035 10.35 12.51 5.32  0.0094
Ours Trimap 31.66 0.0182 0.0126 15.41 13.66 12.03 0.0371

Table 3: Automatic portrait matting results on P3M-NP-
500 (Li et al. 2021).

Loss policy SAD MAD MSE Grad Conn SAD-T MSE-T
Linown 4594 0.0266 0.0203 77.70 12.35 29.89 0.1096
Linown + Latiniy  32.54  0.0188 0.0132 23.41 11.00 1725 0.0496
Linown + Lpc  42.24 0.0247 0.0117 16.07 21.59 18.82  0.0396
Linown + Lopc 3026  0.0175 0.0099 14.98 14.33  16.07 0.0356

Table 4: Comparison among four training policies.

spond to Row 1 and Row 2 in Table 1 respectively. It demon-
strates that our paradigm has comparable performance with
the finely supervised baseline, and even better on the Grad
and MSE metric. The visual comparison can be referred
to Fig. 7 (d) and (e), where the model trained under our
paradigm by only coarse trimap labels predicts similar alpha
mattes with the counterpart trained by alpha matte labels.

Comparison among different loss policies. Row 1-4 of
Table 4 provides the quantitative results of each loss pol-
icy corresponds to the visualizations in Fig. 2 (a)-(d). While
all supervised by trimaps, Row 1 uses only the known loss,
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Figure 8: Visualization on the AM-2K (Li et al. 2022) test set and the P3M-NP-500 test set of P3M-10K (Li et al. 2021).

Row 2 adds affinity loss described by Eq. (3), Row 3 instead
adopts known loss and DC loss in Eq. (7), and Row 4 re-
places DC loss with DDC loss based on Row 3. Fig. 2 shows
that known loss can only provide a coarse mask, in accord
with the large SAD error in Table 4. Affinity loss can help
fit a few details and reduce the errors, while DC loss invites
more subtle details and largely reduces the Grad error by
more than 7 points. The visual effect can be verified by the
cat beard in the red box. However, due to the texture noise
introduced (Fig. 2 (c) and Fig. 6), DC loss even increases
the SAD error. The updated version DDC loss fits the de-
tails well and preserves the constant values in known areas,
contributing high-quality alpha matte predictions. Quantita-
tively, DDC loss reduces the Grad error by 8.43 points while
remains other metrics comparable with affinity loss.

Comparison with other methods. We compare our trained
model with several recent automatic matting methods. As
shown in Table 2 and Table 3, our model obtains compara-
ble performance with recent automatic matting approaches.
We provide several examples in Fig. 8. One can see that ours
predicts subtle details for both animals and humans. Further
more, because ours is directly trained under matting priors, it
can sometimes produce results more correct than the human-
labelled ground truth. For example, in the left subfigure of
Row 1, ours produces more detailed alpha values on the con-
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junction of the rabbit and the grass; in the left subfigure of
the last row, ours well delineate the chiffon on the clothes,
while it is considered as opaque in the ground truth.

Conclusion

We present a new training paradigm to rid deep image mat-
ting of fine labels. In the proposed method, coarse trimap
labels indicate the foreground/background, and a novel di-
rectional distance consistency loss (DDC loss) controls the
alpha values at transition areas conditioned on the image.
The design idea of DDC loss is to force the local distance
between similar neighbors on the alpha matte and on the
corresponding image to be equal. Experiments prove that
the proposed paradigm yields high-quality matting predic-
tions comparable to the finely supervised baseline. For fu-
ture work, we will explore transparent objects matting and
other image matting tasks such as interactive matting.
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