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Figure 1: SOHES boosts open-world entity segmentation with self-supervision on various im-
age datasets. Compared to prior state of the art, SOHES significantly reduces the gap between
self-supervised methods and the supervised Segment Anything Model (SAM) (Kirillov et al., 2023),
yet using only 2% unlabeled image data as SAM.

ABSTRACT

Open-world entity segmentation, as an emerging computer vision task, aims at
segmenting entities in images without being restricted by pre-defined classes,
offering impressive generalization capabilities on unseen images and concepts.
Despite its promise, existing entity segmentation methods like Segment Any-
thing Model (SAM) rely heavily on costly expert annotators. This work presents
Self-supervised Open-world Hierarchical Entity Segmentation (SOHES), a novel
approach that eliminates the need for human annotations. SOHES operates in
three phases: self-exploration, self-instruction, and self-correction. Given a pre-
trained self-supervised representation, we produce abundant high-quality pseudo-
labels through visual feature clustering. Then, we train a segmentation model on
the pseudo-labels, and rectify the noises in pseudo-labels via a teacher-student
mutual-learning procedure. Beyond segmenting entities, SOHES also captures
their constituent parts, providing a hierarchical understanding of visual entities.
Using raw images as the sole training data, our method achieves unprecedented
performance in self-supervised open-world segmentation, marking a significant
milestone towards high-quality open-world entity segmentation in the absence of
human-annotated masks. Project page: https://SOHES.github.io.

1 INTRODUCTION

Open-world entity segmentation (Qi et al., 2022; 2023) is an emerging vision task for localizing se-
mantically coherent visual entities without the constraints of pre-defined classes. This task, in con-
trast to traditional segmentation (Long et al., 2015; Chen et al., 2017; He et al., 2017; Kirillov et al.,
2019), aims at creating segmentation masks for visual entities inclusive of both “things” (countable
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objects such as persons and cars) and “stuff” (amorphous regions such as sea and sky) (Kirillov
et al.,, 2019; Qi et al., 2022), without regard for class labels. The inherent inclusivity and class-
agnostic nature enable open-world entity segmentation to perform strongly on unfamiliar entities
from unseen image domains, a frequent real-world challenge in applications such as image editing
and robotics. A prominent model for this task is Segment Anything Model (SAM) (Kirillov et al.,
2023), which has garnered enthusiastic attention for its impressive performance in open-world seg-
mentation. However, the ef cacy of models like SAM depends on the avilability of extensively
annotated datasets. To illustrate, SAM is trained on SA-1B (Kirillov et al., 2023), a vast dataset
comprising 11 million images and an enormous amount of 1 billion segmentation masks. While au-
tomated segmentation plays a central role in building SA-1B, human expertise and manual labor are
similarly important, where it takes 14 to 34 seconds to annotate a mask. Meanwhile, it is challenging
for human annotators to produce segmentation masks at a consistent granularity, because there is no
universally agreed de nition of objects and parts. This reliance on intricately annotated datasets
and considerable human effort raises a compelling ques@an: we develop a high-quality open-
world segmentation model using pure self-supervisidiife prospect of learning from unlabeled

raw images without the need for expert annotations is highly appealing.

In fact, self-supervised visual representation learning (Chen et al., 2020; He et al., 2020; Caron
etal., 2021; He et al., 2022b) has already shown promise. Such models can effectively exploit useful
training signals from purely unlabeled images, resulting in high-quality visual representations that
are comparable with those achieved via supervised learning. However, mainstream self-supervised
representation learning approaches typically learn holistic representations for whole images, without
distinguishing individual entities nor understanding region-level structures. As a result, they cannot
be directly used to achieve open-world entity segmentation. Our key insight to bridge this gap is that
an intelligent model canot only learn representations from observations, but can also self-evolve to
explore the open world, instruct and generalize itself, continuously re ne and correct its predictions

in a self-supervised mannand ultimately achieve open-world segmentation.

Following this key insight, we proposgelf-supervised Open-world Hierarchical Entity Segmenta-
tion (SOHESY, a novel approach consisting of three phases Self-exploration: Starting from

a pre-trained self-supervised representation DINO (Caron et al., 2021), we generate initial pseudo-
labels to learn from. By clustering visual features based on similarity and locality, we can discern
semantically coherent continuous regions that likely represent visually meaningful entitiedf-2)
instruction: Our initial pseudo-labels are constrained by the xed visual representation. To re ne
the segmentation, we train a Mask2Former (Cheng et al., 2022) segmentation model on the ini-
tial pseudo-labels. Even though the initial pseudo-labels are noisy, learning a segmentation model
on them can “average out” the noises, thus predicting more accurate masgslf-8prrection:
Building upon these more accurate predictions, we employ a teacher-student mutual-learning frame-
work (Tarvainen & Valpola, 2017; Liu et al., 2020) to further reduce the early-stage noises and adapt
the model for open-world segmentation. Throughout the three phases, we rely solely on the raw im-
ages, without any human annotations. Equally signi cantly, due to the compositional nature of
things and stuff in natural scenes, our model learns not just to segment entities but also their con-
stituent parts and ner subparts of these parts. During the self-exploration phase, we generate a
hierarchical structure of each visual entity from individual parts to the whole. This hierarchical
segmentation approach enriches our understanding of visual elements in an open-world context,
ensuring a more comprehensive and versatile application.

To summarize, our key contributions include:

» We propose Self-supervised Open-world Hierarchical Entity Segmentation (SOHES) to address
the open-world segmentation challenge. We demonstrate the potential of high-quality open-world
segmentation by adapting self-supervised representations and learning solely from unlabeled data.

» We develop a method to generate over 100 segmentation masks per image as high-quality pseudo-
labels by clustering self-supervised visual features.

* We learn to segment entities and their constituent parts and perform hierarchical association be-
tween visual entities. This hierarchical segmentation approach provides a multi-granularity anal-
ysis of visual entities in complex scenes.

* We achieve new state-of-the-art performance in self-supervised open-world segmentation, which
enhances mask average recall (AR) on various datasetsifnproving AR on SA-1B (Kirillov
et al., 2023) from 26.0 to 33.3) and closes the performance gap between self-supervised and su-
pervised paradigms, as illustrated in Figure 1.
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2 RELATED WORK

Open-world visual recognition. Open-world recognition (Scheirer et al., 2012; Bendale & Boult,
2015; 2016) aims to recognize and classify visual concepts in an evolving environment where the
model encounters unfamiliar objects, which challenges traditional models trained to recognize a
xed set of classes. The task has been extended from classi cation to detection (Bansal et al., 2018;
Dhamija et al., 2020; Joseph et al., 2021; Jaiswal et al., 2021; Kim et al., 2022), segmentation (Hu
et al., 2018; Wang et al., 2021; 2022a; Kalluri et al., 2023), and tracking (Liu et al., 2022). In
particular, open-world entity segmentation (Qi et al., 2022; 2023) segments entities into semantically
meaningful regions without regard for class labels. In this work, we further expand the scope to
whole entities and their constituent parts.

Self-supervised object localization/discovery.ocalizing objects from images in a self-supervised
manner requires learning the concept of objects from visual data without any human annotations.
Early explorations (Vo et al., 2019; 2020; 2021) formulate an optimization problem on a graph,
where the nodes are object proposelg( by selective search (Uijlings et al., 2013)) and the edges
are constructed based on visual similarities. Following the observation that the segmentation of the
most prominent object can emerge from DINO (Caron et al., 2021)eé&iret al. (2021; 2023);

Wang et al. (2022b) learn object detectors from saliency-based pseudo-labels. Meanwhile, \Wang
et al. (2022c; 2023) generate pseudo-labels by extending NormCut (Shi & Malik, 2000), and Cao
et al. (2023) cluster semantically coherent regions into pseudo-labels. We share a common multi-
phase learning paradigm with these prior methods, where pseudo-labels are rst discovered from
self-supervised representations, and then a detection/segmentation model is learned. However, we
contributenovel and improved designs to each phaseluding 1) a global-to-local clustering algo-

rithm for high-quality pseudo-labeling, 2) a hierarchical relation learning module, and 3) a teacher-
student self-correction phase.

3 APPROACH

In this section, we rst provide an overview &elf-supervised Open-world Hierarchical Entity Seg-
mentation SOHES and then present its three learning phases in the following subsections. Build-
ing upon and signi cantly enhancing the pseudo-label discovery and learning paradigm in prior
self-supervised object discovery work (Sioni et al., 2023; Wang et al., 2023; Cao et al., 2023),
SOHES consists of three phases: self-exploration, self-instruction, and self-correction, as shown in
Figure 2. 1) InPhase 1self-exploration, we start from a pre-trained self-supervised representation
DINO (Caron et al., 2021) with a ViT-B/8 (Dosovitskiy et al., 2020) architecture, and initiate our
exploration on unlabeled raw images. Our strategy is based on agglomerative clustering (Hastie
et al., 2009), and organizes image patches into semantically consistent regions automatically. 2)
With these pseudo-labels, we bedthase 2self-instruction. We train a segmentation model com-
posed by a DINO pre-trained ViT backbone (Caron et al., 2021), ViT-Adapter (Chen et al., 2022)
(for generating multi-scale features from ViT), and Mask2Former (Cheng et al., 2022) (for the -
nal mask prediction). Through self-instruction, our segmentation model can learn from common
visual entities in different images and generalize better than the initial pseudo-labels produced by
the frozen VIiT backbone. 3) In the ndthase 3self-correction, we exploit more self-supervision

Figure 2: Three phases of SOHESIn the rst self-exploration phase, we cluster visual features
from pre-trained DINO to generate initial pseudo-labels on unlabeled images. Then in the self-
instruction phase, a segmentation model learns from the initial pseudo-labels. Finally, in the self-
correction phase, we adopt a teacher-student framework to further re ne the segmentation model.
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Figure 3:Self-exploration phase for generating initial pseudo-labelsThis phase consists of four
steps. We rst merge image patches into regions with high visual feature similarities, then zoom in
on the small candidate regions and re-cluster the local images to better discover small entities. After
that, we re ne the mask details and identify the hierarchical structure among the masks.

signals to lift the limit induced by noises in the initial pseudo-labels. Inspired by semi-supervised
learning (Tarvainen & Valpola, 2017; Liu et al., 2020), we employ a teacher-student mutual-learning
framework, allowing the student to learn from the improved pseudo-labels generated by the teacher.

3.1 SELF-EXPLORATION: GENERATE INITIAL PSEUDO-LABELS

In the self-exploration phase, we generate initial pseudo-labels with several steps delicately designed
to include potential entities and their constituent parts of diverse categories. We thbbahk

to-local perspectiveéo rst create candidate regions at the global level, and then investigate local
images to accurately discovemall entities. In particular, we begin by clustering patch-level self-
supervised features to generate a pool of candidate regions, then lIter and re ne such candidates into
initial pseudo-labeled masks, and nally analyze the hierarchical structure among them. Figure 3
depicts this process with visual examples.

Step lis a global clustering procedure, which merges image patches into semantically meaningful
regions. Given an unlabeled image with resolut®n S, we use DINO ViT-B/8 to extract its

in a bottom-up, iterative manner. The initial seed regions are exactly &hes@ patches. In each
iteration, we nd the pair of adjacent regioiisj ) with the highest cosine feature similarit;
fj)=(kfiko kfjks). These two regionsandj are merged into a new regidn The visual feature

; ; — afi+afj . e
of the merged region is computedfas= % wherea;; a; are the areas of the regions .

After replacing regions andj with the new merged regiok, we continue with the next iteration.

We set a series of merging threshol@gger > > mergem as criterion for stopping the merg-
ing procedure. In general, the highest cosine feature similarity (among all unmerged region pairs)
decreases as more regions are merged. When the highest cosine feature similarity goes below one

Consequently, we can generatesets of regions, covering various granularity levels. We mix these
sets into a pool of regions that may overlap with each other. Non-maximal suppression (NMS) is
applied to remove duplicate regions. The threshélds:ge: 02, can be determined based on the
desired number of pseudo-labels per image (see Appendix D).

Step 2is local re-clustering. In the rst step, we have generated a large pool of image regions
that may correspond to valid visual entities. However, many small regions tend to be noisy and
lack meaningful content. We adopt a global-to-local perspective to re-examine the regions that are
smaller than ¢mq%0 Of the total image area. For each small candidate region, we crop a local image
around it, resize it t&8° S° and re-cluster it with the same procedure as$tap 1to obtain
subregions of the local crop. Subregions that intersect with the boundaries of the crop are discarded,
because they are incomplete within the local crop context. The remaining subregions, along with
regions larger thangmq% of the whole image (fronStep 1), form our initial pseudo-labels. By
“zooming in” on the small candidate regions and repeating the clustering procedure at a ner scale,
we can better remove noisy pseudo-labels and improve the quality of the remaining ones.
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