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Abstract
Weakly-supervised instance segmentation (WSIS) based on either box-, point-, or

image-level annotations has been proposed to overcome the labor-intensive annotation
process in fully-supervised instance segmentation. Despite decent results, most WSIS
methods only focus on a single annotation level, ignoring that some objects are easy
to spot from point annotations, while others require box or even mask annotations.
Therefore, we propose the Mixed-Supervised Instance Segmentation (MixSIS) task,
which allows a flexible mix of annotation levels (image, point, box, and mask) within
a dataset. MixSIS has a high practical relevance, as it allows optimizing the annotation
process by annotating challenging objects in more detail, while saving time on simpler
instances with less detailed annotations. To address MixSIS, we propose Annotations-
Mixer (AnnsMixer) as a baseline. AnnsMixer is a truly mixed-supervised instance seg-
mentation system, which generates pseudo mask annotations from all annotation levels,
even mixed within a single image. We evaluate AnnsMixer on both WSIS and Mix-
SIS tasks, largely outperforming state-of-the-art methods. In three case studies, we also
demonstrate how the unique features of MixSIS and AnnsMixer can substantially re-
duce the annotation time (-90%) or improve the results (+34%) in instance segmentation
with a simple annotation rule or leveraging heterogeneous data. Our code is available at
https://github.com/chwilms/MixSIS.

1 Introduction
Fully-supervised instance segmentation (FSIS) based on manually annotated segmentation
masks is costly, due to the labor-intensive annotation process [13]. To mitigate this prac-
tically important issue, weakly-supervised instance segmentation (WSIS) was proposed [5,
12, 17, 26]. In WSIS, depending on the subtask, all instances are labeled on the same anno-
tation level using either box, point, or image-level annotations as depicted in Fig. 1.

As objects are diverse within a dataset and even an image, some objects are easily cap-
tured with less supervision, like a point annotation, while others significantly profit from
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Figure 1: Comparison of the FSIS and WSIS tasks (left), where all instances are labeled
on the same annotation level, and the MixSIS task (right), where all annotation levels are
combined even within the same image.

Figure 2: Pseudo mask annotations from box (left) or point (right) annotations generated
with our AnnsMixer. While the mask for the person is accurate from a box or a point, the
bench needs a box, as the point annotation falls within the person, making it ambiguous.

stronger supervision, like a box or mask. For instance, annotating the bench in Fig. 2 with
its centroids fails as the person’s centroid is very similar. Using a box in this case solves the
issue. Note that the person here is properly captured from its centroid only. Hence, investing
additional annotation time for the bench is beneficial, while the person only needs a point
annotation. Using a point instead of a box reduces the annotation time by 65% [13]. Overall,
selecting a single proper supervision level for a dataset at hand is challenging due to the di-
verse object or scene properties. This leads to suboptimal segmentation results or excessive
annotation efforts.

To circumvent this problem, only a few studies have combined FSIS and WSIS [3, 13,
15]. These studies either fuse full supervision with a single level of weak supervision, e.g.,
masks and points [13], or restrict to a single level of weak supervision for all instances of an
image. However, this does not allow tailoring the annotation level to each object according
to its specific properties. Hence, a flexible alternative is needed, which allows combining
all common annotation-levels even within a single image. This offers the advantage of an-
notating objects based on their individual properties and not limiting the annotation process
to one or two annotation levels per dataset or a single annotation level per image. Hence,
segmentation results and the annotation process are both optimized.

In this paper, we fill this void by first defining the new Mixed-Supervised Instance
Segmentation (MixSIS) task, which is a flexible mixture of fully-supervised and all levels
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of weakly-supervised instance segmentation (see Fig. 1). Thus, MixSIS allows combining
all supervision-levels within a single image. To address MixSIS, we propose the pioneering
system AnnotationsMixer (AnnsMixer) as a baseline. AnnsMixer produces pseudo mask an-
notations given box-, point-, or image-level annotations to train a fully-supervised instance
segmentation system. We compare AnnsMixer with state-of-the-art WSIS systems on both
the WSIS and the MixSIS task, showcasing its strong performance, largely outperforming
state-of-the-art. To demonstrate the practical relevance of MixSIS's and AnnsMixer's unique
features, we present multiple case studies. First, we design an ef�cient annotation scheme for
instance segmentation, reducing the annotation time by up to 90% with a simple annotation
rule, while only suffering a minor degradation in performance. Moreover, we exploit addi-
tional data sources for instance segmentation in multiple ways using MixSIS and AnnsMixer
to improve the results by up to 34%.

In summary, our contributions are threefold:

1. Introducing MixSIS task with pioneering baseline system AnnsMixer to produce state-
of-the-art results on WSIS and MixSIS.

2. Leveraging the MixSIS framework and AnnsMixer to propose an enhanced annotation
scheme, reducing the annotation time by up to 90%.

3. Applying AnnsMixer in a MixSIS framework to improve instance segmentation results
by up to 34%, highlighting its practical relevance.

2 Related Work

2.1 Weakly-supervised Instance Segmentation

Weakly-supervised instance segmentation (WSIS) with box- [5, 17, 20, 21, 24], point-
[19, 22], or image-level [1, 2, 12] supervision has been extensively studied. For box-level
supervision, several approaches use multiple instance learning and specialized loss functions
in fully-supervised instance segmentation systems [17, 24]. Other approaches include level-
sets [21] or prototype features [20]. Employing image-level supervision, most systems rely
on activation maps of image classi�ers to locate objects. In [1], peaks of class activation
maps (CAMs) [29] are used to locate objects and infer the segmentation from pixel af�nity.
Recently, [30] applied SAM to generate pseudo annotations in a multi-stage pipeline utilizing
an additional object detector. Besides systems based on box- and image-level supervision,
few systems address single-point supervision. [19] learn to locate a single object point and
combine object embeddings with traditional object proposals, while [22] use self-attention
maps in vision transformers to iteratively capture object parts.

Overall, WSIS approaches typically use a single level of weak annotations and employ
complex training schemes. In contrast, our AnnsMixer uses a simple and uni�ed approach
and works with arbitrary instance segmentation systems to handle all levels of weak and
strong annotations jointly.

2.2 Mixed-supervised Instance Segmentation

Few WSIS approaches allow multiple annotation levels [3, 13, 15]. [3] combine mask- and
image-level annotations by training an LSTM-based pseudo annotation generator, condi-
tioned on the image-level annotations. Combining point and mask annotations, [13] propose

Citation
Citation
{Cheng, Wang, Chen, Zhang, and Liu} 2023

Citation
Citation
{Lan, Yu, Choy, Radhakrishnan, Liu, Zhu, Davis, and Anandkumar} 2021

Citation
Citation
{Li, He, Zhang, Li, Chen, and Zhang} 2023

Citation
Citation
{Li, Liu, Zhu, Cui, Hua, and Zhang} 2022

Citation
Citation
{Tian, Shen, Wang, and Chen} 2021

Citation
Citation
{Laradji, Rostamzadeh, Pinheiro, Vazquez, and Schmidt} 2020

Citation
Citation
{Liao, Guo, Wang, Yuan, Feng, and Wan} 2023

Citation
Citation
{Ahn, Cho, and Kwak} 2019

Citation
Citation
{Arun, Jawahar, and Kumar} 2020

Citation
Citation
{Kim, Yoo, Rhee, and Kim} 2022

Citation
Citation
{Lan, Yu, Choy, Radhakrishnan, Liu, Zhu, Davis, and Anandkumar} 2021

Citation
Citation
{Tian, Shen, Wang, and Chen} 2021

Citation
Citation
{Li, Liu, Zhu, Cui, Hua, and Zhang} 2022

Citation
Citation
{Li, He, Zhang, Li, Chen, and Zhang} 2023

Citation
Citation
{Ahn, Cho, and Kwak} 2019

Citation
Citation
{Zhou, Khosla, Lapedriza, Oliva, and Torralba} 2016

Citation
Citation
{Zhu, Zhou, Liu, Hao, Liu, and Wang} 2024

Citation
Citation
{Laradji, Rostamzadeh, Pinheiro, Vazquez, and Schmidt} 2020



4 WILMS ET AL.: MIXED-SUPERVISED INSTANCE SEGMENTATION

a teacher-student training scheme, where the teacher learns to generate segmentation masks
given both annotations as ground truth. The teacher then creates pseudo annotations for the
student network. Recently, [15] leverage all levels of weak supervision based on a hard-
coded combination of Mask2Former and SAM. While allowing all annotation levels, they
are not mixed within an image, which does not allow choosing the most ef�cient annotation
type per instance, but only per image. Moreover, [15] does not support mask annotations
and is bound to Mask2Former through a complex multi-stage matching. Overall, little work
has been conducted to address WSIS in a fully �exible manner, mixing all annotation levels
freely within an image.

3 Mixed-supervised Instance Segmentation

To overcome the reliance on a single annotation level, we propose the newMix ed-Supervised
InstanceSegmentation (MixSIS) task. MixSIS is an instance segmentation task, where each
instance is either annotated with a mask, a box, a point, or on image-level. Further, the anno-
tation levels can be freely mixed within each image and across categories of a dataset. This
�exible mix of annotation levels is the key difference between MixSIS and WSIS and allows
various applications like ef�cient annotation time management or mixing heterogeneous an-
notations (see Sec. 6). However, it demands systems to handle all annotation levels to fully
leverage the annotations.

To evaluate MixSIS, we use datasets for fully-supervised instance segmentation like
COCO [23]. Hence, the amount of annotations per level is fully �exible, since we can
derive each annotation level from a mask (e.g., we use the centroid of the mask for point
supervision). To assign each annotated instance to an annotation level, i.e., mask, box, point,
or image, we propose random mixes of different complexities. In particular, we de�ne an
even mix, where 25% of the annotations are assigned to each level. We coin this Mix 1
(25/25/25/25), where each number denotes the percentage of mask-, box-, point-, and image-
level annotations. Mix 2 (10/20/30/40) and Mix 3 (5/10/25/60) are more challenging with
a stronger focus on weak supervision and reduced annotation effort. For testing, we utilize
mask annotations as in WSIS.

Besides these random mixes, designed mixes that reduce the annotation time while main-
taining strong detection results are possible based on the different characteristics of the an-
notated objects. For instance, compact objects may only need point annotations, while less
compact objects require more supervision. This is one of the major advantages of MixSIS
over WSIS. We will discuss this in Sec. 6.1 and propose an ef�cient annotation mix.

4 AnnsMixer for MixSIS

We propose the pioneering system AnnsMixer (see Fig. 3) as a baseline to address MixSIS.
The core idea of AnnsMixer is to generate pseudo mask annotations from any annotation
level. To generate pseudo mask annotations, AnnsMixer applies SAM [14] with geometric
prompts derived from weak annotations. Subsequently, these pseudo mask annotations are
combined with original mask annotations, if available, and used to supervise a vanilla fully-
supervised instance segmentation system like Mask R-CNN [9]. During inference (yellow
box in Fig. 3), this instance segmentation system is applied.
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Figure 3: Overview of our pioneering baseline system AnnsMixer for MixSIS and WSIS.
Prompts are derived from box-, point-, and image-level annotations to generate pseudo mask
annotations using SAM. After combining them with original mask annotations, a vanilla
Mask R-CNN is trained and, subsequently, applied during inference.

4.1 Generating Pseudo Mask Annotations

AnnsMixer starts by discerning the annotations by their level (see horizontal streams in
Fig. 3). Mask annotations are directly added to the �nal set of annotations. For weak an-
notations, geometric prompts, i.e., boxes or points, are necessary to prompt SAM. For box
and point annotations (second and third streams in Fig. 3), the annotations themselves are
the prompts. Image-level annotations (fourth stream in Fig. 3) have to be transformed into
geometric prompts. We follow [1] and ground the annotated object classes by analyzing
CAMs [29] of an image classi�er trained on the respective dataset. Hence, the classi�er has
been trained in a multi-class fashion, only detecting the existence of an object class in an
image without any explicit localization. From the CAM of an annotated class, we extract
the coordinates ofn local maxima as object locations and point prompts. Note that we set
n = 2 in our experiments. This process is visualized in the bottom left box in the green part
of Fig. 3. Overall, each weak annotation is now represented by one or multiple geometric
prompts.

Subsequently, we prompt a pre-trained SAM with these geometric prompts to produce
segments. Using SAM here exploits the rich knowledge encoded in the foundation model.
We allow SAM to generate three segments per prompt to account for ambiguous prompts [14].
This yields a set of class-agnostic SAM segments, as visualized in the center of Fig. 3. Class-
agnostic refers to the fact that SAM does not classify the segments; however, the segments
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still carry their originally annotated object class label. Since the segments may be incom-
plete or noisy, we remove low-con�dence segments in a �ltering step through thresholding
based on the segments' stability score and estimated Intersection over Union (IoU) values.
Both values are outputs from SAM. The remaining segments are the pseudo mask annota-
tions, which are added to the original mask annotations, before non-maximum suppression
removes near duplicates. The result is a set of combined mask annotations.

4.2 Instance Segmentation Process

Given these annotations, we train Mask R-CNN [9] in a 'fully'-supervised manner, which
means that all annotations are now represented by masks, while originally some of them were
weak annotations. Note that any fully-supervised instance segmentation system is possible
here, and we leave it as future work to integrate more recent models as our system acts
as a proof of concept. Generally, this modularity offers great �exibility and enables us to
integrate future instance segmentation models into our baseline system, AnnsMixer. For
training Mask R-CNN, we follow the default settings [9]. Note that during inference, only
the trained Mask R-CNN is applied (see the yellow part in Fig. 3).

5 Evaluation

To assess the quality of our baseline system AnnsMixer and understand the performance of
WSIS systems on our novel MixSIS task, we evaluate on the COCO dataset [23]. We follow
our MixSIS evaluation protocol (see Sec. 3). Thus, we train on a variety of annotation
levels within one experiment, given by the random mixes. We compare AnnsMixer with
WSIS systems, which only utilize a part of the annotations, as they are restricted to one type
of annotations. For improved comparability, we transform more detailed annotations (e.g.,
boxes) into less detailed ones (e.g., points). To overcome this structural disadvantage for
WSIS systems, we also present the results of AnnsMixer in the traditional WSIS setting
using either box-, point-, or image-level annotations. Here, all annotations are given on the
same annotation level. For both tasks, we train on the COCOtrain split and evaluate on the
COCOval (MixSIS) or test-dev(WSIS) splits. The results are reported in terms of mean
Average Precision (mAP).

5.1 Mixed-supervised Instance Segmentation

For the new MixSIS task, we compare AnnsMixer to Mask R-CNN [9], utilizing only mask
annotations, BoxLevelSet [21] and MAL [18], which utilize mask and box annotations as
boxes, and SAPNet [26] leveraging mask, box, and point annotations as points We selected
these methods as they provide top results in the WSIS setup (see Tab. 3). Note that all results
of image-level WSIS systems (see Tab. 3) are directly comparable with MixSIS results as all
annotations will fall back to the image-level for these systems. Comparing against [15], who
handle multiple annotation levels, is impossible as no code is available. Table 1 presents
the MixSIS results of all systems on the COCOval split. AnnsMixer shows strong Mix-
SIS performance and outperforms all other methods in mAP. We attribute this to the larger
amount of usable annotations compared to all other models, which only focus on one anno-
tation level. For instance, fully-supervised Mask R-CNN can only leverage 25% (Mix 1) to
5% (Mix 3) of the annotations, which degrades the performance by up to 0.098 in mAP. The
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box-based systems MAL and BoxTeacher can utilize up to 50% of the annotations, leading
to substantially improved results over fully-supervised Mask R-CNN. Yet, our baseline sys-
tem AnnsMixer still outperforms. Finally, SAPNet utilizes all annotations as points except
image-level annotations. With its specialized architecture tailored to point annotations, it is
closest to �exible AnnsMixer but still performs worse in mAP.

Table 1: MixSIS results on the COCOval split. The tuple (M /B/P/I ) indicates the percent-
age of mask-, box-, point-, and image-level annotations. Best results are in bold.† denotes
annotations transformed to boxes or points to match the systems' inputs.

System Mask R-CNN [9] MAL [18] SAPNet [26] BoxLevelSet [21] AnnsMixer (our)
Backbone R-50 R-50 R-50 R-101 R-50

Setup Supervision M M †;B M †;B†;P M †;B M ;B;P; I

Mix 1
(25/25/25/25)

mAP 0.239 0.317 0.297 0.277 0.323
mAP50 0.405 0.517 0.500 0.489 0.523
mAP75 0.249 0.335 0.304 0.277 0.344

Mix 2
(10/20/30/40)

mAP 0.196 0.288 0.285 0.234 0.295
mAP50 0.334 0.473 0.485 0.426 0.480
mAP75 0.205 0.303 0.291 0.228 0.315

Mix 3
(5/10/25/60)

mAP 0.168 0.245 0.263 0.172 0.266
mAP50 0.290 0.407 0.452 0.317 0.435
mAP75 0.173 0.258 0.268 0.166 0.284

In addition to this evaluation based on the three proposed mixes, we also investigate
the in�uence of each annotation level more closely. For this analysis, we start from 25%
mask annotations only and add either 75% point, box, or image-label annotations. Note
that the initial setup with 25% mask annotations only resembles the Mask R-CNN result
from Tab. 1. The results of AnnsMixer with the additional annotations in Tab. 2 clearly
indicate that all levels of weak annotations improve over the mask-only baseline. Hence,
the formulation of the MixSIS task, combining any of these annotation levels, is reasonable.
Unsurprisingly, box-annotations lead to the best results, with point annotation ending up
second. Interestingly, the results of AnnsMixer in the Mix 1 setup with 25% annotations
from each level are just short of adding the costly 75% box annotations to the 25% mask
annotations.

Table 2: MisSIS results on COCOval split with different combinations of annotations levels.
The �rst and last row are the respective systems' setups from Mix 1 in Tab. 1.

System Supervision mAP mAP50 mAP75

Mask R-CNN 25%M 0.239 0.405 0.249

AnnsMixer (our) 25%M +75%I 0.267 0.429 0.288
AnnsMixer (our) 25%M +75%P 0.298 0.494 0.313
AnnsMixer (our) 25%M +75%B 0.346 0.561 0.367

AnnsMixer (our) 25%M +25%B+25%P+25%I 0.323 0.523 0.344

5.2 Weakly-supervised Instance Segmentation

We also evaluate AnnsMixer in the traditional WSIS setups with either box-, point-, or
image-level annotations, comparing it to several recent WSIS systems. Note that here, all



8 WILMS ET AL.: MIXED-SUPERVISED INSTANCE SEGMENTATION

Table 3: WSIS results on the COCOtest-devsplit. M ;B;P; andI denote mask-, box-,
point-, and image-level supervision. Best results per level are in bold.†: Results on the
COCOval split.

System Backbone Supervision mAP mAP50 mAP75

Mask R-CNN [9] ResNet-50 M 35.5 57.0 37.8

BoxInst [24] ResNet-50 B 32.1 55.1 32.4
DiscoBox [17] ResNet-50 B 32.0 53.6 32.6
BoxTeacher [5] ResNet-50 B 32.9 54.1 34.2
MAL [18] ResNet-50 B 35.7 - -
BoxSeg [16] ResNet-101 B 33.3 53.4 35.0
BoxInst [24] ResNet-101 B 32.5 55.3 33.0
BoxLevelSet [21] ResNet-101 B 33.4 56.8 34.1
SIM [20] ResNet-101 B 34.0 56.8 35.0

AnnsMixer (our) ResNet-50 B 34.5 56.2 36.5

BESTIE [12] HRNet48 P 17.8 34.1 16.7
AttnShift [22] ViT P 21.9 43.5 20.1
P2MNet-MR [4] ResNet-50 P 25.6 48.4 -
SAPNet [26] ResNet-50 P 31.2† 51.8† 32.3†

AnnsMixer (our) ResNet-50 P 26.2 44.9 27.2

WISH [15] ResNet-50 I 20.9 - -
WeakSAM [30] ResNet-50 I 21.0 34.5 22.2

AnnsMixer (our) ResNet-50 I 22.0 35.6 23.6

systems are able to utilize all annotations, but our system is the only one not tailored to
a speci�c annotation level. The results in Tab. 3 on the COCOtest-devsplit indicate the
strong performance of our AnnsMixer compared to dedicated WSIS systems. While being
second in the point- and box-supervised cases, it even outperforms dedicated WSIS methods
for image-level supervision. Compared to other WSIS systems using SAM, WISH [15] and
WeakSAM [30], AnnsMixer performs better given the same backbone. Overall, AnnsMixer,
developed as a baseline system for MixSIS, shows very competitive results on the WSIS task
without an architecture dedicated to a single annotation level.

5.3 Quality of Generated Pseudo Mask Annotations

To further show the quality of AnnsMixer's pseudo mask annotations, we compare our
pseudo mask annotations with the original mask annotations on the COCO training dataset.
Table 4 presents the results in terms of IoU, recall, and precision between original mask
annotations and pseudo mask annotations generated in AnnsMixer. Our box-based pseudo
mask annotations match the original annotations very well. Across the dataset, 84:1% of
the originally annotated masks are matched by the pseudo mask annotations, while 95:7%
of our annotations cover an original annotation. Overall, the IoU in the case of box-based
pseudo mask annotations is 70.5, highlighting the high quality of our generated annotations
again. For point- and image-level supervision, the generated masks degrade due to miss-
ing spatial extent (point- and image-level) and localization (image-level). Still, 66:8% of
the point-based masks and 48:5% of the masks based on image-level annotations match the




