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Abstract
The present paper introduces sparsely supervised instance
segmentation, with the datasets being fully annotated bound-
ing boxes and sparsely annotated masks. A direct solution
to this task is self-training, which is not fully explored for
instance segmentation yet. In this paper, we propose Mask-
Booster for sparsely supervised instance segmentation (Sp-
SIS) with comprehensive usage of pseudo masks. Mask-
Booster is featured with (1) dynamic and progressive pseudo
masks from an online updating teacher model, (2) refining bi-
nary pseudo masks with the help of bounding box prior, (3)
learning inter-class prediction distribution via knowledge dis-
tillation for soft pseudo masks. As an end-to-end and univer-
sal self-training framework, MaskBooster can empower fully
supervised algorithms and boost their segmentation perfor-
mance on SpSIS. Abundant experiments are conducted on
COCO and BDD100K datasets and validate the effective-
ness of MaskBooster. Specifically, on different COCO pro-
tocols and BDD100K, we surpass sparsely supervised base-
line by a large margin for both Mask RCNN and Shape-
Prop. MaskBooster on SpSIS also outperforms weakly and
semi-supervised instance segmentation state-of-the-art on the
datasets with similar annotation budgets.

Introduction
The rapid development of instance segmentation is fueled
by large annotated datasets. However, obtaining fine-grained
segmentation masks is time- and labor-consuming, which
limits the practical application of instance segmentation.

To reduce the reliance on fully annotated datasets, differ-
ent kinds of supervision for instance segmentation have been
explored. Weakly supervised instance segmentation (WSIS)
includes image-level label (Huang et al. 2018; Joon Oh et al.
2017), point (Cheng, Parkhi, and Kirillov 2022), scribble
(Lin et al. 2016; Vernaza and Chandraker 2017) and bound-
ing box supervision (Khoreva et al. 2017; Lee et al. 2021;
Hsu et al. 2019; Tian et al. 2021). Note that WSIS in the fol-
lowing paper refers in particular to to bounding box super-
vision, which only uses ground truth bounding boxes (GT
boxes) without any ground truth mask (GT mask). Semi-
supervised instance segmentation (SSIS) includes two splits
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Figure 1: Illustration for instance segmentation datasets in
different types of supervision. The x-axis and y-axis respec-
tively represent images and category indexes. For each small
square, its position indicates its belonging category and im-
age, with its color representing its annotation information.

of images, one split with fully annotated bounding boxes
and masks, while the other with neither of them. In partial
supervision (PSIS), every object has an GT box, but only
objects of specific categories have GT masks. Here we in-
troduce sparsely supervised instance segmentation (SpSIS),
for which all objects have GT boxes, and a few of them have
GT masks. The comparison of different supervision for in-
stance segmentation is shown in Fig. 1. An SpSIS dataset
can be created by annotating some masks on the basis of an
easily-accessible detection dataset and the present study for
SpSIS aims to find out algorithms that can outperform WSIS
and SSIS under similar annotation budgets.

The pseudo-mask-based method can be a solution for
SpSIS. It generates pseudo masks for objects without GT
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masks, and then trains a model in a fully supervised man-
ner. Kulharia et al. (2020), Dai, He, and Sun (2015) and
Song et al. (2019) try to generate pseudo masks by clas-
sic GrabCut (Rother, Kolmogorov, and Blake 2004), MCG
(Pont-Tuset et al. 2016) or CRF (Krähenbühl and Koltun
2011). These complicated methods suffer from the low qual-
ity of pseudo masks, leading to dissatisfying performance.
Recently, self-training is prevalent in semi-supervised image
classification and object detection, yet is not much explored
for instance segmentation.

In this paper, we propose a self-training paradigm for Sp-
SIS, named MaskBooster. First, MaskBooster is an end-to-
end framework with dynamically updating pseudo masks
during training, which avoids the tedious procedure of multi-
stage training. When GT masks are too rare, end-to-end
training probably results in model collapse, so we design
the loss re-weighting for pseudo masks and make Mask-
Booster converge well under this circumstance. Second, we
take advantage of GT boxes to help suppress pixels of binary
pseudo masks out of corresponding bounding boxes. Third,
we introduce soft pseudo masks, so the model can distill
richer information than binary pseudo masks with informa-
tion lost due to slicing and thresholding. We discover that
there is an inherent inter-class relationship between class-
aware mask predictions, and apply knowledge distillation
(Hinton et al. 2015) to learn this relationship implicitly.
Moreover, our method is compatible and can be regarded
as a wrapper for most instance segmentation algorithms to
boost their segmentation performance, hence termed Mask-
Booster.

Attributed to the ideas above, MaskBooster achieves sig-
nificantly better performance than sparsely supervised base-
lines on various datasets, including COCO (Lin et al. 2014)
0.1%/1%/10% protocols and BDD100K (Yu et al. 2020).
Mask RCNN (He et al. 2017), ShapeProp (Zhou et al. 2020)
and CondInst (Tian, Shen, and Chen 2020) are chosen as the
base algorithms to prove our compatibility.

The contributions of this paper are as follows.

• An end-to-end self-training framework known as Mask-
Booster is proposed. It benefits from teacher-student mu-
tual learning and dynamic pseudo masks. With the help
of the loss re-weighting, MaskBooster can tackle with
extremely rare GT masks.

• In MaskBooster, both binary and soft pseudo masks are
introduced to train the student. We use the bounding box
prior to refine the binary pseudo masks, and apply knowl-
edge distillation for soft pseudo masks according to the
finding of the inter-class relationship.

• Effectiveness and compatibility of MaskBooster are ver-
ified by extensive experiments on various protocols of
COCO and BDD100K and on different base models,
such as Mask RCNN, ShapeProp and CondInst. Mask-
Booster also demonstrates superiority over state-of-the-
art WSIS and SSIS algorithms under similar annotation
budgets.

Related Work
Self-Training in Semi-Supervised Learning
Self-training is popular in semi-supervised learning and has
been widely researched in image classification (Xie et al.
2020; Arazo et al. 2020; Sohn et al. 2020a) and object de-
tection (Sohn et al. 2020b; Zhou et al. 2021; Tang et al.
2021). In semi-supervised image classification, FixMatch
(Sohn et al. 2020a) generates pseudo labels on weakly aug-
mented images and matches them to the strongly-augmented
counterparts. CReST (Wei et al. 2021) proposes a class-
rebalancing self-training method, where pseudo labels are
specially selected from an estimated class distribution. SS-
WPL (Taherkhani et al. 2021) provides pseudo labels based
on the minimal Wasserstein distance to a labeled-data clus-
ter. In semi-supervised object detection, STAC (Sohn et al.
2020b) puts forward a neat self-training framework and sur-
passes the consistency-based method (Jeong et al. 2019).
And subsequent works improve the self-training method
from different aspects, e.g., dynamic pseudo-labeling (Zhou
et al. 2021; Liu et al. 2021), soft pseudo labels (Tang et al.
2021), quality estimation for pseudo labels (Li et al. 2022a),
end-to-end training (Xu et al. 2021), class-balanced sam-
pling (Zhang, Pan, and Wang 2022) and dual-head denoise
training (Zheng et al. 2022). However, there are few self-
training methods for instance segmentation, which motivates
us to find out a competitive self-training solution for SpSIS.

Instance Segmentation with Icomplete Supervision
WSIS hereby refers to box-supervised instance segmenta-
tion without any mask annotation. SDI (Khoreva et al. 2017)
generates pseudo masks by MCG (Pont-Tuset et al. 2016)
and refines segmentation results by an iterative training pro-
cedure. BBTP (Hsu et al. 2019) employs multiple instance
learning to utilize the bounding box annotations. DiscoBox
(Singh et al. 2021) incorporates pairwise and cross-image
potential among boxes with a structured energy model. Box-
Inst (Tian et al. 2021) introduces a projection loss for the
full usage of box annotation and a color-space pairwise loss
for finer mask segmentation. Despite good mask perfor-
mance, BoxInst heavily relies on CondInst (Tian, Shen, and
Chen 2020), thus is less compatible with other algorithms.
SSIS pays attention to the training strategy for the union of
fully labeled images and raw images without any annotation.
Wang, Li, and Wang (2022) propose a noise-tolerant mask
head and a boundary-preserving map for learning coarse and
fine information, respectively. In PSIS, MaskX RCNN (Hu
et al. 2018) learns a weight transfer function from boxes to
masks on a small set of fully annotated data. ShapeMask
(Kuo et al. 2019) collects shape prior knowledge from avail-
able mask annotations. In CPMask (Fan et al. 2020), shapes
and appearance commonalities are learned by predicting
the instance boundary. ShapeProp (Zhou et al. 2020) learns
saliency propagation by the message passing module. OP-
Mask (Biertimpel et al. 2021) highlights correct foreground
areas via class activation maps.

SpSIS introduced in this paper is more appropriate for
real-world applications than WSIS, since the cost of annotat-
ing small amount of masks is acceptable. SpSIS also enjoys
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Figure 2: MaskBooster Overview. Weakly augmented data are fed to the EMA teacher for pseudo mask generation and strongly
augmented data are fed to the student for training. T-S matching ensures that pseudo masks match corresponding predicted
masks. Both soft and binary pseudo masks are involved in loss calculation (Ls

ps and Lh
ps, respectively). Lgt is the loss from

ground-truths. Losses from pseudo masks are rescaled by a re-weighting factor. fpost represents the activate-slice-threshold
procedure. Best viewed in color.

higher cost performance than SSIS under similar annotation
budgets. According to Lin et al. (2014) and Papadopoulos
et al. (2017), a polygon-based object mask takes 79.2 sec-
onds on average, whereas a bounding box only takes about
7 seconds. Therefore, we can estimate that the time cost
of COCO 10% of SSIS in Noisy Boundary (Wang, Li, and
Wang 2022) is about 85 days per annotator, which is com-
parable with COCO 1% of SpSIS in this paper (about 78
days). The experimental section will validate the effective-
ness of SpSIS quantitatively and expand more details.

Method
Preliminary
We denote the SpSIS dataset as {Xi,Ci,Bi,Qi, Ii}i, where
Xi ∈ RHi×Wi×3, Ci ∈ {1, ..., C}Ni , Bi ∈ RNi×4 and
Qi ∈ {0, 1}Ni×Hi×Wi are the input image, category labels,
GT boxes and GT masks. Ii ∈ {0, 1}Ni represents the mask
annotation indicator, where I

(j)
i = 1 means that the j-th

instance has a GT mask. Qj
i is regarded as pseudo mask

tensor if I(j)i = 0. C is the number of categories. Hi, Wi

and Ni are the height, width and number of instances of the
i-th image. Naturally, N = ΣiNi is the total number of in-
stances and N ′ = ΣiΣjI

j
i is the number of instances with

GT masks. We define ρ = N ′/N as the ratio of GT masks
in a dataset. Both one-stage and two-stage algorithms can be
equipped with our method, and analysis below will base on
Mask RCNN unless otherwise specified. The subtitle i will
be ignored in following notations for the sake of simplicity.

Self-Training: From Static to Dynamic
The pseudo mask is the core of self-training. Off-the-shelf
GrabCut (Rother, Kolmogorov, and Blake 2004) and MCG
(Pont-Tuset et al. 2016) are alternatives to generate pseudo
masks from box annotations. However, these pseudo masks
suffer from poor pixel-level precision, and no longer update

during self-training (i.e., are static), thus the final perfor-
mance is unsatisfactory. Though SDI (Khoreva et al. 2017)
refines the pseudo masks by an iterative training procedure,
the multi-stage algorithm is complicated and pseudo masks
are still static during a training period.

In this paper, we change the static pseudo masks into
dynamic ones to overcome the above-mentioned problems
and propose an end-to-end self-training framework, Mask-
Booster. The overview is shown in Fig. 2. Specifically,
MaskBooster consists of a teacher model θt and a student
model θs. In each iteration, the teacher generates pseudo
masks to train the student and the teacher updates its pa-
rameters via exponential moving average (EMA). As the
student converges during training, the teacher also con-
verges (Ke et al. 2019). The better teacher produces better
pseudo masks, which further improves the student. The mu-
tual learning procedure can be formulated as follows:

θs ← θs + γ
∂L
∂θs

(1)

θt ← (1− α)θt + αθs, α ∈ (0, 1) (2)
where γ is the learning rate and α is the EMA ratio, respec-
tively. L is the total loss for optimization. It contains super-
vised losses for classification, localization and segmentation
(denoted as Lcls

gt , Lloc
gt and Lseg

gt , respectively), as well as
pseudo-mask losses for those instances without mask anno-
tations (denoted as Lseg

ps ):

L = Lcls
gt + Lloc

gt + Lseg
gt + Lseg

ps (3)

where Lseg
ps includes the binary pseudo mask loss Lh

ps and
the soft pseudo mask loss Ls

ps, which will be elaborated on
in the following sections.

It is worth explaining that the proposed mutual learning
scheme is non-trivial. Firstly, we design the pseudo mask
loss re-weighting strategy in order to avoid the model col-
lapse when GT masks are very limited. It rescales the pseudo
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Figure 3: Illustration for refining binary pseudo masks by
GT box prior. The foreground pixels outside the GT box are
set as background.

mask losses and increases as follows,

r(t) = −0.5 cos t

te
π + 0.5 (4)

where t is the training iteration, te is the max iteration for
loss re-weighting to take effect, and r represents the pseudo
mask loss re-weighting factor.

Secondly, we design a T-S Matching strategy that the
teacher uses proposals from the student, hence every pseudo
mask matches its corresponding student’s prediction di-
rectly.

Ps = f(x; θs);Q = f(x;Ps, θt) (5)
x is the input image and Q is the pseudo mask. Ps represents
the proposals from the student. The proposal is box-like in
two-stage algorithms (e.g., Mask RCNN), and point-like in
one-stage algorithms (e.g., CondInst). T-S Matching speeds
up training period significantly, because the student can di-
rectly calulate losses between predictions and the matched
targets without GT assignment. Thirdly, we apply asymmet-
ric augmentations to input data. Strongly augmented im-
ages are the input of the student, improving the teacher with
the diversity of students (Tarvainen and Valpola 2017; Xie
et al. 2020). Weakly augmented images are the input of the
teacher for reliable and stable pseudo masks.

Box Prior: Binary Mask Refining
Dynamic pseudo labeling improves self-training method in
the temporal dimension, and there is still room for the im-
provement in the space dimension. In MaskBooster, the
teacher generates pseudo masks based on the student’s pro-
posals due to our T-S Matching mechanism, but the GT
boxes are absent. Therefore, we propose a simple yet effec-
tive method to well use the GT box prior, so as to refine
binary pseudo mask.

In Mask RCNN, there are non-overlapping areas between
a proposal and its matched GT box. As the mask predic-
tion comes from the RoI feature extracted by the proposal,
the predicted foreground in the non-overlapping area is def-
initely wrong. Consequently, we force the foreground pre-
dicted pixels to be background if they are out of the GT

Figure 4: Heatmap of inter-class prediction similarity on
COCO train2017 and its examples. Similarity value in
the figure is log-scaled for better visualization. Different
line colors indicate different relationships, like appearance,
shape and context. A thicker line indicates a stronger rela-
tionship between two categories.

box. Fig. 3 illustrates the refining procedure. For one-stage
instance segmentation frameworks, points play the role of
proposals, and the proposed box prior still works.

For implementation, we construct a masking tensor as fol-
lows:

M = (mnhw)NHW , mnhw =

{
1, if (h,w) inside B(n)

0, otherwise

(6)
By calculating Hadamard product between the pseudo mask
tensor and the masking tensor, we obtain the refined pseudo
masks:

Q← Q ◦M (7)

Inter-Class Relationship: From Binary to Soft
For a class-aware mask predictor, there are C neurons re-
sponsible for predicting foreground masks for C categories
each, but only one mask result is extracted according to the
predicted category index. We find that different channels of
mask logits from similar categories are likely to activate sim-
ilar regions. We formulate the mean discrepancy between all
pairs of categories in a mask logit tensor P as follows:

D = (dij) ∈ RC×C , dij =
1

K

K∑
k

∑
h,w

(Pkihw −Pkjhw)
2

(8)
And the similarity is

S = 1−Norm(D) (9)

where Norm(·) is the min-max normalization. To make
our similarity more statistically significant, we calculate the
mean similarity for all instances in all images in COCO
train2017 and finally draw the relationship, as shown in Fig.
4. Both the x-axis and the y-axis represent the category index
from 1 to C(= 80). The value on the position (x, y) is the
mask prediction similarity between category x and category
y. The brighter the region, the more similar the mask predic-
tions for the two categories. Obviously, similarity values on
the principal diagonal are all 1. Fig. 4 also gives some exam-
ples for better illustration. As a thicker line represents higher
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similarity, we can see that there are various characteristics of
similarity, such as the slim shape (”ski”, ”tie”, ”knife”, ...),
the furry appearance (”dog”, ”cat”) and the context (”bot-
tle”, ”cup”, ”wineglass”).

This finding reveals that some useful knowledge, e.g.,
the inter-class relationship, is missing in the binary pseudo
mask. And binary mask comes from mask logits:

Q = Binarize(Slice(Sigmoid(P))) ≜ fpost(P) (10)

where P ∈ RK×C×28×28 and Q ∈ {0, 1}K×28×28 are re-
spectively mask logits and binary pseudo masks from the
teacher. K is the number of positive proposals. Clearly,
fpost(·) drops out some information. In order to utilize the
missing information, we regard mask logits as soft pseudo
masks. Conventionally, soft pseudo masks need saving of-
fline and require considerable storage space, which is unac-
ceptable for a large-scale dataset. Thanks to our framework,
mask logits can be produced and calculated losses online
without redundant read-write operations.

In order to take advantage of the inter-class relationship,
grouping similar categories during training may serve as a
feasible approach. For example, mask prediction neurons for
”dog”, ”horse” and ”cat” will all be trained if the predicted
category is ”dog”. In fact, this characteristic of mask logits
reflects the distribution of foreground confidence for all cat-
egories, so we refer to knowledge distillation for optimiza-
tion. Specifically, we convert logits from both the teacher
and the student into probabilities via softmax function with
a temperature, which is denoted as p(·; T ). A higher value
for T leads to a softer probability distribution. Then, we cal-
culate Kullback-Leibler divergence between the two proba-
bilities as the soft-label loss.

Ls
ps = DK||L( p(P; T ) || p(P̃; T ) ) (11)

where P̃ is the mask logits predicted from the student. By
combining the soft mask loss with the binary mask loss, the
total loss for pseudo masks is:

Lseg
ps = r ∗ (λhLh

ps + λsLs
ps) (12)

where λh and λs are respectively the loss weights for bal-
ancing the effect of binary and soft pseudo masks.

Wrapper: From Full to Incomplete Supervision
Unlike ShapeProp and Noisy Boundary, MaskBooster does
not change the model structure, and is compatible for vari-
ous instance segmentation algorithms. It can be regarded as
a wrapper for most instance segmentation models and can
convert a fully supervised algorithm Fsup into a sparsely
supervised one Fsparse:

Fsparse = MaskBooster(Fsup) (13)

In the following experiments, we reform the Mask RCNN
(He et al. 2017), ShapeProp (Zhou et al. 2020) and CondInst
(Tian, Shen, and Chen 2020) to verify our compatibility.
Also, MaskBooster can empower PSIS algorithms like OP-
Mask, leading to better novel-class performance.

ratio Method AP AP50 AP75 APS APL

Fully Supervised

100%
Mask RCNN 37.1 58.7 39.8 18.0 53.8
Shapeprop 38.4 59.6 41.3 19.1 55.1

Sparsely Supervised

0.1%

Mask RCNN 25.4 49.5 23.6 13.6 36.2
+MaskBooster 31.1 54.7 31.4 16.2 43.6

Shapeprop 28.4 52.7 27.7 14.8 39.9
+MaskBooster 33.3 56.4 34.6 16.8 48.0

1%

Mask RCNN 31.2 53.7 32.3 15.5 44.9
+MaskBooster 34.1 56.9 35.6 17.4 48.6

Shapeprop 31.7 53.7 32.8 14.3 46.5
+MaskBooster 34.7 56.4 36.8 17.5 49.9

10%

Mask RCNN 34.6 56.1 36.7 16.8 49.8
+MaskBooster 36.2 58.6 38.5 18.9 52.1

Shapeprop 34.2 55.0 36.3 15.4 50.8
+MaskBooster 36.7 57.9 39.6 18.6 52.5

Table 1: Results on different SpSIS protocols of COCO.

Method AP AP50 AP75 APS APL

Mask RCNN 27.2 47.0 26.3 14.8 48.0
+MaskBooster 27.9 48.4 26.9 15.1 55.4

Shapeprop 27.9 47.7 28.5 15.6 55.9
+MaskBooster 29.1 48.4 30.2 16.3 57.5

Table 2: Results on BDD100K (ρ ≈ 11%)

Experiments
Implementation Details
We implement MaskBooster on three instance segmentation
algorithms: Mask RCNN, ShapeProp and CondInst. The
backbone network is ResNet-50 (He et al. 2016). The op-
timizer we use is SGD with a momentum of 0.9. EMA ratio
is set as α = 1e− 3. The loss weights for pseudo masks are
λh = 1 and λs = 10. For COCO 0.1%, due to the extremely
limited GT masks, we set λh = 0.2 and apply CopyPaste
(Ghiasi et al. 2021). All experiments are under multi-scale
and 3× training schedule. Other settings follow the MMDe-
tection toolbox (Chen et al. 2019).

Note that instance segmentation models are able to train
on SpSIS datasets as long as they ignore the pseudo mask
loss. We call it sparsely supervised baseline in the experi-
ments below for comparison.

Benchmark Datasets
COCO To fully assess an approach of SpSIS, we ran-
domly sample a ratio of ρ instances in COCO train2017
keeping GT masks while removing GT masks for the rest of
the instances. Three datasets are constructed: COCO 0.1%,
COCO 1% and COCO 10% with ρ = 0.1%/1%/10%,
which have 880, 8656 and ∼ 86k GT masks, respectively.
These datasets can reflect the performance of algorithms
given different ratios of mask annotations.
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Method
voc→ non-voc non-voc→ voc

AP AP50 AP75 APS APM APL AP AP50 AP75 APS APM APL

OPMask† 28.5 48.0 29.6 14.5 31.4 41.5 36.2 60.8 37.4 17.2 35.4 49.3
+MaskBooster† 30.2 50.1 30.7 16.4 32.2 43.2 37.6 61.6 39.0 18.2 37.1 51.3

Shapeprop 33.0 53.2 34.9 16.4 37.1 47.6 37.7 62.8 39.2 17.7 36.7 51.9
+MaskBooster 34.4 54.7 36.7 18.3 38.6 49.6 38.2 63.9 39.6 19.1 37.5 52.2

Table 3: Results on partial-COCO. †: The training schedule follows OPMask (Biertimpel et al. 2021).

Method Budget AP AP50

Weakly Supervised

CondInst+BoxInst 7.8 31.3 54.1
SoloV2+DiscoBox 7.8 31.4 52.6
Li et al. (2022b) 7.8 31.4 -

Semi-Supervised

Noisy Boundary (5%) 4.7 24.9 46.1
Noisy Boundary (10%) 9.4 29.2 51.7

Sparsely Supervised

CondInst (0.1%) 7.9 28.7 52.7
+MaskBooster (0.1%) 7.9 33.1 55.4

Mask RCNN (0.1%) 7.9 25.4 49.5
+MaskBooster (0.1%) 7.9 31.1 54.7

Mask RCNN (1%) 8.7 31.2 53.7
+MaskBooster (1%) 8.7 34.1 56.9

Table 4: Comparison with WSIS and SSIS algorithms. Note
that Noisy Boundary is based on Mask RCNN.

In COCO 0.1%, the only difference from box-supervised
WSIS and SpSIS is the 880 GT masks, which enables the
comparison between WSIS and limited-budget SpSIS. And
in our COCO 1%, the annotation budgets is similar with
those of COCO 10% in SSIS (Wang, Li, and Wang 2022),
which is also a fair comparison.

BDD100K BDD100K has about 6,887 images with about
89,098 GT masks, and 66,445 images with 821,020 GT
boxes, which is a SpSIS dataset defined in aforementioned
sections. We benchmark our MaskBooster upon BDD100K
and compare the mask performance with sparsely supervised
baseline of Mask RCNN and ShapeProp (Zhou et al. 2020).

Partial-COCO We also evaluate MaskBooster on PSIS
datasets, which is called partial-COCO for convenience. We
follow the setup in the existing PSIS works (Hu et al. 2018;
Zhou et al. 2020; Biertimpel et al. 2021) and split the mask
annotations of the 80 classes into a 20-class subset (”voc”)
of the Pascal VOC and a remaining 60-class subset (”non-
voc”) for training, and COCO val2017 for evaluation.

Main Results
Comparison with sparsely supervised baseline In Tab.
1, we compare three different GT mask ratios and two differ-

ent models on COCO SpSIS datasets. MaskBooster achieves
significantly higher performance than sparsely supervised
baseline with all three GT mask ratios. Especially for COCO
0.1%, MaskBooster gets +5.7 and +4.9 mask AP higher
than the baseline Mask RCNN and ShapeProp, respectively.
Given the SpSIS dataset with the 10% GT mask ratio, Mask-
Booster narrows the performance gap of Mask RCNN and
ShapeProp to 0.9 and 1.7 AP compared with the fully su-
pervised upper bound. In Tab. 2, we evaluate MaskBooster
on another dataset, BDD100K. MaskBooster still gains ex-
tra performance with different baseline models. It shows that
MaskBooster works well on datasets with different domains
and scenes, such as the autonomous driving dataset.

Experiments on PSIS datasets In Tab. 3, two state-of-
the-art PSIS algorithms are chosen and wrapped with Mask-
Booster, the results show that MaskBooster can also gain
extra performance for the PSIS task.

Comparison with WSIS and SSIS Tab. 4 compares the
SpSIS algorithm, MaskBooster, with other WSIS and SSIS
algorithms. We choose the recent BoxInst as a WSIS base-
line and Noisy Boundary as a SSIS baseline. Before ana-
lyzing the results, we first clarify what the ”budget” means.
According to former studies (Lin et al. 2014; Papadopoulos
et al. 2017; Cheng, Parkhi, and Kirillov 2022), a mask is an-
notated about 11 times slower than a bounding box, so we
define the time cost for annotating 10k masks as 1 unit time
(i.e., 1 budget), and the time cost for annotating 10k bound-
ing boxes is 1/11 unit time. For COCO train2017 with 860k
objects, the total budgets are 86+86/11 = 93.8, which is re-
duced to 86∗0.001+86/11 = 7.9 for COCO 0.1% of SpSIS,
as listed in Tab. 4. Compared with WSIS algorithm Box-
Inst, CondInst+MaskBooster achieves +1.8 AP higher with
only 0.1 extra annotation budgets. The improvement mostly
comes from MaskBooster, because the mask AP drops from
33.1 to 28.7 without MaskBooster. As for SSIS, the anno-
tation budget of COCO 10% of SSIS is similar to COCO
1% of SpSIS. MaskBooster trained on COCO 1% of SpSIS
(with budget=8.7) outperforms Noisy Boundary trained on
COCO 10% of SSIS (with budget=9.4) by +4.2 mask AP.
Even when the GT mask ratio is only 0.1% (880 GT masks),
MaskBooster is still better than Noisy Boundary.

Ablation Study
Pseudo mask loss re-weighting Tab. 5 shows the experi-
mental results with the re-weighting length te varying from
1k to 40k and the GT mask ratio varying from 0.1% to 10%.
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Dataset 1k 10k 20k 40k

COCO 0.1% 18.1 28.8 31.1 31.2
COCO 1% 33.6 34.1 34.0 34.0
COCO 10% 36.3 36.2 36.2 36.2

Table 5: Results on different re-weighting lengths te and
datasets with different ratios of GT masks.
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Figure 5: The mask AP curve during training. BP: with
box prior. R: with pseudo mask loss re-weighting. All three
curves are from the training logs on COCO 0.1%.

For COCO 0.1%, the performance drops a lot when the re-
weighting length is not long enough (i.e. 1k and 10k). For
COCO 1%, te = 10k is a proper setting yet 1k leads to -0.5
mAP. We can conclude that an appropriate re-weight length
is related to the ratio of GT masks. The fewer the GT masks,
the more important the re-weighting. Besides, te = 40k is
suitable for all of the three datasets, so it is reasonable that te
can be set long enough by default for training a new dataset.

Fig. 5 shows the performance trend during training on
COCO 0.1% of SpSIS. Without loss re-weighting (the green
curve), the poor quality of pseudo mask interferes the con-
vergence, thus the mask AP increases slowly and ends with a
bad result. With the proposed pseudo mask loss re-weighting
(the orange curve shows), the model converges faster and
gets better final performance.

GT box prior The effectiveness of the proposed GT box
prior is showed In Fig. 5, whose AP curve is in blue. When
using box prior, the training becomes more steady and the
final result reaches higher performance.

Decompose MaskBooster We decompose MaskBooster
into three components: EMA+Aug strategy, binary pseudo
masks with box prior and soft pseudo masks. Tab. 6 gives
the results for the ablation study. The first row is the result
of sparsely supervised baseline. The experiment of the sec-
ond row adds EMA and strong augmentation (EMA+Aug)
to the baseline. The last three rows are of different combina-
tions of pseudo masks based on our framework. We can find
that the EMA+Aug achieves some improvement, but the op-
timized binary pseudo mask and the optimized soft pseudo
mask boost the performance considerably. With the union of
all the three components in MaskBooster, the performance
respectively increases +5.7, +2.9 and +1.6 mask AP for the
0.1%, 1% and 10% GT mask ratios, and validates the ef-

EMA+Aug Binary Soft 0.1% 1% 10%

25.4 31.2 34.6
✓ 26.4 31.8 34.9
✓ ✓ 28.0 33.9 36.0
✓ ✓ 28.8 32.3 35.1
✓ ✓ ✓ 31.1 34.1 36.2

Table 6: Ablate three components in MaskBooster. Each ab-
lation is on 0.1%, 1% and 10% protocols of SpSIS.
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Figure 6: Visualization results on COCO val2017. The top
row is from baseline model and the bottom row is from
MaskBooster. The training dataset is COCO 0.1%.

fectiveness of our method. Moreover, MaskBooster can sig-
nificantly improve the performance from 25.4 to 31.1 mask
AP, when the annotated masks are extremely rare, which is
a challenge to the SpSIS task.

Visualization
We visualize the predictive bounding boxes and masks
for both the baseline Mask RCNN and its MaskBooster-
wrapped version, as shown in Fig. 6. The baseline Mask
RCNN only uses 880 GT masks (COCO 0.1%) to train
its mask head. In contrast, MaskBooster uses progressive
pseudo masks, thus obtaining finer segmentation results and
recalling more objects than the baseline Mask RCNN.

Conclusion
In this paper, we introduce SpSIS, a new type of supervi-
sion for instance segmentation. To enhance pseudo-mask-
based self-training method on SpSIS datasets, we propose
a strong and universal end-to-end framework, MaskBooster.
In MaskBooster, we consider three aspects of pseudo masks:
progressive, binary and soft. Each aspect corresponds with
a carefully designed approach pushing MaskBooster a step
further, including dynamically pseudo labeling with the in-
dispensable pseudo mask loss reweighting, binary pseudo
mask refining via the box prior, and soft pseudo masks via
knowledge distillation. Extensive experiments with different
base segmentation models validate our strong performance
and compatible framework. Compared with WSIS and SSIS,
MaskBooster trained on SpSIS demonstrates superiority
given similar annotation budgets. In the future work, a more
universal supervision can be investigated, which has incom-
plete annotations for both bounding boxes and masks. And
we believe our method has the potential to address it.
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