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Abstract

Deep Object Segmentation and Beyond

by Xinlong Wang

Object segmentation is a fundamental computer vision problem that aims to recog-
nize the object of interest and group the corresponding pixels in an image. With wide
applications in self-driving cars, medical imaging, augmented reality, etc., object seg-
mentation has attracted a lot of research attention. In this thesis, we propose a series
of methods to solve the challenging problem with deep neural networks. We further
generalize the proposed methods to solve extensive tasks such as image matting and
study the interactions between object segmentation and unsupervised learning.

First, we propose segmenting objects by locations (SOLO), a new, embarrassingly
simple approach to segment all the object instances in an image and recognize their
categories. Unlike previous methods that rely on either bounding box detection or
grouping post-processing, SOLO directly maps a raw input image to the desired object
categories and instance masks with a fully convolutional network. We demonstrate a
much simpler and flexible instance segmentation framework with strong performance.

Second, we present SOLOv2, a dynamic and fast instance segmentation solution that
follows the principle of SOLO but improves it in terms of both speed and accuracy.
SOLOv2 achieves state-of-the-art results with high efficiency, making it suitable for
both mobile and cloud applications. We further demonstrate the generality of our
method by extending it to perform panoptic segmentation and image matting.

Third, we propose dense contrastive learning (DenseCL) to learn better representation
from large-scale unlabeled images for dense prediction tasks such as segmentation.
The proposed DenseCL performs dense pairwise contrastive learning at the level of
pixels. Our method largely closes the gap between self-supervised pre-training and
downstream dense prediction tasks.

Finally, we propose a fully unsupervised learning method that learns to segment ob-
jects without any annotations. We present FreeSOLO, a self-supervised instance seg-
mentation framework built on top of our simple-yet-effective methods SOLO(v2) for
segmentation, and DenesCL for unsupervised learning. For the first time, we demon-
strate unsupervised instance segmentation successfully.

The code and models are publicly available at https://github.com/WXinlong.

http://www.adelaide.edu.au
https://github.com/WXinlong
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Chapter 1

Introduction

Object segmentation requires the computer to localize the objects in an image at the
pixel level, i.e., to recognize the objects of interest (e.g., cars, pedestrians, and traffic
signs) and output segmentation masks covering the corresponding objects. Object
instance segmentation is one of the most fundamental problems in computer vision,
with wide applications in self-driving cars, medical imaging, augmented reality, etc..

Human vision can effortless localize the target objects precisely in a complex scene.
However, it is still very challenging for computers, even after sixty years of develop-
ment in the field of computer vision. The main obstacles are two-fold. 1) The problem
of object instance segmentation is hard to formulate. The objects can be at any po-
sition of the image, with a wide variety of categories, poses, scales, and occlusions.
Instance segmentation requires the correct separation of all objects in an image while
also semantically segmenting each instance at the pixel level (Hariharan et al., 2014),
making it one of the most challenging problems in computer vision. 2) The human
annotation for instance segmentation is tremendously time-consuming and expensive.
Training an instance segmentation model requires pixel-wise segmentation masks for
every single object (Lin et al., 2014; Cordts et al., 2016), which results in a much
higher labeling cost than other vision tasks such as image classification and object
detection. The extremely expensive annotation largely impedes its development and
wide applications.

To address these problems, we propose a series of novel methods in this thesis, which
formulate the problem with a simple, fast and accurate framework, and enable to
learn segmentation models with limited or even no human supervision.

1.1 Instance Segmentation Made Simpler

Existing instance segmentation methods can be categorized into two groups, i.e., top-
down (Li et al., 2017; He et al., 2017b; Chen et al., 2019a; Chen et al., 2019b) and
bottom-up (Newell, Huang, and Deng, 2017; De Brabandere, Neven, and Van Gool,
2017; Liu et al., 2017; Gao et al., 2019) paradigms. The former approach, namely
“detect-then-segment”, first detects bounding boxes and then segments the instance
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mask in each bounding box. The latter approach learns an affinity relation, assigning
an embedding vector to each pixel, by pushing away pixels belonging to different
instances and pulling close pixels in the same instance. A grouping post-processing
is then needed to separate instances. Both these two paradigms are step-wise and
indirect, which either heavily rely on accurate bounding box detection or depend on
per-pixel embedding learning and the grouping processing.

In this thesis, we propose a simple framework for instance segmentation that is end-
to-end trainable and can directly map a raw input image to the desired instance masks
with constant inference time, eliminating the need for the grouping post-processing
as in bottom-up methods or the bounding-box detection and RoI operations in top-
down approaches. Specifically, inspired by semantic segmentation (Long, Shelhamer,
and Darrell, 2015a) that segments semantics by distinguishing different semantic cat-
egories, we propose to distinguish object instances in the image by introducing the
notion of “instance categories”, i.e., the quantized center locations and object sizes,
which enables segmenting objects by locations, thus the name of our method, SOLO.
SOLO formulates the task of instance segmentation as two sub-tasks of pixel-level
classification, solvable using standard FCNs, thus dramatically simplifying the for-
mulation of instance segmentation. For the first time, we demonstrate a very simple
instance segmentation approach achieving on par results with the dominant “detect-
then-segment” method on the challenging COCO dataset (Lin et al., 2014) with diverse
scenes and semantic classes. Details will be introduced in Chapter 3.

1.2 High-Performance Instance Segmentation

SOLO has significantly simplified the challenging instance segmentation task and
made it as simple as other well-formulated dense prediction tasks such as depth esti-
mation and semantic segmentation. In SOLOv2, we further propose various improve-
ments to enhance SOLO in terms of both speed and accuracy.

We observe that three main bottlenecks limit the performance of SOLO: 1) inefficient
mask representation and learning; 2) not high enough resolution for finer mask predic-
tions; 3) slow mask non-maximum suppression (NMS). In SOLOv2, we eliminate the
above bottlenecks all at once. We first introduce a dynamic scheme, which enables
dynamically segmenting objects by locations. Specifically, the mask learning pro-
cess can be divided into two parts: convolution kernel learning and feature learning.
We further construct a unified and high-resolution mask feature representation for
instance-aware segmentation. As such, we are able to predict high-resolution object
masks, as well as learn the mask kernels and mask features separately and efficiently.
At last, we propose an efficient and effective matrix NMS algorithm to remove redun-
dant mask predictions, replacing the original greedy NMS. Matrix NMS can process
500 masks in less than 1 ms in simple python implementation by performing NMS
with parallel matrix operations in one shot. With the proposed improvements, our
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approach achieves state-of-the-art results for instance segmentation in terms of both
speed and accuracy, while being considerably simpler than the existing methods.

By adding the semantic segmentation branch, we easily extend our method to solve
panoptic segmentation and achieve state-of-the-art results. We also extend our frame-
work to perform image matting at the instance level. Thanks to the ability to generate
high-quality object masks, our method is able to solve instance-level image matting
in one shot with minimal modifications. Details are in Chapter 4.

1.3 Self-Supervised Learning for Dense Predictions

The simple architecture and decent speed/accuracy trade-off of SOLO and SOLOv2
largely lower the bar of using and inferencing instance segmentation models. How-
ever, the bar of training instance segmentation is still high. Training an instance
segmentation model is very costly as it requires both the instance-level and pixel-level
annotations. The notoriously time-consuming and expensive annotation is the main
obstacle that impedes instance segmentation’s broad applications.

In this thesis, we propose a simple framework for self-supervised visual learning, for
learning general visual representations from unlabeled images and reducing labeling
costs for instance segmentation and other dense prediction tasks. To date, most exist-
ing self-supervised learning methods are designed and optimized for image classifica-
tion (Chen et al., 2020b; He et al., 2020; Grill et al., 2020). These pre-trained models
can be sub-optimal for dense prediction tasks due to the discrepancy between image-
level prediction and pixel-level prediction. To fill this gap, we design an effective, dense
self-supervised learning method that directly works at the level of pixels (or local fea-
tures) by taking into account the correspondence between local features. Specifically,
we present dense contrastive learning (DenseCL), which implements self-supervised
learning by optimizing a pairwise contrastive (dis)similarity loss at the pixel level
between two views of input images. Our method demonstrates consistently superior
performance when transferring to downstream dense prediction tasks including object
detection, semantic segmentation, and instance segmentation; and outperforms the
state-of-the-art methods by a large margin. Details will be introduced in Chapter 5.

1.4 Self-Supervised Instance Segmentation

SOLO and SOLOv2 enable learning efficient and accurate instance segmentation with
sufficient human supervision. DenseCL enables us to learn useful visual representa-
tions from unlabeled images, which can benefit downstream object recognition and
segmentation tasks. In this thesis, we move one step forward by proposing a fully un-
supervised learning method that learns class-agnostic instance segmentation without
any annotations.
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We present FreeSOLO, a self-supervised instance segmentation framework built on
top of the simple yet strong instance segmentation framework of SOLOv2, and the
self-supervised dense feature learning method of DenseCL. Our method also presents
a novel localization-aware pre-training framework, where objects can be discovered
from complicated scenes in an unsupervised manner. Specifically, FreeSOLO contains
two major pillars: Free Mask and Self-supervised SOLO. The former extracts coarse
object masks in an unsupervised manner. The latter takes the coarse masks and trains
the instance segmentation model with several novel designs to overcome label noise
in the coarse masks. For the first time, we demonstrate unsupervised class-agnostic
instance segmentation successfully. FreeSOLO further demonstrates superiority as a
strong pre-training method. We will elaborate on it in Chapter 6.

To summarize, in this thesis, we propose several novel methods, i.e., SOLO, SOLOv2,
DenseCL, and FreeSOLO, to solve the challenging instance segmentation problem and
the extensive tasks such as image matting, as well as enable to leverage unlabeled data
and learn segmentation models with limited or even no manual annotations.
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Chapter 2

Literature Review

Here we review some works that are closest to ours.

2.1 Instance Segmentation

Given input images, instance segmentation models are trained to predict the anno-
tated mask and category for each object of interest. To solve this problem, most of
the existing instance segmentation methods can be categorized into two groups, i.e.,
top-down and bottom-up paradigms.

Top-down instance segmentation. The methods that segment object instances
in a priori bounding box fall into the typical top-down paradigm. Fully Convolu-
tional Instance-aware Semantic Segmentation (FCIS) (Li et al., 2017) assembles the
position-sensitive score maps within the region-of-interests (ROIs) generated by a re-
gion proposal network (RPN) to predict instance masks. Mask R-CNN (He et al.,
2017b) extends the Faster R-CNN detector (Ren et al., 2015b) by adding a branch
for segmenting the object instances within the detected bounding boxes. Based on
Mask R-CNN, PANet (Liu et al., 2018b) further enhances the feature representa-
tion to improve the accuracy, Mask Scoring R-CNN (Huang et al., 2019) adds a
mask-IoU branch to predict the quality of the predicted mask for improving the per-
formance. HTC (Chen et al., 2019a) interweaves box and mask branches for a joint
multi-stage processing. TensorMask (Chen et al., 2019b) adopts the dense sliding
window paradigm to segment the instance in the local window for each pixel with
a predefined number of windows and scales. YOLACT (Bolya et al., 2019) learns a
group of coefficients which are normalized to (−1, 1) for each anchor box. During the
inference, it first performs a bounding box detection and then uses the predicted boxes
to crop the assembled masks. In contrast to the top-down methods above, our SOLO
framework is totally box-free thus not being restricted by (anchor) box locations and
scales, and naturally benefits from the inherent advantages of FCNs.

Bottom-up instance segmentation. This category of the approaches generate
instance masks by grouping the pixels into an arbitrary number of object instances
presented in an image. In Newell, Huang, and Deng (2017), pixels are grouped into



6 Chapter 2. Literature Review

instances using the learned associative embedding. A discriminative loss function (De
Brabandere, Neven, and Van Gool, 2017) learns pixel-level instance embedding effi-
ciently, by pushing away pixels belonging to different instances and pulling close pixels
in the same instance. SGN (Liu et al., 2017) decomposes the instance segmentation
problem into a sequence of sub-grouping problems. SSAP (Gao et al., 2019) learns
a pixel-pair affinity pyramid, the probability that two pixels belong to the same in-
stance, and sequentially generates instances by a cascaded graph partition. Typically,
bottom-up methods lag behind in accuracy compared to top-down methods, espe-
cially on the dataset with diverse scenes. Instead of exploiting pixel pairwise relations
and pixel grouping, our methods directly learn with the instance mask annotations
solely during training, and predicts instance masks end-to-end without grouping post-
processing.

Direct instance segmentation. To our knowledge, no prior methods directly train
with mask annotations solely, and predict instance masks and semantic categories in
one shot without the need of grouping post-processing. Several recently proposed
methods may be viewed as the ‘semi-direct’ paradigm. AdaptIS (Sofiiuk, Barinova,
and Konushin, 2019) first predicts point proposals, and then sequentially generates
the mask for the object located at the detected point proposal. PolarMask (Xie et
al., 2020a) proposes to use the polar representation to encode masks and transforms
per-pixel mask prediction to distance regression. They both do not need bounding
boxes for training but are either being step-wise or founded on compromise, e.g.,
coarse parametric representation of masks. Our SOLO framework takes an image as
input, directly outputs instance masks and corresponding class probabilities, in a fully
convolutional, box-free and grouping-free paradigm.

2.2 Image Matting

Image matting is a fundamental problem in computer vision and graphics and has at-
tracted much research attention (Levin, Lischinski, and Weiss, 2007; Xu et al., 2017;
Lu et al., 2019). Given an image, image matting demands for accurate foreground
estimation, which is typically formulated as the alpha map prediction, i.e., to output
the soft transition between foreground and background. Traditional matting methods
can be categorized into two types: the sampling-based methods (Chuang et al., 2001;
He et al., 2011) and propagation-based methods (Levin, Lischinski, and Weiss, 2007;
Chen, Li, and Tang, 2013; He, Sun, and Tang, 2010). Sampling-based methods infer
the alpha values by sampling pixels and solving for alpha using color models. In con-
trast, propagation-based methods propagate the alpha values of the known foreground
and background to the unknown regions. Recently, deep learning methods (Xu et al.,
2017; Lu et al., 2019; Shen et al., 2016) have demonstrated superior results for mat-
ting. Xu et al. (Xu et al., 2017) proposed a fully convolutional network (FCN) to
predict the alpha matte of the unknown region in a supervised learning manner, with
a trimap being part of the input to the network. Subsequent approaches (Zhang et al.,
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2019; Sengupta et al., 2020) explore the solution of learning a mapping directly from
the input RGB image to the output alpha matte without explicitly inputting trimaps
(trimap-free). Although not requiring the user to provide a trimap explicitly, these
methods predict trimaps first by the network and use the predicted trimap for con-
ducting matting by the second part of the network. Thus essentially those methods
can be viewed as two-stage approaches to trimap-free matting.

Different from above methods, we perform binary mask segmentation and soft matting
simultaneously, i.e., soft instance segmentation, within a one-stage FCN framework.
Furthermore, inheriting the capability of instance segmentation, we are able to pro-
duce a soft matte individually for each foreground instance, which is not possible for
existing matting methods.

2.3 Self-Supervised Learning

Self-supervised pre-training. Generally speaking, the success of self-supervised
learning (Wu et al., 2018; He et al., 2020; Xie et al., 2020b; Zhao et al., 2020; Han,
Xie, and Zisserman, 2020; Grill et al., 2020) can be attributed to two important
aspects namely contrastive learning, and pretext tasks. The objective functions used
to train visual representations in many methods are either reconstruction-based loss
functions (Doersch, Gupta, and Efros, 2015; Pathak et al., 2016; Goodfellow et al.,
2014), or contrastive loss that measures the co-occurrence of multiple views (Tian,
Krishnan, and Isola, 2019). Contrastive learning, holds the key to most state-of-the-
art methods (Wu et al., 2018; He et al., 2020; Chen et al., 2020b; Xie et al., 2020b),
in which the positive pair is usually formed with two augmented views of the same
image (or other visual patterns), while negative ones are formed with different images.

A wide range of pretext tasks have been explored to learn a good representation.
These examples include colorization (Zhang, Isola, and Efros, 2016), context autoen-
coders (Doersch, Gupta, and Efros, 2015), inpainting (Pathak et al., 2016), spatial jig-
saw puzzles (Noroozi and Favaro, 2016) and discriminate orientation (Gidaris, Singh,
and Komodakis, 2018). These methods achieved very limited success in computer
vision. The breakthrough approach is SimCLR (Chen et al., 2020b), which follows an
instance discrimination pretext task, similar to Wu et al., 2018, where the features
of each instance are pulled away from those of all other instances in the training set.
Invariances are encoded from low-level image transformations such as cropping, scal-
ing, and color jittering. Contrastive learning and pretext tasks are often combined
to form a representation learning framework. DenseCL belongs to the self-supervised
pre-training paradigm, and we naturally make the framework friendly for dense pre-
diction tasks such as semantic segmentation and object detection.

Pre-training for dense prediction tasks. Pre-training has enabled surprising re-
sults on many dense prediction tasks, including object detection (Ren et al., 2015a;
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Redmon and Farhadi, 2018a) and semantic segmentation (Long, Shelhamer, and Dar-
rell, 2015b). These models are usually fine-tuned from ImageNet pre-trained model,
which is designed for image-level recognition tasks. Some previous studies have shown
the gap between ImageNet pre-training and dense prediction tasks in the context of
network architecture (Li et al., 2018; Kong et al., 2016; Tan, Pang, and Le, 2020; Sun
et al., 2019). YOLO9000 (Redmon and Farhadi, 2017) proposes to joint train the
object detector on both classification and detection data. He, Girshick, and Dollár
(2019) demonstrate that even we pre-train on extremely larger classification dataset
(e.g., Instagram (Mahajan et al., 2018), which is 3000× larger than ImageNet), the
transfer improvements on object detection are relatively small. Recent works (Li et al.,
2019a; Zhou et al., 2020) show that pre-trained models utilizing object detection data
and annotations (e.g., MS COCO (Lin et al., 2014)) could achieve on par performance
on object detection and semantic segmentation compared with ImageNet pre-trained
model. While the supervised pre-training for dense prediction tasks has been ex-
plored before DenseCL, there are few works on designing an unsupervised paradigm
for dense prediction tasks. Concurrent and independent works (Pinheiro et al., 2020a;
Chaitanya et al., 2020a) also find that contrastive learning at the level of local fea-
tures matters. One of the main differences is that they construct the positive pairs
according to the geometric transformation, while we also propose a flexible and novel
approach to construct positive pairs according to the implicit correspondence across
views. Our method is totally decoupled from the data pre-processing, thus enabling
fast and flexible training while being agnostic about what kind of augmentation is
used and how the images are sampled.

2.4 Unsupervised Object Localization

Unsupervised object discovery A wide range of approaches have been proposed
for unsupervised object discovery, including statistical topic discovery models (Sivic
et al., 2005; Russell et al., 2006), link analysis technique (Kim and Torralba, 2009),
clustering by composition (Faktor and Irani, 2014), and part-based matching (Cho
et al., 2015). Some recent works (Vo et al., 2019; Vo, Pérez, and Ponce, 2020) formu-
late object discovery as an optimization problem. Large-Scale Unsupervised Object
Discovery (Vo et al., 2021) further proposes to formulate unsupervised object discov-
ery as a ranking problem. Yet, the existing methods have achieved limited success
in challenging and complicated scenes. Furthermore, most of these methods can only
find coarse bounding boxes of objects. By contrast, our method discovers and local-
izes objects in the wild with pixel-wise segmentation masks. With bounding boxes
obtained from predicted masks, FreeSOLO outperforms the state-of-the-art unsuper-
vised object discovery methods by a large margin.

Unsupervised segmentation To remove the dependency on manual supervision,
some object co-segmentation works (Joulin, Bach, and Ponce, 2010; Hsu, Lin, and
Chuang, 2018; Chen et al., 2021) make a strong assumption about the image collection,
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i.e., to segment common repeated objects in a collection of images. Besides, there are a
few works (Ji, Vedaldi, and Henriques, 2019; Hwang et al., 2019; Gansbeke et al., 2021)
that explore unsupervised semantic segmentation. Some (Ji, Vedaldi, and Henriques,
2019) only deal with simple scenarios, and some (Hwang et al., 2019; Gansbeke et al.,
2021) still require a salient object estimator or boundary annotations. In addition, the
key difference lies in the task. Instead of semantic segmentation, our method solves
the harder problem of instance segmentation, i.e., to segment each object individually.
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Chapter 3

SOLO: Segmenting Objects by
Locations

3.1 Introduction

Instance segmentation is challenging because it requires the correct separation of all
objects in an image while also semantically segmenting each instance at the pixel level.
Objects in an image belong to a fixed set of semantic categories, but the number of
instances varies. As a result, semantic segmentation can be easily formulated as a
dense per-pixel classification problem, while it is challenging to predict instance labels
directly following the same paradigm.

To overcome this obstacle, recent instance segmentation methods can be categorized
into two groups, i.e., top-down and bottom-up paradigms. The former approach,
namely ‘detect-then-segment’, first detects bounding boxes and then segments the
instance mask in each bounding box. The latter approach learns an affinity relation,
assigning an embedding vector to each pixel, by pushing away pixels belonging to
different instances and pulling close pixels in the same instance. A grouping post-
processing is then needed to separate instances. Both these two paradigms are step-
wise and indirect, which either heavily rely on accurate bounding box detection or
depend on per-pixel embedding learning and the grouping processing.

FCN

0 i j N-1

RPN

FCN

(a) Mask R-CNN (b) SOLO

Figure 3.1. Comparison of the pipelines of Mask R-CNN and the
proposed SOLO.
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In contrast, we aim to directly segment instance masks, under the supervision of
full instance mask annotations instead of masks in boxes or additional pixel pairwise
relations. We start by rethinking a question: What are the fundamental differences
between object instances in an image? Take the challenging MS COCO dataset (Lin
et al., 2014) for example. There are in total 36, 780 objects in the validation subset,
98.3% of object pairs have center distance greater than 30 pixels. As for the rest
1.7% of object pairs, 40.5% of them have size ratio greater than 1.5×. To conclude,
in most cases two instances in an image either have different center locations or have
different object sizes. This observation makes one wonder whether we could directly
distinguish instances by the center locations and object sizes?

In the closely related field, semantic segmentation, now the dominate paradigm lever-
ages a fully convolutional network (FCN) to output dense predictions with N channels.
Each output channel is responsible for one of the semantic categories (including back-
ground). Semantic segmentation aims to distinguish different semantic categories.
Analogously, in this work, we propose to distinguish object instances in the image
by introducing the notion of “instance categories”, i.e., the quantized center locations
and object sizes, which enables to segment objects by locations, thus the name of our
method, SOLO.

Locations An image can be divided into a grid of S × S cells, thus leading to S2

center location classes. According to the coordinates of the object center, an object
instance is assigned to one of the grid cells, as its center location category. Note that
grids are used conceptually to assign location category for each pixel. Each output
channel is responsible for one of the center location categories, and the corresponding
channel map should predict the instance mask of the object belonging to that location.
Thus, structural geometric information is naturally preserved in the spatial matrix
with dimensions of height by width. Unlike DeepMask (Pinheiro, Collobert, and
Dollár, 2015) and TensorMask (Chen et al., 2019b), which run in a dense sliding-
window manner and segment an object in a fixed local patch, our method naturally
outputs accurate masks for all scales of instances without the limitation of (anchor)
box locations and scales.

In essence, an instance location category approximates the location of the object
center of an instance. Thus, by classification of each pixel into its instance location
category, it is equivalent to predict the object center of each pixel in the latent space.
The importance here of converting the location prediction task into classification is
that, with classification it is much more straightforward and easier to model varying
number of instances using a fixed number of channels, at the same time not relying
on post-processing like grouping or learning embeddings.

Sizes To distinguish instances with different object sizes, we employ the feature pyra-
mid network (FPN) (Lin et al., 2017a), so as to assign objects of different sizes to
different levels of feature maps. Thus, all the object instances are separated regularly,
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Figure 3.2. SOLO framework. We reformulate the instance seg-
mentation as two sub-tasks: category prediction and instance mask
generation problems. An input image is divided into a uniform grids,
i.e., S×S. Here we illustrate the grid with S = 5. If the center of an
object falls into a grid cell, that grid cell is responsible for predicting
the semantic category (top) and masks of instances (bottom). We do
not show the feature pyramid network (FPN) here for simpler illustra-

tion.

enabling to classify objects by “instance categories”. Note that FPN was designed for
the purposes of detecting objects of different sizes in an image.

In the sequel, we empirically show that FPN is one of the core components for our
method and has a profound impact on the segmentation performance, especially ob-
jects of varying sizes being presented.

With the proposed SOLO framework, we are able to optimize the network in an end-
to-end fashion for the instance segmentation task using mask annotations solely, and
perform pixel-level instance segmentation out of the restrictions of local box detection
and pixel grouping. For the first time, we demonstrate a very simple instance seg-
mentation approach achieving on par results to the dominant “detect-then-segment”
method on the challenging COCO dataset (Lin et al., 2014) with diverse scenes and
semantic classes. Additionally, we showcase the generality of our framework via the
task of instance contour detection, by viewing the instance edge contours as a one-hot
binary mask, with almost no modification SOLO can generate reasonable instance
contours. The proposed SOLO only needs to solve two pixel-level classification tasks,
thus it may be possible to borrow some of the recent advances in semantic segmenta-
tion for improving SOLO. The embarrassing simplicity and strong performance of the
proposed SOLO method may predict its application to a wide range of instance-level
recognition tasks.

3.2 Our Method: SOLO

3.2.1 Problem Formulation

The central idea of SOLO framework is to reformulate the instance segmentation as
two simultaneous category-aware prediction problems. Concretely, our system divides
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the input image into a uniform grids, i.e., S×S. If the center of an object falls into a
grid cell, that grid cell is responsible for 1) predicting the semantic category as well
as 2) segmenting that object instance.

Semantic Category

For each grid, our SOLO predicts the C-dimensional output to indicate the semantic
class probabilities, where C is the number of classes. These probabilities are con-
ditioned on the grid cell. If we divide the input image into S×S grids, the output
space will be S×S×C, as shown in Figure 3.2 (top). This design is based on the
assumption that each cell of the S×S grid must belong to one individual instance,
thus only belonging to one semantic category. During inference, the C-dimensional
output indicates the class probability for each object instance.

Instance Mask

In parallel with the semantic category prediction, each positive grid cell will also
generate the corresponding instance mask. For an input image I, if we divide it into
S×S grids, there will be at most S2 predicted masks in total. We explicitly encode
these masks at the third dimension (channel) of a 3D output tensor. Specifically,
the instance mask output will have HI×WI×S2 dimension. The kth channel will be
responsible to segment instance at grid (i, j), where k = i · S + j (with i and j zero-
based)1. To this end, a one-to-one correspondence is established between the semantic
category and class-agnostic mask (Figure 3.2).

A direct approach to predict the instance mask is to adopt the fully convolutional
networks, like FCNs in semantic segmentation (Long, Shelhamer, and Darrell, 2015a).
However the conventional convolutional operations are spatially invariant to some
degree. Spatial invariance is desirable for some tasks such as image classification as it
introduces robustness. However, here we need a model that is spatially variant, or in
more precise words, position sensitive, since our segmentation masks are conditioned
on the grid cells and must be separated by different feature channels.

Our solution is very simple: at the beginning of the network, we directly feed normal-
ized pixel coordinates to the networks, inspired by ‘CoordConv’ operator (Liu et al.,
2018a). Specifically, we create a tensor of same spatial size as input that contains pixel
coordinates, which are normalized to [−1, 1]. This tensor is then concatenated to the
input features and passed to the following layers. By simply giving the convolution ac-
cess to its own input coordinates, we add the spatial functionality to the conventional
FCN model. It should be noted that CoordConv is not the only choice. For example
the semi-convolutional operators (Novotný et al., 2018) may be competent, but we
employ CoordConv for its simplicity and being easy to implement. If the original
feature tensor is of size H×W×D, the size of new tensor becomes H×W×(D + 2),

1We also show an equivalent and more efficient implementation in Section 3.4.



3.2. Our Method: SOLO 17

x7

H × W × (256+2) H × W × 256

S × S × C

2H × 2W × 𝑆𝑆2

Category

Mask 

S × S × 256 S × S × 256

x7Align

Figure 3.3. SOLO Head architecture. At each FPN feature
level, we attach two sibling sub-networks, one for instance category
prediction (top) and one for instance mask segmentation (bottom). In
the mask branch, we concatenate the x, y coordinates and the original
features to encode spatial information. Here numbers denote spatial
resolution and channels. In the figure, we assume 256 channels as an
example. Arrows denote either convolution or interpolation. ‘Align’
means bilinear interpolation. ‘×7’ means 7 convolutions. ‘2H×2W ’ is
for predicting masks at higher resolutions. During inference, the mask

branch outputs are further upsampled to the original image size.

in which the last two channels are x-y pixel coordinates. For more information on
CoordConv, we refer readers to Liu et al. (2018a).

Forming Instance Segmentation

In SOLO, the category prediction and the corresponding mask are naturally associated
by their reference grid cell, i.e., k = i · S + j. Based on this, we can directly form
the final instance segmentation result for each grid. The raw instance segmentation
results are generated by gathering all grid results. Finally, non-maximum-suppression
(NMS) is used across the channels (masks) to obtain the final instance segmentation
results. No other post processing operations are needed.

3.2.2 Network Architecture

SOLO attaches to a convolutional backbone. We use FPN (Lin et al., 2017a), which
generates a pyramid of feature maps with different sizes with a fixed number of chan-
nels (usually 256-d) for each level. These maps are used as input for each prediction
head: semantic category and instance mask. Weights for the head are shared across
different levels. Grid number may varies at different pyramids. Only the last conv is
not shared in this scenario.

To demonstrate the generality and effectiveness of our approach, we instantiate SOLO
with multiple architectures. The differences include: (a) the backbone architecture
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used for feature extraction, (b) the network head for computing the instance segmen-
tation results, and (c) training loss function used to optimize the model. Most of
the experiments are based on the head architecture as shown in Figure 3.3. We also
utilize different variants to further study the generality. We note that our instance
segmentation heads have a straightforward structure. More complex designs have the
potential to improve performance but are not the focus of this work.

3.2.3 SOLO Learning

Label Assignment

For category prediction branch, the network needs to give the object category proba-
bility for each of S×S grid. Specifically, grid (i, j) is considered as a positive sample
if it falls into the center region of any ground truth mask, Otherwise it is a negative
sample. Center sampling is effective in recent works of object detection (Tian et al.,
2019; Kong et al., 2020), and here we also utilize a similar technique for mask category
classification. Given the mass center (cx, cy), width w, and height h of the ground
truth mask, the center region is controlled by constant scale factors ϵ: (cx, cy, ϵw, ϵh).
We set ϵ = 0.2 and there are on average 3 positive samples for each ground truth
mask.

Besides the label for instance category, we also have a binary segmentation mask for
each positive sample. Since there are S2 grids, we also have S2 output masks for
each image. For each positive samples, the corresponding target binary mask will
be annotated. One may be concerned that the order of masks will impact the mask
prediction branch, however, we show that the most simple row-major order works well
for our method.

Loss Function

We define our training loss function as follows:

L = Lcate + λLmask, (3.1)

where Lcate is the conventional Focal Loss (Lin et al., 2017b) for semantic category
classification. Lmask is the loss for mask prediction:

Lmask =
1

Npos

∑
k

1{p∗
i,j>0}dmask(mk,m

∗
k), (3.2)

Here indices i = ⌊k/S⌋, j = kmodS, if we index the grid cells (instance category
labels) from left to right and top to down. Npos denotes the number of positive
samples, p∗ and m∗ represent category and mask target respectively. 1 is the indicator
function, being 1 if p∗

i,j > 0 and 0 otherwise.
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We have compared different implementations of dmask(·, ·): Binary Cross Entropy
(BCE), Focal Loss (Lin et al., 2017b) and Dice Loss (Milletari, Navab, and Ahmadi,
2016). Finally, we employ Dice Loss for its effectiveness and stability in training. λ

in Equation (3.1) is set to 3. The Dice Loss is defined as

LDice = 1−D(p,q), (3.3)

where D is the dice coefficient which is defined as

D(p,q) =
2
∑

x,y(px,y · qx,y)∑
x,y p

2
x,y +

∑
x,y q

2
x,y

. (3.4)

Here px,y and qx,y refer to the value of pixel located at (x, y) in predicted soft mask
p and ground truth mask q.

3.2.4 Inference

The inference of SOLO is very straightforward. Given an input image, we forward it
through the backbone network and FPN, and obtain the category score pi,j at grid
(i, j) and the corresponding masks mk, where k = i · S + j. We first use a confidence
threshold of 0.1 to filter out predictions with low confidence. Then we select the top
500 scoring masks and feed them into the NMS operation. We use a threshold of 0.5
to convert predicted soft masks to binary masks.

Maskness. We calculate maskness for each predicted mask, which represents the
quality and confidence of mask prediction maskness = 1

Nf

∑Nf
i pi. Here Nf the number

of foreground pixels of the predicted soft mask p, i.e., the pixels that have values
greater than threshold 0.5. The classification score for each prediction is multiplied
by the maskness as the final confidence score.

3.3 Experiments

We present experimental results on the MS COCO instance segmentation bench-
mark (Lin et al., 2014), and report ablation studies by evaluating on the 5k val2017

split. For our main results, we report COCO mask AP on the test-dev split, which
has no public labels and is evaluated on the evaluation server.

Training details. SOLO is trained with stochastic gradient descent (SGD). We use
synchronized SGD over 8 GPUs with a total of 16 images per mini-batch. Unless
otherwise specified, all models are trained for 36 epochs with an initial learning rate
of 0.01, which is then divided by 10 at 27th and again at 33th epoch. Weight decay
of 0.0001 and momentum of 0.9 are used. All models are initialized from ImageNet
pre-trained weights. We use scale jitter where the shorter image side is randomly
sampled from 640 to 800 pixels, following (Chen et al., 2019b).
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backbone AP AP50 AP75 APS APM APL

two-stage:
MNC (Dai, He, and Sun, 2016) Res-101-C4 24.6 44.3 24.8 4.7 25.9 43.6
FCIS (Li et al., 2017) Res-101-C5 29.2 49.5 − 7.1 31.3 50.0
Mask R-CNN (He et al., 2017b) Res-101-FPN 35.7 58.0 37.8 15.5 38.1 52.4
MaskLab+ (Chen et al., 2018a) Res-101-C4 37.3 59.8 39.6 16.9 39.9 53.5
Mask R-CNN∗ Res-101-FPN 37.8 59.8 40.7 20.5 40.4 49.3

one-stage:
TensorMask (Chen et al., 2019b) Res-50-FPN 35.4 57.2 37.3 16.3 36.8 49.3
TensorMask (Chen et al., 2019b) Res-101-FPN 37.1 59.3 39.4 17.4 39.1 51.6
YOLACT (Bolya et al., 2019) Res-101-FPN 31.2 50.6 32.8 12.1 33.3 47.1
PolarMask (Xie et al., 2020a) Res-101-FPN 30.4 51.9 31.0 13.4 32.4 42.8

ours:
SOLO Res-50-FPN 36.8 58.6 39.0 15.9 39.5 52.1
SOLO Res-101-FPN 37.8 59.5 40.4 16.4 40.6 54.2
D-SOLO Res-101-FPN 38.4 59.6 41.1 16.8 41.5 54.6
D-SOLO Res-DCN-101-FPN 40.5 62.4 43.7 17.7 43.6 59.3

Table 3.1. Instance segmentation mask AP (%) on the COCO
test-dev. All entries are single-model results. Here we adopt the “6×”
schedule (72 epochs), following Chen et al. (2019b). Mask R-CNN∗

is our improved version with scale augmentation and longer training
time. D-SOLO means Decoupled SOLO as introduced in Section 3.4.

3.3.1 Main Results

We compare SOLO to the state-of-the-art methods in instance segmentation on MS
COCO test-dev in Table 3.1. SOLO with ResNet-101 achieves a mask AP of 37.8%,
the state of the art among existing two-stage instance segmentation methods such as
Mask R-CNN. SOLO outperforms all previous one-stage methods, including Tensor-
Mask (Chen et al., 2019b). Flops of SOLO with ResNet-101 averaged over COCO
val2017 split is 422G. Some SOLO outputs are visualized in Figure 3.6.

3.3.2 How SOLO Works?

We show the network outputs generated by S = 12 grids (Figure 3.4). The sub-
figure (i, j) indicates the soft mask prediction results generated by the corresponding
mask channel. Here we can see that different instances activates at different mask
prediction channels. By explicitly segmenting instances at different positions, SOLO
converts the instance segmentation problem into a position-aware classification task.
Only one instance will be activated at each grid, and one instance may be predicted
by multiple adjacent mask channels. During inference, we use NMS to suppress these
redundant masks.

3.3.3 Ablation Experiments

Grid number. We compare the impacts of grid number on the performance with
single output feature map as shown in Table 3.2. The feature is generated by merging
C3, C4, and C5 outputs in ResNet (stride: 8). To our surprise, S = 12 can already
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Figure 3.4. SOLO behavior. We show the visualization of soft
mask prediction before NMS. Here S = 12. For each column, the top
one is the instance segmentation result, and the bottom one shows
the mask activation maps. The sub-figure (i, j) in an activation map
indicates the mask prediction results (after zooming out) generated by

the corresponding mask channel.

grid number AP AP50 AP75 APS APM APL

12 27.2 44.9 27.6 8.7 27.6 44.5
24 29.0 47.3 29.9 10.0 30.1 45.8
36 28.6 46.3 29.7 9.5 29.5 45.2

Pyramid 35.8 57.1 37.8 15.0 38.7 53.6

Table 3.2. The impact of grid number and FPN. FPN signif-
icantly improves the performance thanks to its ability to deal with

varying sizes of objects.

achieve 27.2% AP on the challenging MS COCO dataset. SOLO achieves 29% AP
when improving the grid number to 24. This results indicate that our single-scale
SOLO can be applicable to some scenarios where object scales do not vary much.

Multi-level Prediction. From Table 3.2 we can see that our single-scale SOLO
could already get 29.0 AP on MS COCO dataset. In this ablation, we show that
the performance could be further improved via multi-level prediction using FPN (Lin
et al., 2017a). We use five pyramids to segment objects of different scales (details
in supplementary). Scales of ground-truth masks are explicitly used to assign them
to the levels of the pyramid. From P2 to P6, the corresponding grid numbers are
[40, 36, 24, 16, 12] respectively. Based on our multi-level prediction, we further achieve
35.8 AP. As expected, the performance over all the metrics has been largely improved.

CoordConv. Another important component that facilitates our SOLO paradigm is
the spatially variant convolution (CoordConv (Liu et al., 2018a)). As shown in Ta-
ble 3.3, the standard convolution can already have spatial variant property to some
extent, which is in accordance with the observation in Liu et al. (2018a). As also
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revealed in Islam*, Jia*, and Bruce (2020), CNNs can implicitly learn the absolute
position information from the commonly used zero-padding operation. However, the
implicitly learned position information is coarse and inaccurate. When making the
convolution access to its own input coordinates through concatenating extra coordi-
nate channels, our method enjoys 3.6 absolute AP gains. Two or more CoordConvs
do not bring noticeable improvement. It suggests that a single CoordConv already
enables the predictions to be well spatially variant/position sensitive.

#CoordConv AP AP50 AP75 APS APM APL

0 32.2 52.6 33.7 11.5 34.3 51.6
1 35.8 57.1 37.8 15.0 38.7 53.6
2 35.7 57.0 37.7 14.9 38.7 53.3
3 35.8 57.4 37.7 15.7 39.0 53.0

Table 3.3. Conv vs. CoordConv. CoordConv can considerably
improve AP upon standard convolution. Two or more layers of Coord-

Conv are not necessary.

Loss function. Table 3.4 compares different loss functions for our mask optimization
branch. The methods include conventional Binary Cross Entropy (BCE), Focal Loss
(FL), and Dice Loss (DL). To obtain improved performance, for Binary Cross Entropy
we set a mask loss weight of 10 and a pixel weight of 2 for positive samples. The mask
loss weight of Focal Loss is set to 20. As shown, the Focal Loss works much better than
ordinary Binary Cross Entropy loss. It is because that the majority of pixels of an
instance mask are in background, and the Focal Loss is designed to mitigate the sample
imbalance problem by decreasing the loss of well-classified samples. However, the Dice
Loss achieves the best results without the need of manually adjusting the loss hyper-
parameters. Dice Loss views the pixels as a whole object and could establish the right
balance between foreground and background pixels automatically. Note that with
carefully tuning the balance hyper-parameters and introducing other training tricks,
the results of Binary Cross Entropy and Focal Loss may be considerably improved.
However the point here is that with the Dice Loss, training typically becomes much
more stable and more likely to attain good results without using much heuristics. To
make a fair comparison, we also show the results of Mask R-CNN with Dice loss in
the supplementary, which performs worse (-0.9AP) than original BCE loss.

Alignment in the category branch. In the category prediction branch, we must
match the convolutional features with spatial size H×W to S×S. Here, we com-
pare three common implementations: interpolation, adaptive-pool, and region-grid-
interpolation. (a) Interpolation: directly bilinear interpolating to the target grid size;
(b) Adaptive-pool: applying a 2D adaptive max-pool over H×W to S×S; (c) Region-
grid-interpolation: for each grid cell, we use bilinear interpolation conditioned on
dense sample points, and aggregate the results with average. From our observation,
there is no noticeable performance gap between these variants (± 0.1AP), indicating
that the alignment process does not have a significant impact on the final accuracy.
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mask loss AP AP50 AP75 APS APM APL

BCE 30.0 50.4 31.0 10.1 32.5 47.7
FL 31.6 51.1 33.3 9.9 34.9 49.8
DL 35.8 57.1 37.8 15.0 38.7 53.6

Table 3.4. Different loss functions may be employed in the mask
branch. The Dice loss (DL) leads to best AP and is more stable to

train.

Different head depth. In SOLO, instance segmentation is formulated as a pixel-to-
pixel task and we exploit the spatial layout of masks by using an FCN. In Table 3.5,
we compare different head depth used in our work. Changing the head depth from 4
to 7 gives 1.2 AP gains. The results show that when the depth grows beyond 7, the
performance becomes stable. In this work, we use depth being 7 in other experiments.

head depth 4 5 6 7 8

AP 34.6 35.2 35.5 35.8 35.8

Table 3.5. Different head depth. We use depth being 7 in other
experiments, as the performance becomes stable when the depth grows

beyond 7.

Previous works (e.g., Mask R-CNN) usually adopt four conv layers for mask predic-
tion. In SOLO, the mask is conditioned on the spatial position and we simply attach
the coordinate to the beginning of the head. The mask head must have enough repre-
sentation power to learn such transformation. For the semantic category branch, the
computational overhead is negligible since S2 ≪ H ×W .

3.3.4 SOLO-512

Speed-wise, the Res-101-FPN SOLO runs at 10.4 FPS on a V100 GPU (all post-
processing included), vs. TensorMask’s 2.6 FPS and Mask R-CNN’s 11.1 FPS. We
also train a smaller version of SOLO designed to speed up the inference. We use a
model with smaller input resolution (shorter image size of 512 instead of 800). Other
training and testing parameters are the same between SOLO-512 and SOLO.

backbone AP AP50 AP75 fps

SOLO ResNet-50-FPN 36.0 57.5 38.0 12.1
SOLO ResNet-101-FPN 37.1 58.7 39.4 10.4

SOLO-512 ResNet-50-FPN 34.2 55.9 36.0 22.5
SOLO-512 ResNet-101-FPN 35.0 57.1 37.0 19.2

Table 3.6. SOLO-512. SOLO-512 uses a model with smaller input
size. All models are evaluated on val2017. Here the models are trained

with “6×” schedule.



24 Chapter 3. SOLO: Segmenting Objects by Locations

With 34.2 mask AP, SOLO-512 achieves a model inference speed of 22.5 FPS, showing
that SOLO has potentiality for real-time instance segmentation applications. The
speed is reported on a single V100 GPU by averaging 5 runs.

3.3.5 Error Analysis

To quantitatively understand SOLO for mask prediction, we perform an error anal-
ysis by replacing the predicted masks with ground-truth values. For each predicted
binary mask, we compute IoUs with ground-truth masks, and replace it with the most
overlapping ground-truth mask. As reported in Table 3.7, if we replace the predicted
masks with ground-truth masks, the AP increases to 68.1%. This experiment suggests
that there are still ample room for improving the mask branch. We expect techniques
developed (a) in semantic segmentation, and (b) for dealing occluded/tiny objects
could be applied to boost the performance.

AP AP50 AP75 APS APM APL

baseline 37.1 58.7 39.4 16.0 41.1 54.2
w/gt mask 68.1 68.3 68.2 46.1 75.0 78.5

Table 3.7. Error analysis. Replacing the predicted instance mask
with the ground-truth ones improves the mask AP from 37.1 to 68.1,
suggesting that the mask branch still has ample room to be improved.

The models are based on ResNet-101-FPN.

3.4 Decoupled SOLO

Given an predefined grid number, e.g., S = 20, our SOLO head outputs S2 = 400

channel maps. However, the prediction is somewhat redundant as in most cases
the objects are located sparsely in the image. In this section, we further introduce
an equivalent and significantly more efficient variant of the vanilla SOLO, termed
Decoupled SOLO, shown in Figure 3.5.

In Decoupled SOLO, the original output tensor M ∈ RH×W×S2 is replaced with two
output tensors X ∈ RH×W×S and Y ∈ RH×W×S , corresponding two axes respectively.
Thus, the output space is decreased from H×W×S2 to H×W×2S. For an object
located at grid location (i, j), the mask prediction of that object is defined as the
element-wise multiplication of two channel maps:

mk = xj ⊗ yi, (3.5)

where xj and yi are the jth and ith channel map of X and Y after sigmoid operation.
The motivation behind this is that the probability of a pixel belonging to location
category (i, j) is the joint probability of belonging to ith row and jth column, as the
horizontal and vertical location categories are independent.
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(b) Decoupled head

Figure 3.5. Decoupled SOLO head. F is input feature. Dashed
arrows denote convolutions. k = i · S + j. ‘⊗’ denotes element-wise

multiplication.

We conduct experiments using the the same hyper-parameters as vanilla SOLO. As
shown in Table 3.1, Decoupled SOLO even achieves slightly better performance (0.6
AP gains) than vanilla SOLO. With DCN-101 (Dai et al., 2017a) backbone, we further
achieve 40.5 AP, which is considerably better than current dominant approaches. It
indicates that the Decoupled SOLO serves as an efficient and equivalent variant in
accuracy of SOLO. Note that, as the output space is largely reduced, the Decoupled
SOLO needs considerably less GPU memory during training and testing.

Figure 3.6. Visualization of instance segmentation results
using the Res-101-FPN backbone. The model is trained on the COCO
train2017 dataset, achieving a mask AP of 37.8 on the COCO test-

dev.

3.5 Conclusion

In this work we have developed a direct instance segmentation framework, termed
SOLO. Our SOLO is end-to-end trainable and can directly map a raw input image to
the desired instance masks with constant inference time, eliminating the need for the
grouping post-processing as in bottom-up methods or the bounding-box detection and



26 Chapter 3. SOLO: Segmenting Objects by Locations

RoI operations in top-down approaches. Given the simplicity, flexibility, and strong
performance of SOLO, we hope that our SOLO can serve as a cornerstone for many
instance-level recognition tasks.
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Chapter 4

SOLOv2: Dynamic and Fast
Instance Segmentation

4.1 Introduction

For representing the object locations, bounding box stands out for its simplicity.
Localizing objects using bounding boxes has been extensively explored, including the
problem formulation, network architecture, post-processing and all those focusing on
optimizing and processing the bounding boxes. The tailored solutions largely boost
the performance and efficiency, thus enabling wide downstream applications recently.
However, bounding boxes are coarse and unnatural. Human vision can effortlessly
localize objects by their irregular boundaries. Instance segmentation, i.e., localizing
objects using masks, pushes object localization to the limit at pixel level and opens
up opportunities to more instance-level perception and applications. To date, most
existing methods deal with instance segmentation in the view of bounding boxes, i.e.,
segmenting objects in (anchor) bounding boxes. How to develop direct, efficient and
strong instance segmentation including the supporting facilities, e.g., post-processing,
is largely unexplored compared to bounding box detection and instance segmentation
methods built on top of it.

SOLO has taken the first step to build an embarrassingly simple and direct instance
segmentation system. SOLO formulates the task of instance segmentation as two
sub-tasks of pixel-level classification, solvable using standard FCNs, thus dramati-
cally simplifying the formulation of instance segmentation. It takes an image as in-
put, directly outputs instance masks and corresponding class probabilities, in a fully
convolutional, box-free and grouping-free paradigm. However, three main bottlenecks
limit the performance of SOLO: a) inefficient mask representation and learning; b) not
high enough resolution for finer mask predictions; c) slow mask NMS. In this work,
we eliminate the above bottlenecks all at once.

We first introduce a dynamic scheme, which enables dynamically segmenting objects
by locations. Specifically, the mask learning process can be divided into two parts:
convolution kernel learning and feature learning (Figure 4.2(b)). When classifying the
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Figure 4.1. Comparison of instance segmentation performance by
SOLOv2 and other methods on the COCO test-dev. (a) The pro-
posed SOLOv2 outperforms a range of state-of-the-art algorithms.
All methods are evaluated using one Tesla V100 GPU. (b) SOLOv2
obtains higher-quality masks compared with Mask R-CNN. Mask R-
CNN’s mask head is typically restricted to 28× 28 resolution, leading

to inferior prediction at object boundaries.

pixels into different location categories, the mask kernels are predicted dynamically by
the network and conditioned on the input. We further construct a unified and high-
resolution mask feature representation for instance-aware segmentation. As such, we
are able to predict high-resolution object masks, as well as learning the mask kernels
and mask features separately and efficiently.

We further propose an efficient and effective matrix NMS algorithm. As a post-
processing step for suppressing the duplicate predictions, non-maximum suppression
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(NMS) serves as an integral part in state-of-the-art object detection systems. Take
the widely adopted multi-class NMS for example. For each class, the predictions
are sorted in descending order by confidence. Then for each prediction, it removes
all other highly overlapped predictions. Such sequential and recursive operations
result in non-negligible latency. For mask NMS, this drawback is further magnified.
Compared to bounding box, it consumes more time to compute the IoU of each mask
pair, thus leading to huge overhead. We address this problem by introducing Matrix
NMS, which performs NMS with parallel matrix operations in one shot. Our Matrix
NMS outperforms the existing NMS and its varieties in both accuracy and speed.
As a result, Matrix NMS processes 500 masks in less than 1 ms in simple python
implementation, and outperforms the recently proposed Fast NMS (Bolya et al., 2019)
by 0.4% AP.

With these improvements, SOLOv2 outperforms SOLO by 1.9% AP while being 33%
faster. The Res-50-FPN SOLOv2 achieves 38.8% mask AP at 18 FPS on the challeng-
ing MS COCO dataset, evaluated on a single V100 GPU card. A light-weight version
of SOLOv2 executes at 31.3 FPS and yields 37.1% mask AP. Interestingly, although
the concept of bounding box is thoroughly eliminated in our method, our bounding
box byproduct, i.e., by directly converting the predicted mask to its bounding box,
yields 44.9% AP for object detection, which even surpasses many state-of-the-art,
highly-engineered object detection methods.

We believe that, with our simple, fast and sufficiently strong solution, instance segmen-
tation can be a popular alternative to the widely used object bounding box detection,
and SOLOv2 may play an important role and predict its wide applications.

4.2 Proposed Method: SOLOv2

An instance segmentation system should separate different instances at pixel level. To
distinguish instances, we follow the basic concept of ‘segmenting objects by locations’
introduced in Chapter 3. The input image is conceptually divided into S × S grids.
If the center of an object falls into a grid cell, then the grid cell corresponds to a
binary mask for that object. As such, the system outputs S2 masks in total, denoted
as M ∈ RH×W×S2 . The kth channel is responsible for segmenting instance at position
(i, j), where k = i · S + j (see Figure 4.2(a)).

Such paradigm could generate the instance segmentation results in an elegant way.
However, there are three main bottlenecks that limit its performance: a) inefficient
mask representation and learning. It takes a lot of memory and computation to predict
the output tensor M , which has S2 channels. Besides, as the S is different for different
FPN level, the last layer of each level is learned separately and not shared, which
results in an inefficient training. b) inaccurate mask predictions. Finer predictions
require high-resolution masks to deal with the details at object boundaries. But large
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Figure 4.2. SOLOv2 compared to SOLO. I is the input feature
after FCN-backbone representation extraction. Dashed arrows denote
convolutions. k = i · S + j; and ‘⊛’ denotes the dynamic convolution

operation.

resolutions will considerably increase the computational cost. c) slow mask NMS.
Compared with box NMS, mask NMS takes more time and leads to a larger overhead.

In this section, we show that these challenges can be effectively solved by our proposed
dynamic mask representation and Matrix NMS, and we introduce them in the sequel.

4.2.1 Dynamic Instance Segmentation

We first briefly revisit the mask generation in SOLO. To generate the instance mask
of S2 channels corresponding to S × S grids, the last layer takes one level of pyramid
features F ∈ RH×W×E as input and at last applies a convolution layer with S2 output
channels. The operation can be written as:

Mi,j = Gi,j ⊛ F, (4.1)

where Gi,j ∈ R1×1×E is the convolution kernel, and Mi,j ∈ RH×W is the final mask
containing only one instance whose center is at location (i, j).
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In other words, we need two input F and G to generate the final mask M . Previous
work explicitly output the whole M for training and inference. Note that tensor M

is very large, and to directly predict M is memory and computational inefficient. In
most cases the objects are located sparsely in the image. M is redundant as only a
small part of S2 kernels actually functions during a single inference.

From another perspective, if we separately learn F and G, the final M could be
directly generated using the both components. In this way, we can simply pick the
valid ones from predicted S2 kernels and perform the convolution dynamically. The
number of model parameters also decreases. What is more, as the predicted kernel is
generated dynamically conditioned on the input, it benefits from the flexibility and
adaptive nature. Additionally, each of S2 kernels is conditioned on the location. It is
in accordance with the core idea of segmenting objects by locations and goes a step
further by predicting the segmenters by locations.

Mask Kernel G

Given the backbone and FPN, we predict the mask kernel G at each pyramid level.
We first resize the input feature FI ∈ RHI×WI×C into shape of S × S × C. Then
4×convs and a final 3× 3×D conv are employed to generate the kernel G. We add
the spatial functionality to FI by giving the first convolution access to the normalized
coordinates following CoordConv (Liu et al., 2018a), i.e., concatenating two additional
input channels which contains pixel coordinates normalized to [−1, 1]. Weights for the
head are shared across different feature map levels.

For each grid, the kernel branch predicts the D-dimensional output to indicate pre-
dicted convolution kernel weights, where D is the number of parameters. For generat-
ing the weights of a 1×1 convolution with E input channels, D equals E. As for 3×3

convolution, D equals 9E. These generated weights are conditioned on the locations,
i.e., the grid cells. If we divide the input image into S×S grids, the output space will
be S×S×D, There is no activation function on the output.

Mask Feature F

Since the mask feature and mask kernel are decoupled and separately predicted, there
are two ways to construct the mask feature. We can put it into the head, along
with the kernel branch. It means that we predict the mask features for each FPN
level. Or, to predict a unified mask feature representation for all FPN levels. We
have compared the two implementations in Section 4.3.1 by experiments. Finally, we
employ the latter one for its effectiveness and efficiency.

For learning a unified and high-resolution mask feature representation, we apply fea-
ture pyramid fusion inspired by the semantic segmentation in Kirillov et al. (2019a).
After repeated stages of 3 × 3 conv, group norm (Wu and He, 2018), ReLU and 2×
bilinear upsampling, the FPN features P2 to P5 are merged into a single output at 1/4
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scale. The last layer after the element-wise summation consists of 1× 1 convolution,
group norm and ReLU. It should be noted that we feed normalized pixel coordinates
to the deepest FPN level (at 1/32 scale), before the convolutions and bilinear upsam-
plings. The provided accurate position information is important for enabling position
sensitivity and predicting instance-aware features.

Forming Instance Mask

For each grid cell at (i, j), we first obtain the mask kernel Gi,j,: ∈ RD. Then Gi,j,: is
convolved with F to get the instance mask. In total, there will be at most S2 masks
for each prediction level. Finally, we use the proposed Matrix NMS to get the final
instance segmentation results.

Learning and Inference

The training loss function is defined as follows:

L = Lcate + λLmask, (4.2)

where Lcate is the conventional Focal Loss (Lin et al., 2017b) for semantic category
classification, Lmask is the Dice Loss for mask prediction. For more details, we refer
readers to Chapter 3.

During the inference, we forward input image through the backbone network and FPN,
and obtain the category score pi,j at grid (i, j). We first use a confidence threshold of
0.1 to filter out predictions with low confidence. The corresponding predicted mask
kernels are then used to perform convolution on the mask feature. After the sigmoid

operation, we use a threshold of 0.5 to convert predicted soft masks to binary masks.
The last step is the Matrix NMS.

4.2.2 Matrix NMS

Motivation. Our Matrix NMS is motivated by Soft-NMS (Bodla et al., 2017). Soft-
NMS decays the other detection scores as a monotonic decreasing function f(iou)

of their overlaps. By decaying the scores according to IoUs recursively, higher IoU
detections will be eliminated with a minimum score threshold. However, such process
is sequential like traditional Greedy NMS and could not be implemented in parallel.

Matrix NMS views this process from another perspective by considering how a pre-
dicted mask mj being suppressed. For mj , its decay factor is affected by: (a) The
penalty of each prediction mi on mj (si > sj), where si and sj are the confidence
scores; and (b) the probability of mi being suppressed. For (a), the penalty of each
prediction mi on mj could be easily computed by f(ioui,j). For (b), the probability
of mi being suppressed is not so elegant to be computed. However, the probability
usually has positive correlation with the IoUs. So here we directly approximate the
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backbone AP AP50 AP75 APS APM APL

box-based:
Mask R-CNN (He et al., 2017b) Res-101-FPN 35.7 58.0 37.8 15.5 38.1 52.4
Mask R-CNN∗ Res-101-FPN 37.8 59.8 40.7 20.5 40.4 49.3
MaskLab+ (Chen et al., 2018a) Res-101-C4 37.3 59.8 39.6 16.9 39.9 53.5
TensorMask (Chen et al., 2019b) Res-101-FPN 37.1 59.3 39.4 17.4 39.1 51.6
YOLACT (Bolya et al., 2019) Res-101-FPN 31.2 50.6 32.8 12.1 33.3 47.1
MEInst (Zhang et al., 2020) Res-101-FPN 33.9 56.2 35.4 19.8 36.1 42.3
CenterMask (Wang et al., 2020c) Hourglass-104 34.5 56.1 36.3 16.3 37.4 48.4
BlendMask (Chen et al., 2020a) Res-101-FPN 38.4 60.7 41.3 18.2 41.5 53.3

box-free:
PolarMask (Xie et al., 2020a) Res-101-FPN 32.1 53.7 33.1 14.7 33.8 45.3
SOLO (Wang et al., 2020a) Res-101-FPN 37.8 59.5 40.4 16.4 40.6 54.2
SOLOv2 Res-50-FPN 38.8 59.9 41.7 16.5 41.7 56.2
SOLOv2 Res-101-FPN 39.7 60.7 42.9 17.3 42.9 57.4
SOLOv2 Res-DCN-101-FPN 41.7 63.2 45.1 18.0 45.0 61.6

Table 4.1. Instance segmentation mask AP (%) on COCO test-
dev. All entries are single-model results. Mask R-CNN∗ is our im-
proved version with scale augmentation and longer training time (6×).

‘DCN’ means deformable convolutions used.

probability by the most overlapped prediction on mi as

f(iou·,i) = min
∀sk>si

f(iouk,i). (4.3)

To this end, the final decay factor becomes

decayj = min
∀si>sj

f(ioui,j)

f(iou·,i)
, (4.4)

and the updated score is computed by sj = sj · decayj . We consider two most sim-
ple decremented functions, denoted as linear f(ioui,j) = 1 − ioui,j , and Gaussian

f(ioui,j) = exp
(
−iou2i,j

σ

)
.

Implementation. All the operations in Matrix NMS could be implemented in one
shot without recurrence. We first compute a N ×N pairwise IoU matrix for the top
N predictions sorted descending by score. For binary masks, the IoU matrix could be
efficiently implemented by matrix operations. Then we get the most overlapping IoUs
by column-wise max on the IoU matrix. Next, the decay factors of all higher scoring
predictions are computed, and the decay factor for each prediction is selected as the
most effect one by column-wise min (Eqn. (4.4)). Finally, the scores are updated by
the decay factors. For usage, we just need thresholding and selecting top-k scoring
masks as the final predictions.

In our code base, Matrix NMS is 9×faster than traditional NMS and being more
accurate (Table 4.6). We show that Matrix NMS serves as a superior alternative of
traditional NMS in both accuracy and speed, and can be easily integrated into the
state-of-the-art detection/segmentation systems.
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4.3 Experiments

To evaluate the proposed method SOLOv2, we conduct experiments on three basic
tasks, instance segmentation, object detection, and panoptic segmentation on MS
COCO (Lin et al., 2014). We also present experimental results on the recently pro-
posed LVIS dataset (Gupta, Dollar, and Girshick, 2019), which has more than 1K
categories and thus is considerably more challenging.

4.3.1 Instance Segmentation

For instance segmentation, we report lesion and sensitivity studies by evaluating on
the COCO 5K val2017 split. We also report COCO mask AP on the test-dev
split, which is evaluated on the evaluation server. SOLOv2 is trained with stochastic
gradient descent (SGD). We use synchronized SGD over 8 GPUs with a total of 16
images per mini-batch. Unless otherwise specified, all models are trained for 36 epochs
(i.e., 3×) with an initial learning rate of 0.01, which is then divided by 10 at 27th
and again at 33th epoch. We use scale jitter where the shorter image side is randomly
sampled from 640 to 800 pixels.

Main Results

We compare SOLOv2 to the state-of-the-art methods in instance segmentation on MS
COCO test-dev in Table 4.1. SOLOv2 with ResNet-101 achieves a mask AP of 39.7%,
which is much better than other state-of-the-art instance segmentation methods. Our
method shows its superiority especially on large objects (e.g., +5.0 APL than Mask
R-CNN).

We also provide the speed-accuracy trade-off on COCO to compare with some dom-
inant instance segmenters (Figure 4.1 (a)). We show our models with ResNet-50,
ResNet-101, ResNet-DCN-101 and two light-weight versions described in Section 4.3.1.
The proposed SOLOv2 outperforms a range of state-of-the-art algorithms, both in ac-
curacy and speed. The running time is tested on our local machine, with a single
V100 GPU. We download code and pre-trained models to test inference time for each
model on the same machine. Further, as described in Figure 4.1 (b), SOLOv2 predicts
much finer masks than Mask R-CNN which performs on the local region.

Beside the MS COCO dataset, we also demonstrate the effectiveness of SOLOv2 on
LVIS dataset. Table 4.2 reports the performances on the rare (1∼10 images), common
(11∼100), and frequent (> 100) subsets, as well as the overall AP. Both the reported
Mask R-CNN and SOLOv2 use data resampling training strategy, following Gupta,
Dollar, and Girshick (2019). Our SOLOv2 outperforms the baseline method by about
1% AP. For large-size objects (APL), our SOLOv2 achieves 6.7% AP improvement,
which is consistent with the results on the COCO dataset.
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backbone APr APc APf APS APM APL AP

Mask-RCNN Res-50-FPN 14.5 24.3 28.4 - - - 24.4
Mask-RCNN∗-3× Res-50-FPN 12.1 25.8 28.1 18.7 31.2 38.2 24.6
SOLOv2 Res-50-FPN 13.4 26.6 28.9 15.9 34.6 44.9 25.5
SOLOv2 Res-101-FPN 16.3 27.6 30.1 16.8 35.8 47.0 26.8

Table 4.2. Instance segmentation results on the LVISv0.5 validation
dataset. ∗ means re-implementation.

Figure 4.3. Visualization of instance segmentation results
using SOLOv2 ResNet-101 backbone. The model is trained on the
COCO train2017 dataset, achieving a mask AP of 39.7% on the

COCO test-dev.

We further show visualization of the final instance segmentation results in Figure 4.3.
Different objects are in different colors. Our method shows promising results in diverse
scenes. It is worth pointing out that the details at the boundaries are segmented well,
especially for large objects.

Ablation Experiments

We investigate and compare the following five aspects in our methods.
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Kernel shape. We consider the kernel shape from two aspects: number of input
channels and kernel size. The comparisons are shown in Table 4.3. 1× 1 conv shows
equivalent performance to 3 × 3 conv. Changing the number of input channels from
128 to 256 attains 0.4% AP gains. When it grows beyond 256, the performance
becomes stable. In this work, we set the number of input channels to be 256 in all
other experiments.

Kernel shape AP AP50 AP75 APS APM APL

3× 3× 64 37.4 58.0 39.9 15.6 40.8 56.9
1× 1× 64 37.4 58.1 40.1 15.5 41.1 56.3
1× 1× 128 37.4 58.1 40.2 15.8 41.1 56.6
1× 1× 256 37.8 58.5 40.4 15.6 41.3 56.8
1× 1× 512 37.7 58.3 40.4 15.4 41.5 56.6

Table 4.3. Kernel shape. The performance is stable when the
shape goes beyond 1× 1× 256.

Effectiveness of coordinates. Since our method segments objects by locations, or
specifically, learns the object segmenters by locations, the position information is very
important. For example, if the mask kernel branch is unaware of the positions, the
objects with the same appearance may have the same predicted kernel, leading to the
same output mask. On the other hand, if the mask feature branch is unaware of the
position information, it would not know how to assign the pixels to different feature
channels in the order that matches the mask kernel. As shown in Table 4.4, the model
achieves 36.3% AP without explicit coordinates input. The results are reasonably
good because that CNNs can implicitly learn the absolute position information from
the commonly used zero-padding operation, as revealed in Islam*, Jia*, and Bruce
(2020). The pyramid zero-paddings in our mask feature branch should have con-
tributed considerably. However, the implicitly learned position information is coarse
and inaccurate. When making the convolution access to its own input coordinates
through concatenating extra coordinate channels, our method enjoys 1.5% absolute
AP gains.

Kernel Feature AP AP50 AP75 APS APM APL

36.3 57.4 38.6 15.6 39.8 54.7
✓ 36.3 57.3 38.5 15.1 40.0 54.1

✓ 37.1 58.0 39.4 15.2 40.5 55.9
✓ ✓ 37.8 58.5 40.4 15.6 41.3 56.8

Table 4.4. Explicit coordinates. Precise coordinates input can
considerably improve the results.

Unified mask feature representation. For mask feature learning, we have two
options: to learn the feature in the head separately for each FPN level or to construct
a unified representation. For the former one, we implement as SOLO and use seven
3 × 3 convolutions to predict the mask features. For the latter one, we fuse the
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FPN’s features in a simple way and obtain the unified mask representations. The
detailed implementation is in supplementary material. We compare these two modes
in Table 4.5. As shown, the unified representation achieves better results, especially
for the medium and large objects. This is easy to understand: In separate way, the
large-size objects are assigned to high-level feature maps of low spatial resolutions,
leading to coarse boundary prediction.

Mask Feature AP AP50 AP75 APS APM APL

Separate 37.3 58.2 40.0 15.7 40.8 55.5
Unified 37.8 58.5 40.4 15.6 41.3 56.8

Table 4.5. Mask feature representation. We compare the sep-
arate mask feature representation in parallel heads and the unified

representation.

Matrix NMS. Our Matrix NMS can be implemented totally in parallel. Table 4.6
presents the speed and accuracy comparison of Hard-NMS, Soft-NMS, Fast NMS and
our Matrix NMS. Since all methods need to compute the IoU matrix, we pre-compute
the IoU matrix in advance for fair comparison. The speed reported here is that of the
NMS process alone, excluding computing IoU matrices. Hard-NMS and Soft-NMS are
widely used in current object detection and segmentation models. Unfortunately, both
methods are recursive and spend much time budget (e.g., 22 ms). Our Matrix NMS
only needs <1 ms and is almost cost free! Here we also show the performance of Fast
NMS, which utilizes matrix operations but with performance penalty. To conclude,
our Matrix NMS shows its advantages on both speed and accuracy.

Method Iter? Time (ms) AP

Hard-NMS ✓ 9 36.3
Soft-NMS ✓ 22 36.5
Fast NMS ✗ <1 36.2

Matrix NMS ✗ <1 36.6

Table 4.6. Matrix NMS. Matrix NMS outperforms other methods
in both speed and accuracy.

Real-time setting. We design two light-weight models for different purposes. 1)
Speed priority, the number of convolution layers in the prediction head is reduced
to two and the input shorter side is 448. 2) Accuracy priority, the number of
convolution layers in the prediction head is reduced to three and the input shorter
side is 512. Moreover, deformable convolution (Dai et al., 2017b) is used in the
backbone and the last layer of prediction head. We train both models with the 3×
schedule, with shorter side randomly sampled from [352, 512]. Results are shown in
Table 4.7. SOLOv2 can not only push state-of-the-art, but has also been ready for
real-time applications.
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Model AP AP50 AP75 APS APM APL fps

SOLOv2-448 34.0 54.0 36.1 10.3 36.3 54.4 46.5
SOLOv2-512 37.1 57.7 39.7 12.9 40.0 57.4 31.3

Table 4.7. Real-time SOLOv2. The speed is reported on a single
V100 GPU by averaging 5 runs (on COCO test-dev).

Training schedule. We report the results of different training schedules in Table 4.8,
including 12 epochs using single-scale training (1×) and 36 epochs with multi-scale
training (3×).

Schedule AP AP50 AP75 APS APM APL

1× 34.8 54.8 36.8 13.1 38.0 53.8
3× 37.8 58.5 40.4 15.6 41.3 56.8

Table 4.8. Training schedule. 1× means 12 epochs using single-
scale training. 3× means 36 epochs with multi-scale training.

4.3.2 Extension: Object Detection

Although our instance segmentation solution removes the dependence of bounding box
prediction, we are able to produce the 4D object bounding box from each instance
mask. In Table S5 in the supplementary, we compare the generated box detection per-
formance with other object detection methods on MS COCO. All models are trained
on the train2017 subset and tested on test-dev.

As shown in Table 4.9, our detection results outperform most methods, especially
for objects of large sizes, demonstrating the effectiveness of SOLOv2 in bounding-box
object detection. We also plot the speed/accuracy trade-off curve for different methods
in Figure 4.4. We show our models with ResNet-101 and two light-weight versions
described above. The plot reveals that the bounding box performance of SOLOv2
beats most recent object detection methods in both accuracy and speed. Here we
emphasize that our results are directly generated from the off-the-shelf instance mask,
without any box based training or engineering.

An observation from Figure 4.4 is as follows. If one does not care much about the
annotation cost difference between mask annotation and bounding box annotation, it
appears to us that there is no reason to use box detectors for downstream applications,
considering the fact that our SOLOv2 beats most modern detectors in both accuracy
and speed.

4.3.3 Extension: Panoptic Segmentation

We also demonstrate the effectiveness of SOLOv2 on the problem of panoptic seg-
mentation (Kirillov et al., 2019b). The proposed SOLOv2 can be easily extended
to panoptic segmentation by adding the semantic segmentation branch, analogue to
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backbone AP AP50 AP75 APS APM APL

YOLOv3 (Redmon and Farhadi, 2018b) DarkNet53 33.0 57.9 34.4 18.3 35.4 41.9
SSD513 (Liu et al., 2016) ResNet-101 31.2 50.4 33.3 10.2 34.5 49.8
DSSD513 (Liu et al., 2016) ResNet-101 33.2 53.3 35.2 13.0 35.4 51.1
RefineDet (Zhang et al., 2018) ResNet-101 36.4 57.5 39.5 16.6 39.9 51.4
Faster R-CNN (Lin et al., 2017a) Res-101-FPN 36.2 59.1 39.0 18.2 39.0 48.2
RetinaNet (Lin et al., 2017b) Res-101-FPN 39.1 59.1 42.3 21.8 42.7 50.2
FoveaBox (Kong et al., 2020) Res-101-FPN 40.6 60.1 43.5 23.3 45.2 54.5
RPDet (Yang et al., 2019) Res-101-FPN 41.0 62.9 44.3 23.6 44.1 51.7
FCOS (Tian et al., 2019) Res-101-FPN 41.5 60.7 45.0 24.4 44.8 51.6
SOLOv2 Res-50-FPN 40.4 59.8 42.8 20.5 44.2 53.9
SOLOv2 Res-101-FPN 42.6 61.2 45.6 22.3 46.7 56.3
SOLOv2 Res-DCN-101-FPN 44.9 63.8 48.2 23.1 48.9 61.2

Table 4.9. Object detection box AP (%) on the MS COCO test-
dev. Although our bounding boxes are directly generated from the pre-
dicted masks, the accuracy outperforms most state-of-the-art methods.
Speed-accuracy trade-off of typical methods is shown in Figure 4.4.
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Figure 4.4. SOLOv2 for object detection. Speed-accuracy trade-
off of bounding-box detection on the COCO test-dev.

the mask feature branch. We use annotations of COCO 2018 panoptic segmentation
task. All models are trained on train2017 subset and tested on val2017. We use
the same strategy as in Panoptic-FPN (Kirillov et al., 2019a) to combine instance
and semantic results. As shown in Table 4.10, our method achieves state-of-the-art
results and outperforms other recent box-free methods by a large margin. All methods
listed use the same backbone (ResNet50-FPN) except SSAP (ResNet101) and Pano-
DeepLab (Xception-71). Note that UPSNet has used deformable convolutions (Dai
et al., 2017b) for better performance.

4.3.4 Extension: Instance-level Image Matting

Image matting is a fundamental problem in computer vision and graphics and has at-
tracted much research attention (Levin, Lischinski, and Weiss, 2007; Xu et al., 2017;
Lu et al., 2019). Given an image, image matting demands for accurate foreground
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PQ PQTh PQSt

box-based:
AUNet (Li et al., 2019b) 39.6 49.1 25.2
UPSNet (Xiong et al., 2019) 42.5 48.5 33.4
Panoptic-FPN (Kirillov et al., 2019a) 39.0 45.9 28.7
Panoptic-FPN∗-1× 38.7 45.9 27.8
Panoptic-FPN∗-3× 40.8 48.3 29.4

box-free:
AdaptIS (Sofiiuk, Barinova, and Konushin, 2019) 35.9 40.3 29.3
SSAP (Gao et al., 2019) 36.5 − −
Pano-DeepLab (Cheng et al., 2020) 39.7 43.9 33.2
SOLOv2 42.1 49.6 30.7

Table 4.10. SOLOv2 for panoptic segmentation – results on MS
COCO val2017. ∗ means re-implementation.

estimation, which is typically formulated as the alpha map prediction, i.e., to out-
put the soft transition between foreground and background. Most matting methods
require an extra trimap input, which indicates the regions of absolute foreground,
absolute background and unknown. Few methods (Chen et al., 2018b; Zhang et al.,
2019; Liu et al., 2020a) explore the trimap-free solution. There is an obvious ambigu-
ity: without trimap it is very challenging to tell which object is the target foreground
object given multiple objects in an image. However, it can be solved from another
perspective: to perform image matting at the instance level. Thus, we will be able
to deal with arbitrary foreground objects and enable much more flexible, automated
image editing.

To further demonstrate the flexibility of the proposed framework, we extend the pro-
posed instance segmentation framework to perform image matting at instance-level.
Thanks to the ability of generating high-quality object masks, our method is able to
solve instance-level image matting problem with minimal modifications.

In this setting, instead of the binary pixel-wise mask, for each instance, we want to
attain the soft transitions between objects and the background, i.e., soft matte, which
is critically important for photo-realistic image manipulation.

Method

The modifications lie in the mask feature branch and the loss function. In mask
feature branch, we use the raw input to enhance the feature representation in image
details. For the loss function, we add a mean average error term computed between
the predicted soft matte and the ground-truth matte. The model is initialized by the
weights pre-trained on COCO instance segmentation. During inference, we obtain the
soft mattes after sigmoid operation and no thresholding is needed.
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(a) Before the Details Refinement module (b) After the Details Refinement module

Figure 4.5. Behavior of the Details Refinement module. Each plot-
ted sub-figure corresponds to one of the 32 channels of the input/out-
put feature maps. The output feature map recovers the low-level de-

tails. Best viewed on screens.

In parallel with the prediction head, the mask feature branch takes the feature maps
as input and fuses them into a 1/4 scale feature map. Specifically, we modify the
mask feature branch by introducing the Details Refinement module. It takes 1/4 scale
fused features and 1/1 scale raw image as input and outputs the 1/1 scale low-level
features. Specifically, after 1×1 conv the 4× bilinear upsampling, the input features
are concatenated with the raw RGB input. The output features after three 3×3 convs
are expanded to 256 channels through a 1 × 1 conv. The hidden feature maps all have
a small number of channels, e.g., 32. The output and the upsampled original features
are fused together through an element-wise summation as the final mask features,
which will be convolved by the predicted convolution kernels to generate individual
soft mattes for all the objects.

Dataset

To our knowledge, no existing public datasets provide separate alpha matte annota-
tions for each instance. Thus, we construct a training set consists of human matting
data with 880 alpha mattes and 520 images with person category from the LVIS
training set (Gupta, Dollar, and Girshick, 2019).

Results

We apply the well-trained model to the images collected from the Internet. As shown
in Figure 4.6(a), our model is able to generate high-quality alpha matte. The predicted
alpha matte enables us to perform some image editing applications for instance-level
image editing and compositing. The accurate predictions at object boundaries make
the composite image look very natural. In order to analyze the effect of details refine-
ment, we visualize the feature maps at its input and output. As shown in Figure 4.5(a),
the input feature maps show coarse activation at boundaries and details. The details
are recovered after the detail refinement.

Note that the model trained with human matting data has reasonable matting re-
sults for objects of other categories, e.g., the dog in Figure 4.6(a). This capability
comes from two aspects. 1) As mentioned in Section 4.3.4, the model is initialized
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(a) Image Matting Results

(b) Image Editing Applications

Figure 4.6. (a) Visualization of image matting results. We show
the input image and the corresponding output alpha matte of our
method. Best viewed on screens. (b) Demonstration of image editing
applications (from left to right: original image; Bokeh background

effect focusing on one instance; image composition).

by the weights pre-trained on COCO instance segmentation. During the training, the
weights of the object category branch are frozen for maintaining the strong object
recognition ability. 2) The matting capability is transferred from human to other cat-
egories. Because in our framework, the matte prediction is class-agnostic. Basically,
the mask branch predicts the soft masks for all the potential objects. The object
classes are determined by the category branch. Thus, when the model learns with
human matting data, the enhanced matte features (Figure 4.5(b)) also benefit objects
of other categories.

4.4 Conclusion

In this work, we proposed SOLOv2, a dynamic and fast instance segmentation solution
with strong performance. The method includes three key techniques. a) We proposed
to learn dynamic convolutional kernels for the mask prediction, conditioned on the
location, which leads to a much more compact yet more powerful head design, and
achieving better results; b) We re-designed the object mask generation in a simple
and unified way, which yields more accurate boundaries; b) Moreover, unlike box
NMS as in object detection, for direct instance segmentation a bottleneck in inference
efficiency is the NMS of masks. We developed a simple and much faster NMS strategy,
termed Matrix NMS, for NMS processing of masks, without sacrificing mask AP.
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Our experiments on the MS COCO and LVIS datasets demonstrate the superior per-
formance in terms of both accuracy and speed of the proposed SOLOv2. Being ver-
satile for instance-level recognition tasks, we show that without any modification to
the framework, SOLOv2 performs competitively for panoptic segmentation. Thanks
to its simplicity (being proposal free, anchor free, FCN-like), strong performance in
both accuracy and speed, and potentially being capable of solving many instance-level
tasks, SOLOv2 can be a strong baseline approach to instance recognition and beyond.
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Chapter 5

Dense Contrastive Learning for
Self-Supervised Visual
Pre-Training

5.1 Introduction

Pre-training has become a well-established paradigm in many computer vision tasks.
In a typical pre-training paradigm, models are first pre-trained on large-scale datasets
and then fine-tuned on target tasks with less training data, e.g., instance segmenta-
tion and semantic segmentation. Specifically, the supervised ImageNet pre-training
has been dominant for years, where the models are pre-trained to solve image classi-
fication and transferred to downstream tasks. However, there is a gap between image
classification pre-training and target dense prediction tasks, such as object instance
segmentation (Everingham et al., 2010; Lin et al., 2014) and semantic segmenta-
tion (Cordts et al., 2016). The former focuses on assigning a category to an input
image, while the latter needs to perform dense classification or regression over the
whole image. For example, semantic segmentation aims to assign a category for each
pixel, and object detection aims to predict the categories and bounding boxes for
all object instances of interest. A straightforward solution would be to pre-train on
dense prediction tasks directly. However, these tasks’ annotation is notoriously time-
consuming compared to the image-level labeling, making it hard to collect data at a
massive scale to pre-train a universal feature representation.

Recently, unsupervised visual pre-training has attracted much research attention,
which aims to learn a proper visual representation from a large set of unlabeled im-
ages. A few methods (He et al., 2020; Chen et al., 2020b; Chen et al., 2020c; Grill
et al., 2020) show the effectiveness in downstream tasks, which achieve comparable
or better results compared to supervised ImageNet pre-training. However, the gap
between image classification pre-training and target dense prediction tasks still ex-
ists. First, almost all recent self-supervised learning methods formulate the learning
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as image-level prediction using global features. They all can be thought of as classi-
fying each image into its own version, i.e., instance discrimination (Wu et al., 2018).
Moreover, existing approaches are usually evaluated and optimized on the image clas-
sification benchmark. Nevertheless, better image classification does not guarantee
more accurate object detection, as shown in He, Girshick, and Dollár (2019). Thus,
self-supervised learning that is customized for dense prediction tasks is on demand.
As for unsupervised pre-training, dense annotation is no longer needed. A clear ap-
proach would be pre-training as a dense prediction task directly, thus removing the
gap between pre-training and target dense prediction tasks.

Inspired by the supervised dense prediction tasks, e.g., SOLO for instance segmen-
tation introduced in Chapter 3 and Chapter 4, which perform dense per-pixel clas-
sification, we propose dense contrastive learning (DenseCL) for self-supervised visual
pre-training. DenseCL views the self-supervised learning task as a dense pairwise
contrastive learning rather than the global image classification. First, we introduce
a dense projection head that takes the features from backbone networks as input
and generates dense feature vectors. Our method naturally preserves the spatial in-
formation and constructs a dense output format, compared to the existing global
projection head that applies a global pooling to the backbone features and outputs
a single, global feature vector for each image. Second, we define the positive sample
of each local feature vector by extracting the correspondence across views. To con-
struct an unsupervised objective function, we further design a dense contrastive loss,
which extends the conventional InfoNCE loss (Oord, Li, and Vinyals, 2018) to a dense
paradigm. With the above approaches, we perform contrastive learning densely using
a fully convolutional network (FCN) (Long, Shelhamer, and Darrell, 2015b), similar
to target dense prediction tasks.

Our main contributions are thus summarized as follows.

• We propose a new contrastive learning paradigm, i.e., dense contrastive learning,
which performs dense pairwise contrastive learning at the level of pixels (or local
features).

• With the proposed dense contrastive learning, we design a simple and effec-
tive self-supervised learning method tailored for dense prediction tasks, termed
DenseCL, which fills the gap between self-supervised pre-training and dense
prediction tasks.

• DenseCL significantly outperforms the state-of-the-art MoCo-v2 (Chen et al.,
2020c) when transferring the pre-trained model to downstream dense prediction
tasks, including object detection (+2.0% AP), instance segmentation (+0.9%

AP) and semantic segmentation (+3.0% mIoU), and far surpasses the supervised
ImageNet pre-training.
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Figure 5.1. Conceptual illustration of two contrastive learning
paradigms for representation learning. We use a pair of query and
key for simpler illustration. The backbone can be any convolutional
neural network. (a): The contrastive loss is computed between the sin-
gle feature vectors outputted by the global projection head, at the level
of global feature; (b): The dense contrastive loss is computed between
the dense feature vectors outputted by the dense projection head, at
the level of local feature. For both paradigms, the two branches can be
the same encoder or different ones, e.g., an encoder and its momentum-

updated one.

5.2 Method

5.2.1 Background

For self-supervised representation learning, the breakthrough approaches are MoCo-
v1/v2 (He et al., 2020; Chen et al., 2020c) and SimCLR (Chen et al., 2020b), which
both employ contrastive unsupervised learning to learn good representations from un-
labeled data. We briefly introduce the state-of-the-art self-supervised learning frame-
work by abstracting a common paradigm.

Pipeline. Given an unlabeled dataset, an instance discrimination (Wu et al., 2018)
pretext task is followed where the features of each image in the training set are pulled
away from those of other images. For each image, random ‘views’ are generated by
random data augmentation. Each view is fed into an encoder for extracting features
that encode and represent the whole view. There are two core components in an
encoder, i.e., the backbone network and the projection head. The projection head
attaches to the backbone network. The backbone is the model to be transferred after
pre-training, while the projection head will be thrown away once the pre-training is
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completed. For a pair of views, they can be encoded by the same encoder (Chen et al.,
2020b), or separately by an encoder and its momentum-updated one (He et al., 2020).
The encoder is trained by optimizing a pairwise contrastive (dis)similarity loss, as
revisited below. The overall pipeline is illustrated in Figure 5.1(a).

Loss function. Following the principle of MoCo (He et al., 2020), the contrastive
learning can be considered as a dictionary look-up task. For each encoded query
q, there is a set of encoded keys {k0, k1, ...}, among which a single positive key k+

matches query q. The encoded query and keys are generated from different views. For
an encoded query q, its positive key k+ encode different views of the same image, while
the negative keys encode the views of different images. A contrastive loss function
InfoNCE (Oord, Li, and Vinyals, 2018) is employed to pull q close to k+ while pushing
it away from other negative keys:

Lq = − log
exp(q·k+/τ)

exp(q·k+/τ) +
∑

k−
exp(q·k−/τ)

, (5.1)

where τ denotes a temperature hyper-parameter as in Wu et al. (2018).

5.2.2 DenseCL Pipeline

We propose a new self-supervised learning framework tailored for dense prediction
tasks, termed DenseCL. DenseCL extends and generalizes the existing framework to
a dense paradigm. Compared to the existing paradigm revisited in 5.2.1, the core
differences lie in the encoder and loss function. Given an input view, the dense
feature maps are extracted by the backbone network, e.g., ResNet (He et al., 2016a)
or any other convolutional neural network, and forwarded to the following projection
head. The projection head consists of two sub-heads in parallel, which are global
projection head and dense projection head respectively. The global projection head
can be instantiated as any of the existing projection heads such as the ones in He et al.
(2020), Chen et al. (2020b), and Chen et al. (2020c), which takes the dense feature
maps as input and generates a global feature vector for each view. For example,
the projection head in Chen et al. (2020c) consists of a global pooling layer and an
MLP which contains two fully connected layers with a ReLU layer between them. In
contrast, the dense projection head takes the same input but outputs dense feature
vectors.

Specifically, the global pooling layer is removed and the MLP is replaced by the
identical 1×1 convolution layers (Long, Shelhamer, and Darrell, 2015b). In fact, the
dense projection head has the same number of parameters as the global projection
head. The backbone and two parallel projection heads are end-to-end trained by
optimizing a joint pairwise contrastive (dis)similarity loss at the levels of both global
features and local features.
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5.2.3 Dense Contrastive Learning

We perform dense contrastive learning by extending the original contrastive loss func-
tion to a dense paradigm. We define a set of encoded keys {t0, t1, ...} for each encoded
query r. However, here each query no longer represents the whole view, but encodes a
local part of a view. Specifically, it corresponds to one of the Sh × Sw feature vectors
generated by the dense projection head, where Sh and Sw denote the spatial size of
the generated dense feature maps. Note that Sh and Sw can be different, but we use
Sh = Sw = S for simpler illustration. Each negative key t− is the pooled feature
vector of a view from a different image. The positive key t+ is assigned according to
the extracted correspondence across views, which is one of the S2 feature vectors from
another view of the same image. For now, let us assume that we can easily find the
positive key t+. A discussion is deferred to the next section. The dense contrastive
loss is defined as:

Lr =
1

S2

∑
s

− log
exp(rs·ts+/τ)

exp(rs·ts+/τ) +
∑

ts−
exp(rs·ts−/τ)

, (5.2)

where rs denotes the sth out of S2 encoded queries.

Overall, the total loss for our DenseCL can be formulated as:

L = (1− λ)Lq + λLr, (5.3)

where λ acts as the weight to balance the two terms. λ is set to 0.5 which is validated
by experiments in Section 5.3.3.

5.2.4 Dense Correspondence across Views

We extract the dense correspondence between the two views of the same input image.
For each view, the backbone network extracts feature maps F ∈ RH×W×K , from which
the dense projection head generates dense feature vectors Θ ∈ RSh×Sw×E . Note that
Sh and Sw can be different, but we use Sh = Sw = S for simpler illustration. The
correspondence is built between the dense feature vectors from the two views, i.e., Θ1

and Θ2. We match Θ1 and Θ2 using the backbone feature maps F1 and F2. The
F1 and F2 are first downsampled to have the spatial shape of S × S by an adaptive
average pooling, and then used to calculate the cosine similarity matrix ∆ ∈ RS2×S2 .
The matching rule is that each feature vector in a view is matched to the most similar
feature vector in another view. Specifically, for all the S2 feature vectors of Θ1, the
correspondence with Θ2 is obtained by applying an argmax operation to the similarity
matrix ∆ along the last dimension. The matching process can be formulated as:

ci = argmax
j

sim(fi,f
′
j), (5.4)
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where fi is the ith feature vector of backbone feature maps F1, and f ′
j is the jth of

F2. sim(u,v) denotes the cosine similarity, calculated by the dot product between
ℓ2 normalized u and v, i.e., sim(u,v) = u⊤v/∥u∥∥v∥. The obtained ci denotes the
ith out of S2 matching from Θ1 to Θ2, which means that ith feature vector of Θ1

matches ci
th of Θ2. The whole matching process could be efficiently implemented by

matrix operations, thus introducing negligible latency overhead.

For the simplest case where S = 1, the matching degenerates into the one in global
contrastive learning as the single correspondence naturally exists between two global
feature vectors, which is the case introduced in Section 5.2.1.

According to the extracted dense correspondence, one can easily find the positive key
t+ for each query r during the dense contrastive learning introduced in Section 5.2.3.

Note that without the global contrastive learning term (i.e., λ = 1), there is a chicken-
and-egg issue that good features will not be learned if incorrect correspondence is
extracted, and the correct correspondence will not be available if the features are
not sufficiently good. In our default setting where λ = 0.5, no unstable training is
observed. Besides setting λ ∈ (0, 1) during the whole training, we introduce two more
solutions which can also tackle this problem, detailed in Section 5.3.4.

5.3 Experiments

We adopt MoCo-v2 (Chen et al., 2020c) as our baseline method, as which shows the
state-of-the-art results and outperforms other methods by a large margin on down-
stream object detection task, as shown in Table 5.1. It indicates that it should serve as
a very strong baseline on which we can demonstrate the effectiveness of our approach.

Technical details. We adapt most of the settings from Chen et al. (2020c). A
ResNet (He et al., 2016a) is adopted as the backbone. The following global projection
head and dense projection head both have a fixed-dimensional output. The former
outputs a single 128-D feature vector for each input and the latter outputs dense 128-
D feature vectors. Specifically, the dense projection head consists of adaptive average
pooling (optional), 1× 1 convolution, ReLU, and 1× 1 convolution. Following Chen
et al. (2020b) and Chen et al. (2020c), the hidden layer’s dimension is 2048, and the
final output dimension is 128. Each ℓ2 normalized feature vector represents a query
or key. For both the global and dense contrastive learning, the dictionary size is set to
65536. The momentum is set to 0.999. Shuffling BN (He et al., 2020) is used during
the training. The temperature τ in Equation (5.1) and Equation (5.2) is set to 0.2.
The data augmentation pipeline consists of 224× 224-pixel ramdom resized cropping,
random color jittering, random gray-scale conversion, gaussian blurring and random
horizontal flip.
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Figure 5.2. Comparisons of pre-trained models by fine-tuning on ob-
ject detection and semantic segmentation datasets. ‘Sup. IN’ denotes
the supervised pre-training on ImageNet. ‘COCO’ and ‘ImageNet’ in-
dicate the pre-training models trained on COCO and ImageNet respec-
tively. (a): The object detection results of a Faster R-CNN detector
fine-tuned on VOC trainval07+12 for 24k iterations and evaluated
on VOC test2007; (b): The semantic segmentation results of an FCN
model fine-tuned on VOC train_aug2012 for 20k iterations and eval-
uated on val2012. The results are averaged over 5 independent trials.

5.3.1 Experimental Settings

Datasets. The pre-training experiments are conducted on two large-scale datasets:
MS COCO (Lin et al., 2014) and ImageNet (Deng et al., 2009). Only the training sets
are used during the pre-training, which are ∼118k and ∼1.28 million images respec-
tively. COCO and ImageNet represent two kinds of image data. The former is more
natural and real-world, containing diverse scenes in the wild. It is a widely used and
challenging dataset for object-level and pixel-level recognition tasks, such as object
detection and instance segmentation. While the latter is heavily curated, carefully
constructed for image-level recognition. A clear and quantitative comparison is the
number of objects of interest. For example, COCO has a total of 123k images and
896k labeled objects, an average of 7.3 objects per image, which is far more than the
ImageNet DET dataset’s 1.1 objects per image.

Pre-training setup. For ImageNet pre-training, we closely follow MoCo-v2 (Chen
et al., 2020c) and use the same training hyper-parameters. For COCO pre-training
including both baseline and ours, we use an initial learning rate of 0.3 instead of the
original 0.03, as the former shows better performance in MoCo-v2 baseline when pre-
training on COCO. We adopt SGD as the optimizer and we set its weight decay and
momentum to 0.0001 and 0.9. Each pre-training model is optimized on 8 GPUs with
a cosine learning rate decay schedule and a mini-batch size of 256. We train for 800
epochs for COCO, which is a total ∼368k iterations. For ImageNet, we train for 200
epochs, a total of 1 million iterations.

Evaluation protocol. We evaluate the pre-trained models by fine-tuning on the tar-
get dense prediction tasks end-to-end. Challenging and popular datasets are adopted
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to fine-tune mainstream algorithms for different target tasks, i.e.VOC object detec-
tion, COCO object detection, COCO instance segmentation, VOC semantic segmenta-
tion, and Cityscapes semantic segmentation. When evaluating on object detection, we
follow the common protocol that fine-tuning a Faster R-CNN detector (C4-backbone)
on the VOC trainval07+12 set with standard 2x schedule in Wu et al. (2019) and
testing on the VOC test2007 set.

In addition, we evaluate object detection and instance segmentation by fine-tuning
a Mask R-CNN detector (FPN-backbone) with on COCO train2017 split (∼118k
images) with the standard 1× schedule and evaluating on COCO 5k val2017 split.
we follow the settings in Tian et al. (2020). Synchronized batch normalization is used
in backbone, FPN (Lin et al., 2017a) and prediction heads during the training.

For semantic segmentation, an FCN model (Long, Shelhamer, and Darrell, 2015b) is
fine-tuned on VOC train_aug2012 set (10582 images) for 20k iterations and evaluated
on val2012 set. We also evaluate semantic segmentation on Cityscapes dataset by
training an FCN model on train_fine set (2975 images) for 40k iterations and test
on val set. We follow the settings in mmsegmentation (OpenMMLab, 2020), except
that the first 7 × 7 convolution is kept to be consistent with the pre-trained models.
Batch size is set to 16. Synchronized batch normalization is used. Crop size is 512 for
VOC (Everingham et al., 2010) and 769 for Cityscapes (Cordts et al., 2016).

5.3.2 Main Results

PASCAL VOC object detection. In Table 5.1, we report the object detection
result on PASCAL VOC and compare it with other state-of-the-art methods. When
pre-trained on COCO, our DenseCL outperforms the MoCo-v2 baseline by 2% AP.
When pre-trained on ImageNet, the MoCo-v2 baseline has already surpassed other
state-of-the-art self-supervised learning methods. And DenseCL still yields 1.7% AP
improvements, strongly demonstrating the effectiveness of our method. The gains
are consistent over all three metrics. It should be noted that we achieve much larger
improvements on more stringent AP75 compared to those on AP50, which indicates
DenseCL largely helps improve the localization accuracy. Compared to the supervised
ImageNet pre-training, we achieve the significant 4.5% AP gains.

COCO object detection and segmentation. The object detection and instance
segmentation results on COCO are reported in Table 5.2 and Table 5.3. As shown
in Table 5.2, DenseCL pre-training improves SOLOv2 instance segmentation by 0.5%
AP and FCOS object detection by 1.0% AP, compared to supervised pre-training. As
reported in Table 5.3, for object detection, DenseCL outperforms MoCo-v2 by 1.1%
AP and 0.5% AP when pre-trained on COCO and ImageNet respectively. Note that
fine-tuning on COCO with a COCO pre-trained model is not a typical scenario. But
the clear improvements still show the effectiveness.
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pre-train AP AP50 AP75

random init. 32.8 59.0 31.6
super. IN 54.2 81.6 59.8

MoCo-v2 CC 54.7 81.0 60.6
DenseCL CC 56.7 81.7 63.0

SimCLR IN (Chen et al., 2020b) 51.5 79.4 55.6
BYOL IN (Grill et al., 2020) 51.9 81.0 56.5
MoCo IN (He et al., 2020) 55.9 81.5 62.6
MoCo-v2 IN (Chen et al., 2020c) 57.0 82.4 63.6
MoCo-v2 IN* 57.0 82.2 63.4
DenseCL IN 58.7 82.8 65.2

Table 5.1. Object detection fine-tuned on PASCAL VOC.
‘CC’ and ‘IN’ indicate the pre-training models trained on COCO and
ImageNet respectively. The models pre-trained on the same dataset
are with the same training epochs, i.e., 800 epochs for COCO and
200 epochs for ImageNet. ‘*’ means re-implementation. The results
of other methods are either from their papers or third-party imple-
mentation. All the detectors are trained on trainval07+12 for 24k
iterations and evaluated on test2007. The metrics include the VOC
metric AP50 (i.e., IoU threshold is 50%) and COCO-style AP and

AP75. The results are averaged over 5 independent trials.

pre-train APm APm
50 APm

75 APb APb
50 APb

75

super. IN 35.2 55.3 37.3 39.9 58.9 43.7
MoCo-v2 IN 35.2 54.9 37.7 40.3 58.8 43.5
DenseCL IN 35.7 55.1 38.6 40.9 59.2 44.2

Table 5.2. SOLOv2 instance segmentation and FCOS object
detection fine-tuned on COCO. ‘CC’ and ‘IN’ indicate the pre-
training models trained on COCO and ImageNet respectively. All the
models are trained on train2017 with default 1× schedule and evalu-
ated on val2017. The metrics include mask AP (APm) and bounding

box AP (APb).

In Table 5.4, we further evaluate the pre-trained models on semi-supervised object
detection. In this semi-supervised setting, only 10% training data is used during
the fine-tuning. DenseCL outperforms MoCo-v2 by 1.3% APb and 1.0% APb when
pre-training on COCO and ImageNet respectively. It should be noted that the gains
are more significant than that of the fully-supervised setting which uses all of ∼118k
images during the fine-tuning. For example, when pre-training on ImageNet, DenseCL
surpasses MoCo-v2 by 1.0% APb and 0.5% APb for semi-supervised setting and fully-
supervised setting respectively.

PASCAL VOC semantic segmentation. We show the largest improvements on
semantic segmentation. As shown in Table 5.5, DenseCL yields 3% mIoU gains when
pre-training on COCO and fine-tuning an FCN on VOC semantic segmentation. The
COCO pre-trained DenseCL achieves the same 67.5% mIoU as ImageNet pre-trained
MoCo-v2. Note that compared to 200-epoch ImageNet pre-training, 800-epoch COCO
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pre-train APb APb
50 APb

75 APm APm
50 APm

75

random init. 32.8 50.9 35.3 29.9 47.9 32.0
super. IN 39.7 59.5 43.3 35.9 56.6 38.6

MoCo-v2 CC 38.5 58.1 42.1 34.8 55.3 37.3
DenseCL CC 39.6 59.3 43.3 35.7 56.5 38.4

SimCLR IN 38.5 58.0 42.0 34.8 55.2 37.2
BYOL IN 38.4 57.9 41.9 34.9 55.3 37.5
MoCo-v2 IN 39.8 59.8 43.6 36.1 56.9 38.7
DenseCL IN 40.3 59.9 44.3 36.4 57.0 39.2

Table 5.3. Object detection and instance segmentation fine-
tuned on COCO. ‘CC’ and ‘IN’ indicate the pre-training models
trained on COCO and ImageNet respectively. All the detectors are
trained on train2017 with default 1× schedule and evaluated on
val2017. The metrics include bounding box AP (APb) and mask

AP (APm).

pre-train APb APb
50 APb

75 APm APm
50 APm

75

random init. 20.6 34.0 21.5 18.9 31.7 19.8
super. IN 23.6 37.7 25.4 21.8 35.4 23.2

MoCo-v2 CC 22.8 36.4 24.2 20.9 34.6 21.9
DenseCL CC 24.1 38.1 25.6 21.9 36.0 23.0

MoCo-v2 IN 23.8 37.5 25.6 21.8 35.4 23.2
DenseCL IN 24.8 38.8 26.8 22.6 36.8 23.9

Table 5.4. Semi-supervised object detection and instance
segmentation fine-tuned on COCO. During the fine-tuning, only
10% training data is used. ‘CC’ and ‘IN’ indicate the pre-training mod-
els trained on COCO and ImageNet respectively. All the detectors are
trained on train2017 for 90k iterations and evaluated on val2017.
The metrics include bounding box AP (APb) and mask AP (APm).

pre-training only uses ∼1/10 images and ∼1/3 iterations. When pre-trained on Im-
ageNet, DenseCL consistently brings 1.9% mIoU gains. It should be noted that the
ImageNet pre-trained MoCo-v2 shows no transfer superiority compared with the su-
pervised counterpart (67.5% vs. 67.7% mIoU). But DenseCL outperforms the super-
vised pre-training by a large margin, i.e., 1.7% mIoU.

Cityscapes semantic segmentation. Cityscapes is a benchmark largely different
from the above VOC and COCO. It focuses on urban street scenes. Nevertheless, in
Table 5.5, we observe the same performance boost with DenseCL. Even the COCO
pre-trained DenseCL can surpass the supervised ImageNet pre-trained model by 1.9%
mIoU.

5.3.3 Ablation Study

We conduct extensive ablation experiments to show how each component contributes
to DenseCL. We report ablation studies by pre-training on COCO and fine-tuning on
VOC0712 object detection, as introduced in Section 5.3.1. All the detection results



5.3. Experiments 61

(a) PASCAL VOC

pre-train mIoU

random init. 40.7
super. IN 67.7

MoCo-v2 CC 64.5
DenseCL CC 67.5

SimCLR IN 64.3
BYOL IN 63.3
MoCo-v2 IN 67.5
DenseCL IN 69.4

(b) Cityscapes

pre-train mIoU

random init. 63.5
super. IN 73.7

MoCo-v2 CC 73.8
DenseCL CC 75.6

SimCLR IN 73.1
BYOL IN 71.6
MoCo-v2 IN 74.5
DenseCL IN 75.7

Table 5.5. Semantic segmentation on PASCAL VOC and
Cityscapes. ‘CC’ and ‘IN’ indicate the pre-training models trained
on COCO and ImageNet respectively. The metric is the commonly
used mean IoU (mIoU). Results are averaged over 5 independent trials.

are averaged over 5 independent trials. We also provide results of VOC2007 SVM
Classification, following Goyal et al. (2019) and Zhan et al. (2020) which train lin-
ear SVMs on the VOC train2007 split using the features extracted from the frozen
backbone and evaluate on the test2007 split.

Loss weight λ. The hyper-parameter λ in Equation (5.3) serves as the weight to
balance the two contrastive loss terms, i.e., the global term and the dense term. We
report the results of different λ in Table 5.6. It shows a trend that the detection
performance improves when we increase the λ. For the baseline method, i.e., λ = 0,
the result is 54.7% AP. The AP is 56.2% when λ = 0.3, which improves the baseline
by 1.5% AP. Increasing λ from 0.3 to 0.5 brings another 0.5% AP gains. Although
further increasing it to 0.7 still gives minor improvements (0.1% AP) on detection
performance, the classification result drops from 82.9% to 81.0%. Considering the
trade-off, we use λ = 0.5 as our default setting in other experiments. It should
be noted that when λ = 0.9, compared to the MoCo-v2 baseline, the classification
performance rapidly drops (-4.8% mAP) while the detection performance improves for
0.8% AP. It is in accordance with our intention that DenseCL is specifically designed
for dense prediction tasks.

Matching strategy. In Table 5.7, we compare three different matching strategies
used to extract correspondence across views. 1) ‘random’: the dense feature vectors
from two views are randomly matched; 2) ‘max-sim Θ’: the dense correspondence is
extracted using the dense feature vectors Θ1 and Θ2 generated by the dense projec-
tion head; (3) ‘max-sim F’: the dense correspondence is extracted according to the
backbone features F1 and F2, as in Equation 5.4. The random matching strategy can
also achieve 1.3% AP improvements compared to MoCo-v2, meanwhile the classifica-
tion performance drops by 0.9% mAP. It may be because 1) the dense output format
itself helps, and 2) part of the random matches are somewhat correct. Matching by
the outputs of dense projection head, i.e., Θ1 and Θ2, brings no clear improvement.
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Detection Classification
λ AP AP50 AP75 mAP

0.0 54.7 81.0 60.6 82.6
0.1 55.2 81.4 61.4 82.9
0.3 56.2 81.5 62.6 83.3
0.5 56.7 81.7 63.0 82.9
0.7 56.8 81.9 63.1 81.0
0.9 55.5 80.9 61.3 77.8
1.0* 53.5 79.5 58.8 68.9

Table 5.6. Ablation study of weight λ. λ = 0 is the MoCo-
v2 baseline. λ = 0.5 shows the best trade-off between detection and
classification. ‘*’ indicates training with warm-up, as discussed in

Section 5.3.4.

Detection Classification
strategy AP AP50 AP75 mAP

random 56.0 81.3 62.0 81.7
max-sim Θ 56.0 81.5 62.1 81.8
max-sim F 56.7 81.7 63.0 82.9

Table 5.7. Ablation study of matching strategy. To extract the
dense correspondence according to the backbone features F1 and F2

shows the best results.

The best results are obtained by extracting the dense correspondence according to the
backbone features F1 and F2.

Grid size. In the default setting, the adopted ResNet backbone outputs features with
stride 32. For a 224× 224-pixel crop, the backbone features F has the spatial size of
7× 7. We set the spatial size of the dense feature vectors Θ to 7× 7 by default, i.e.,
S = 7. However, S can be flexibly adjusted and F will be pooled to the designated
spatial size by an adaptive average pooling, as introduced in Section 5.2.4. We report
the results of using different numbers of grid in Table 5.8. For S = 1, it is the
same as the MoCo-v2 baseline except for two differences. 1) The parameters of dense
projection head are independent with those of global projection head. 2) The dense
contrastive learning maintains an independent dictionary. The results are similar to
those of MoCo-v2 baseline. It indicates that the extra parameters and dictionary do
not bring improvements. The performance improves as the grid size increases. We
use grid size being 7 as the default setting, as the performance becomes stable when
the S grows beyond 7.

Negative samples. We use the global average pooled features as negatives because
it’s conceptually simpler. Besides pooling, sampling is an alternative strategy. For
keeping the same number of negatives, one can randomly sample a local feature from a
different image. The COCO pre-trained model with sampling strategy achieves 56.7%
AP on VOC detection, which is the same as the adopted pooling strategy.
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Detection Classification
grid size AP AP50 AP75 mAP

1 54.6 80.8 60.5 82.2
3 55.6 81.3 61.5 81.6
5 56.1 81.4 62.2 82.6
7 56.7 81.7 63.0 82.9
9 56.7 82.1 63.2 82.9

Table 5.8. Ablation study of grid size S. The results increase
as the S gets larger. We use grid size being 7 in other experiments, as

the performance becomes stable when the S grows beyond 7.
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Figure 5.3. Different pre-training schedules on COCO. For each
pre-trained model, a Faster R-CNN detector is fine-tuned on VOC
trainval07+12 for 24k iterations and evaluated on test2007. The
metric is the COCO-style AP. Results are averaged over 5 independent

trials.

MoCo-v2

DenseCL

Figure 5.4. Visualization of dense correspondence. The correspon-
dence is extracted between two views of the same image, using the
200-epoch ImageNet pre-trained model. DenseCL extracts more high-
similarity matches compared with MoCo-v2. Best viewed on screen.

Training schedule. We show the results of using different training schedules in
Table 5.9. The performance consistently improves as the training schedule gets
longer, from 200 epochs to 1600 epochs. Note that the 1600-epoch COCO pre-trained
DenseCL even surpasses the 200-epoch ImageNet pre-trained MoCO-v2 (57.2% AP
vs. 57.0% AP). Compared to 200-epoch ImageNet pre-training, 1600-epoch COCO
pre-training only uses ∼1/10 images and ∼7/10 iterations. In Figure 5.3, we further
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random init. 10th epoch 200th epoch

Figure 5.5. Comparison of dense correspondence extracted from
random initialization to well trained DenseCL. The correspondence is
extracted between two views of the same image, using the ImageNet
pre-trained model. All the matches are visualized without threshold-

ing.

provide an intuitive comparison with the baseline as the training schedule gets longer.
It shows that DenseCL consistently outperforms the MoCo-v2 by at least 2% AP.

Detection Classification
#epochs AP AP50 AP75 mAP

200 54.8 80.5 60.7 77.6
400 56.2 81.5 62.3 81.3
800 56.7 81.7 63.0 82.9
1600 57.2 82.2 63.6 83.0

Table 5.9. Ablation study of training schedule. The results
consistently improve as the training schedule gets longer. Although
1600-epoch training schedule is 0.5% AP better, we use 800-epoch

schedule in other experiments for faster training.

Pre-training time. In Table 5.10, we compare DenseCL with MoCo-v2 in terms of
training time. DenseCL is only 1s and 6s slower per epoch when pre-trained on COCO
and ImageNet respectively. The overhead is less than 1%. It strongly demonstrates
the efficiency of our method.

5.3.4 Discussions on DenseCL

To further study how DenseCL works, in this section, we visualize the learned dense
correspondence in DenseCL. The issue of chicken-and-egg during the training is also
discussed.

Dense correspondence visualization. We visualize the dense correspondence from
two aspects: comparison of the final correspondence extracted from different pre-
training methods, i.e., MoCo-v2 vs. DenseCL, and the comparison of different training
status, i.e., from the random initialization to well trained DenseCL. Given two views
of the same image, we use the pre-trained backbone to extract the features F1 and F2.
For each feature vector in F1, we find the corresponding feature vector in F2 which
has the highest cosine similarity. The match is kept if the same match holds from F2

to F1. Each match is assigned an averaged similarity. In Figure 5.4, we visualize the
high-similarity matches (i.e., similarity ≥ 0.9). DenseCL extracts many more high-
similarity matches than its baseline. It is in accordance with our intention that the
local features extracted from the two views of the same image should be similar.
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time/epoch COCO ImageNet

MoCo-v2 1′45′′ 16′48′′

DenseCL 1′46′′ 16′54′′

Table 5.10. Pre-training time comparison. The training time
per epoch is reported. We measure the results on the same 8-GPU
machine. The training time overhead introduced by DenseCL is less

than 1%.

Figure 5.5 shows how the correspondence changes over training time. The randomly
initialized model extracts some random noisy matches. The matches get more accurate
as the training time increases.

Chicken-and-egg issue. In our pilot experiments, we observe that the training loss
does not converge if we set λ to 1.0, i.e., removing the global contrastive learning, and
only applying the dense contrastive learning. It may be because at the beginning of the
training, the randomly initialized model is not able to generate correct correspondence
across views. It is thus a chicken-and-egg issue that good features will not be learned
if incorrect correspondence is extracted, and the correct correspondence will not be
available if the features are not sufficiently good. As shown in Figure 5.5, most of the
matches are incorrect with the random initialization. The core solution is to provide
a guide when training starts, to break the deadlock. We introduce three different
solutions to tackle this problem. 1) To initialize the model with the weights of a
pre-trained model; 2) To set a warm-up period at the beginning during which the λ is
set to 0; 3) To set λ ∈ (0, 1) during the whole training. They all solve this issue well.
The second one is reported in Table 5.6, with λ being changed from 0 to 1.0 after the
first 10k iterations. We adopt the last one as the default setting for its simplicity.

5.4 Conclusion

In this work we have developed a simple and effective self-supervised learning frame-
work DenseCL, which is designed and optimized for dense prediction tasks. A new
contrastive learning paradigm is proposed to perform dense pairwise contrastive learn-
ing at the level of pixels (or local features). Our method largely closes the gap between
self-supervised pre-training and dense prediction tasks, and shows significant improve-
ments in a variety of tasks and datasets, including PASCAL VOC object detection,
COCO object detection, COCO instance segmentation, PASCAL VOC semantic seg-
mentation and Cityscapes semantic segmentation. We expect the proposed effective
and efficient self-supervised pre-training techniques could be applied to larger-scale
data to fully realize its potential, as well as hoping that DenseCL pre-trained models
would completely replace the supervised pre-trained models in many of those dense
prediction tasks in computer vision.
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Chapter 6

FreeSOLO: Learning to Segment
Objects without Annotations

6.1 Introduction

Recently, significant progress (Li et al., 2017; He et al., 2017a; De Brabandere, Neven,
and Van Gool, 2017; Chen et al., 2019a; Bolya et al., 2019; Tian, Shen, and Chen,
2020; Wang et al., 2021c) has been made to address the instance segmentation task.
As in Chapter 3 and Chapter 3, SOLO and SOLOv2 demonstrate a very simple
framework with superior speed and accuracy. However, the dense prediction nature of
the task requires rich and expensive annotations during training. Weakly-supervised
instance segmentation methods are thus proposed to relax the annotation require-
ments (Khoreva et al., 2017; Hsu et al., 2019; Liu et al., 2020b; Tian et al., 2021;
Cheng, Parkhi, and Kirillov, 2021; Lan et al., 2021). Latest methods such as Box-
Inst (Tian et al., 2021) and DiscoBox (Lan et al., 2021) have significantly closed the
gap to fully supervised methods. However, their competitive result still relies on box
or point annotations that contain strong localization information.

In this work, we explore learning class-agnostic instance segmentation without any
annotations. The work here is built upon SOLOv2, a simple yet strong instance
segmentation framework introduced in Chapter 4, and the self-supervised dense fea-
ture learning method of DenseCL proposed in Chapter 5. SOLO adopts a one-stage
design, which contains a category branch and a mask branch to encode the object
category information and segmentation proposals, respectively. Our main intuition is
that this “top-down meets bottom-up” design allows us to unify pixel grouping, object
localization and feature pre-training in a fully self-supervised manner.

Our proposed framework, FreeSOLO, contains two major pillars: Free Mask and
Self-supervised SOLO, as shown in Figure 6.1. Specifically, Free Mask contains self-
supervised design elements that promote objectness in network attention. It contains
a “query-key” attention design, where the queries and keys are constructed from self-
supervised features. The method takes the cosine similarity between each query with
all the keys, thus obtaining a set of query-conditioned (seeded) attention maps as
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Free 
Mask

Self-Sup.
SOLO

A set of unlabeled images Coarse masks Final masks

Figure 6.1. Overview of FreeSOLO. Unlabeled images are first
input to Free Mask to generate coarse object masks. The segmentation
masks as well as their associated semantic embeddings are used to train
a SOLO-based instance segmentation model via weak supervision. We

use self-training to improve object mask segmentation.

coarse masks. The coarse masks are ranked and filtered by their maskness scores,
followed by non-maximum suppression (NMS) to further remove the redundant masks.
Self-Supervised SOLO then takes the coarse masks as pseudo-labels to train a SOLO
model. Since the coarse masks can be inaccurate, Self-Supervised SOLO contains a
weakly-supervised design to better accommodate the label noise. This is followed by
a self-training strategy to further refine mask quality and to improve accuracy. Our
network design is almost the same as SOLO with minimal modifications, thus leading
to simple and fast inference process.

FreeSOLO provides an effective solution to the challenging problem of self-supervised
instance segmentation. With the bounding boxes obtained from the predicted masks,
FreeSOLO also shows a significant advantage as an unsupervised object discovery
method. In addition to the above roles, we further consider FreeSOLO as a strong
self-supervised pretext task for instance segmentation by jointly learning object-level
and pixel-level representations. Compared to pre-training for image classification (He
et al., 2020; Chen et al., 2020b; Grill et al., 2020), object detection (Dai et al., 2021;
Hénaff et al., 2021) and semantic segmentation (Pinheiro et al., 2020b; Chaitanya
et al., 2020b), pre-training for instance segmentation is still under-studied. General
instance segmentation requires not only localizing objects at the pixel level, but also
recognizing their semantic categories. Interestingly, the design of FreeSOLO allows
us to directly learn object-level semantic representations in an unsupervised manner.
Upon completing the pre-training, all the learned parameters except for the last clas-
sification layer can be used to initialize the supervised instance segmentation models
to improve accuracy.

Our contributions can be summarized as follows.

• We propose the Free Mask approach, which leverages the specific design of SOLO to
effectively extract coarse object masks and semantic embeddings in an unsupervised
manner.

• We further propose Self-Supervised SOLO, which takes the coarse masks and se-
mantic embeddings from Free Mask and trains the SOLO instance segmentation
model, with several novel design elements to overcome label noise in the coarse
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masks.
• With the above methods, FreeSOLO presents a simple and effective framework that

demonstrates unsupervised instance segmentation successfully for the first time.
Notably, it outperforms some proposal generation methods that use manual an-
notations. FreeSOLO also outperforms state-of-the-art methods for unsupervised
object detection/discovery by a significant margin (relative +100% in COCO AP).

• In addition, FreeSOLO serves as a strong self-supervised pretext task for repre-
sentation learning for instance segmentation. For example, when fine-tuning on
COCO dataset with 5% labeled masks, FreeSOLO outperforms DenseCL (Wang
et al., 2021b) by +9.8% AP.

6.2 Method

6.2.1 Overview of FreeSOLO

We propose a novel framework for self-supervised instance segmentation, termed
FreeSOLO. FreeSOLO does not require any type of annotations, neither pixel-level nor
image-level labels, and simply uses a collection of unlabeled images for training. Its
overall pipeline is illustrated in Figure 6.1. We first propose the Free Mask approach to
generate segmentation masks from a self-supervised pre-trained model. For each un-
labeled image, the coarse object masks can be generated fast with simple operations,
e.g., at 21 FPS on a V100 GPU with a ResNet-50-based backbone. We further pro-
pose Self-Supervised SOLO, which trains the SOLO-based instance segmenter using
the coarse masks and semantic embeddings from Free Mask, with several novel design
elements including weaky-supervised design, self-training, and semantic embedding
learning.

With FreeSOLO, we obtain an instance segmentation model given only unlabeled im-
ages. In addition to unsupervised instance segmentation itself, the well-trained model
serves as a strong pre-trained model for downstream fine-tuning. All its parameters
except the last classification layer can be transferred to supervised instance segmen-
tation as a strong initialization.

6.2.2 Free Mask

Free Mask generates object masks from unlabeled images. As shown in Figure 6.2,
given an input image, dense feature maps I ∈ RH×W×E are extracted by a back-
bone model trained via self-supervision, e.g., ResNet (He et al., 2016b) or any other
convolutional neural network. This pre-trained model can be from supervised or un-
supervised pre-training, as discussed below. We first construct queries Q and keys K

from the features I, which work together to generate the coarse segmentation masks.
We downsample I by bilinear interpolation to form the queries Q ∈ RH′×W ′×E , where
H ′ and W ′ denote the downsampled spatial size. I itself is used as the set of keys
K. For each query in Q, we compute its cosine similarity with every key in K, thus
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Q:  H’ × W’ × E

K:  H × W × E

*I

Free Masks

Figure 6.2. The Free Mask approach. Given queries and keys
from the backbone feature I, the keys are convolved by the queries to
generate segmentation masks. The masks go through NMS to form

the object mask outputs.

obtaining the score maps S ∈ RH×W×N , where N = H ′ ×W ′ is the total number of
queries. This operation can be written as:

Si,j,q = sim(Qq,Ki,j), (6.1)

where Qq ∈ RE is the qth query, and Ki,j ∈ RE is the key at spatial location (i, j).
sim(u,v) denotes the cosine similarity, calculated by the dot product between ℓ2-
normalized u and v, i.e., sim(u,v) = u⊤v/∥u∥∥v∥. The process can also be viewed
as a convolution where the ℓ2 normalized queries Q′ and keys K′ are respectively
the convolutional kernels and the features to be convolved together. Each of the
normalized queries is treated as a 1× 1 convolutional kernel. Thus the operation can
also be written as:

S = Q′ ⊛K′. (6.2)

The score maps are then normalized as soft masks by shifting the scores to the range
[0, 1]. We compute the ‘maskness’ score defined further below for each of the N soft
masks, which serves as a confidence score of each extracted mask. The soft masks
are converted to binary masks using a threshold τ . We then sort the binary masks
by their maskness scores and remove the redundant masks via mask non-maximum-
suppression (NMS). The overall process can be formulated as:

M = NMS
(
Maskness(Norm(Q′ ⊛K′))

)
, (6.3)

where M denotes the object masks that Free Mask outputs.

Self-supervised pre-training. Free Mask uses a pre-trained backbone via self-
supervision as the starting point. We propose to leverage the self-supervised model
pre-trained with dense correspondence. Specifically, we find that dense contrastive
learning (Wang et al., 2021b) achieves considerably better results with our Free Mask
approach, compared to the conventional self-supervised learning by global image-level
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contrasting. This can be attributed to the similar objective of Free Mask and dense
contrastive learning. Here we briefly introduce how the dense contrastive learning is
performed. It optimizes a pairwise (dis)similarity loss at the level of local features
between two views of the input image. A local feature vector, i.e., a query vector,
should be similar to the corresponding positive key in the other view while being
dissimilar to other negative keys. Observe that this is also aligned with Equation (6.1)
where the cosine similarity between a query and the keys is evaluated. This also
explains why Free Mask extracts reasonable masks. We believe that there could be
even better pre-training methods for Free Mask, e.g., those which tackle how to learn
fine-grained representations at higher resolutions to generate better masks. We leave
this for future research.

Pyramid queries. When constructing the queries Q from I, we design a pyramid
queries method to generate masks for instances at different scales. Specifically, we set
a list of scale factors, e.g., [1.0, 0.5, 0.25], when downsampling I, thus leading to a list
of Q at different scales from large to small. All pyramid queries are flattened and
concatenated together as the final Q.

Maskness score. A scoring function is required for evaluating the quality of each
generated coarse mask, which cannot be learned from annotations. We use the non-
parametric maskness method (Wang et al., 2020b), i.e., maskness = 1

Nf

∑Nf

i pi, to
obtain the confidence score of an extracted mask. Here Nf denotes the number of
foreground pixels of the soft mask p, i.e., the pixels that have values greater than
threshold τ . Intuitively, this score weighs more heavily on masks that have high
confidence on foreground pixels and down weights masks with uncertain foreground
pixels.

Unified with SOLO. We can see that the pipeline in Equation (6.3) is unified
with that of SOLO, as introduced in the above background section. They both go
through FCN, dynamic convolution, normalization and NMS operations to generate
object masks. However, the two are proposed to solve different problems. The latter
aims to learn instance segmentation with rich annotated data, while the former is
for segmenting objects in unlabeled images. This provides a unifying perspective on
segmenting objects in images.

6.2.3 Self-Supervised SOLO

We aim to train the SOLO-based instance segmenter using the segmentation masks
and semantic embeddings, i.e., feature embeddings with high-level semantics, from
Free Mask. We separately introduce the methods for learning with coarse masks,
self-training, and the semantic representation learning.

Learning with coarse masks. In SOLO, the Dice loss (Milletari, Navab, and
Ahmadi, 2016) is used to supervise the predicted masks with their ground truth labels.
However, this is not ideally suited for our case of learning with noisy masks. As the
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masks are coarse, directly using them as ground-truth masks can lead to unsatisfactory
results. We propose to use the coarse masks as a type of weak annotation and perform
weakly supervised instance segmentation with them.

Inspired by the latest weakly-supervised method of BoxInst (Tian et al., 2021), we
project the predicted masks and the coarse masks on to the x-axis and the y-axis via
a max operation along each axis. The model is supervised to minimize the discrepancy
between the projections of predicted masks and the coarse masks. The loss term can
be defined as:

Lmax_proj = L(maxx(mmm),maxx(mmm
∗))

+ L(maxy(mmm),maxy(mmm
∗)),

(6.4)

where L(·, ·) is the Dice loss, mmm and mmm∗ are the predicted mask and the coarse mask.
maxx and maxy denote the max operations along each axis.

We further propose to project the predicted and coarse masks onto the x and y axes
via an average operation along each axis. The motivation is that the max operation
may emphasize outlier segmentations in coarse masks, while the average operation
de-emphasize the outliers. In addition, average operation preserves solid shape of the
object mask, which can benefit the training. The loss term can be written as:

Lavg_proj = L(avgx(mmm), avgx(mmm
∗))

+ L(avgy(mmm), avgy(mmm
∗)),

(6.5)

where avgx and avgy denote the average operation along each axis. We also employ
a pairwise affinity loss Lpairwise (Tian et al., 2021) to leverage the prior that the
proximal pixels are likely to be in the same class, i.e., foreground or background, if
they have similar colors in the raw image.

Overall, the total loss for mask prediction can be formulated as:

Lmask = αLavg_proj + Lmax_proj + Lpairwise, (6.6)

where α acts as the weight to balance the various loss terms.

Self-training. With our carefully-designed loss function, we are able to train a
SOLO-based instance segmenter with the free and noisy coarse masks. As shown in
Figure 6.1, the object masks predicted by the instance segmenter are considerably
better than the original coarse masks from Free Mask, which is also validated by
the boosted accuracy in Table 6.6(c). As such, we propose to perform self-training
with the initially trained instance segmenter to further improve accuracy. We input
unlabeled images into the instance segmenter and collect their predicted object masks.
The low-confidence predictions are removed and the remaining ones are treated as a
new set of coarse masks. We again train an instance segmenter with the unlabeled
images and the new masks, using the loss function in Equation (6.6). Performing self-
training once already brings clear improvements and more iterations do not provide
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additional gains.

Semantic representation learning. General instance segmentation requires not
only localizing objects at the pixel level, but also recognizing their semantic cate-
gories. In SOLO, the category branch predicts the semantic categories (including
background) for each of the objects. In our case without annotations, we propose to
decouple the category branch to perform two sub-tasks: foreground/background bi-
nary classification, and semantic embedding learning. The former task is trained with
the conventional Focal loss (Lin et al., 2017b), termed Lfocal. For the latter task, we
propose a simple approach for learning object-level semantic representations. From
Free Mask (introduced in Section 6.2.2), in addition to the segmentation masks, we
can also directly obtain the semantic embedding of the discovered objects. As shown
in Figure 6.2, each mask is associated with a query feature vector Qq ∈ RE . When
training the instance segmenter, we add a branch in parallel to the last layer of the
original category branch, which consists of a single convolution layer to predict the
semantic embedding of each object. Given the predicted and extracted embeddings qqq
and qqq∗, we train the model by minimizing their negative cosine similarity:

Lsem = 1− qqq

∥qqq∥2
· qqq∗

∥qqq∗∥2
. (6.7)

The total loss for the category branch can be written as:

Lcate = Lfocal + βLsem, (6.8)

where β acts as the weight to balance the two terms. Overall, we train the instance
segmenter with a combination of Lmask and Lcate, corresponding to the losses for the
mask branch and category branch, respectively.

6.3 Experiments

6.3.1 Experimental Settings

Technical details. For Free Mask, the shorter side of the input image is set to 800
pixels. Threshold τ is set to 0.5. DenseCL (Wang et al., 2021b) with a pre-trained
ResNet-50 (He et al., 2016b) architecture is adopted as the backbone unless specified.
Matrix NMS (Wang et al., 2020b) is used for mask NMS. After NMS, we filter out the
low-quality masks with a maskness threshold of 0.7. When training the SOLO model,
we initialize the backbone with the pre-trained model used in Free Mask. We set the
α and β parameters to 0.1 and 4.0, respectively. We employ the simple copy-paste
strategy (Ghiasi et al., 2021) for data augmentation. During self-training, we set the
confidence threshold for removing the low-confidence predictions to 0.3.

Datasets. For FreeSOLO, we use the images in COCO train2017 and COCO
unlabeled2017 (Lin et al., 2014) as the set of unlabeled images, containing a total of
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Figure 6.3. Qualitative results of FreeSOLO for the task of
class-agnostic instance segmentation. The model is trained with-
out any kind of manual annotations and can infer at 16 FPS on a V100

GPU. Best viewed on screen.

∼241k images. These unlabeled images are input to Free Mask and are used to train
the instance segmenter. The self-supervised backbone in Free Mask is pre-trained on
ImageNet with ∼1.28 million unlabeled images. We further employ COCO val2017,
UVO val (Wang et al., 2021a), and PASCAL VOC trainval07 (Everingham et al.,
2010) datasets for evaluation.

Evaluation protocol. We evaluate self-supervised instance segmentation with the
standard COCO protocol. We report class-agnostic COCO mask average precision
(AP) and average recall (AR) on 5k val2017 split, which is averaged over 10 intersection-
over-union (IoU) thresholds evenly-spaced between 0.5 and 0.95. AP considers recall
and precision simultaneously, which computes the average precision value for recall
values over 0 to 1. AR allows redundant or random detection results, as it computes
the maximum recall given a fixed number of detections per image.

To compare with unsupervised object detection methods, we convert the masks to
boxes and report the box AP on both the COCO val2017, COCO 20k, and VOC
trainval07. We further evaluate the pre-trained model by fine-tuning with anno-
tations. Specifically, we fine-tune the instance segmenter on COCO train2017 and
evaluate on COCO val2017. We provide two settings, i.e., limited fully annotated
images, and limited segmentation masks. For the setting of limited images, i.e., 5%
and 10% images from COCO train2017, we train for 20k iterations with an initial
learning rate of 0.01, which is then divided by 10 at 12k and 18k iterations. To train
with limited mask annotations, we use 5% and 10% segmentation masks from COCO
train2017. Specifically, we use all the class labels to supervise the category branch,
but only use a part of the annotated masks to supervise the mask branch. The model
is trained for 90k iterations with the standard schedule. Mask AP averaged across all
10 IoU thresholds and all 80 categories is reported.
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method AP50 AP75 AP AR1 AR10 AR100

w/ anns:
MCG (Arbeláez et al., 2014) 4.6 0.8 1.6 1.9 7.4 18.2
COB (Maninis et al., 2018) 8.8 1.9 3.3 2.9 10.1 22.7

w/o anns:
FreeSOLO 9.8 2.9 4.0 4.1 10.5 12.7

Table 6.1. Class-agnostic instance segmentation on MS COCO
val2017. Both MCG and COB require annotations more or less.

method AP50 AP75 AP

w/ full anns:
SOLOv2 w/ COCO 38.0 20.9 21.4
Mask R-CNN w/ COCO 31.0 14.2 15.9
SOLOv2 w/ LVIS 14.8 5.9 7.1
Mask R-CNN w/ LVIS 18.1 4.1 6.8

w/o anns:
FreeSOLO 12.7 3.0 4.8

Table 6.2. Class-agnostic instance segmentation on UVO val
split. Results of Mask R-CNN are from the paper of UVO (Wang et

al., 2021a).

6.3.2 Main Results

Self-supervised instance segmentation. For evaluating the self-supervised in-
stance segmenter, we first provide qualitative results to show how FreeSOLO per-
forms at the task of class-agnostic instance segmentation. As shown in Figure 6.3,
without any annotations, FreeSOLO is able to segment object instances of many dif-
ferent categories. To provide a quantitative comparison with previous methods, we
report the results of unsupervised class-agnostic instance segmentation in Table 6.1
and Table 6.2. As there is no reported result for this new problem, we evaluate a few
popular segmentation proposal methods on this benchmark. Among the compared
methods, MCG (Arbeláez et al., 2014) uses the annotated BSDS500 dataset (Martin
et al., 2001) for training a boundary detector, and COB (Maninis et al., 2018) trains
its hierarchies and combinatorial grouping on PASCAL Context dataset (Mottaghi
et al., 2014). By contrast, our FreeSOLO method achieves better results without any
annotations. We further compare against the supervised methods trained with full
annotations. It is worth noting that FreeSOLO even performs closely to the fully su-
pervised Mask R-CNN (He et al., 2017a) trained on the LVIS dataset (Gupta, Dollar,
and Girshick, 2019), e.g., 4.8% vs 6.8% AP on the UVO dataset.

Self-supervised object detection. By converting the masks into boxes, our self-
supervised instance segmenter naturally serves as a self-supervised object detector
as well. We report the results of class-agnostic object detection on COCO val2017

benchmark in Table 6.3. Our method shows significantly superior performance. To
compare with existing object discovery methods, we also evaluate FreeSOLO on VOC
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method AP50 AP75 AP AR1 AR10 AR100

UP-DETR (Dai et al., 2021) 0.0 0.0 0.0 0.0 0.0 0.4
Selective Search (Uijlings et al., 2013) 0.5 0.1 0.2 0.2 1.5 10.9
DETReg (Bar et al., 2021) 3.1 0.6 1.0 0.6 3.6 12.7
FreeSOLO 12.2 4.2 5.5 4.6 11.4 15.3

Table 6.3. Unsupervised class-agnostic object detection on
MS COCO val2017. Compared results are directly from DETReg.

method
VOC COCO

AP50 AP75 AP AP50 AP75 AP

Kim et al. (Kim and Torralba, 2009) 9.5 - 2.5 3.9 - 1.0
DDT+ (Wei et al., 2019) 8.7 - 3.0 2.4 - 0.7
rOSD (Vo, Pérez, and Ponce, 2020) 13.1 - 4.3 5.2 - 1.6
LOD (Vo et al., 2021) 13.9 - 4.5 6.6 - 2.0
LOST* (Siméoni et al., 2021) 19.8 - 6.7 7.9 - 2.5
FreeSOLO 24.5 7.2 10.2 12.4 4.4 5.6

Table 6.4. Multi-object discovery on PASCAL VOC trainval07
and MS COCO 20k. LOST* is a concurrent work.

trainval07 and COCO 20k for multi-object discovery. As shown in Table 6.4, our
method largely outperforms the state-of-the-art object discovery methods, including
a concurrent work (Siméoni et al., 2021). Its relative improvements are up to 100%
on the COCO dataset.

Supervised fine-tuning. In addition to evaluating the self-supervised instance seg-
menter directly, we also evaluate the performance of our approach in a supervised
setting by fine-tuning the self-supervised instance segmenter with annotations. As
shown in Table 6.5, FreeSOLO pre-training outperforms ImageNet supervised pre-
training by 4.0% AP when using 5% COCO training images. The gains over the
state-of-the-art self-supervised pre-training methods are also clear, e.g., 2.0% AP bet-
ter than DenseCL (Wang et al., 2021b).

To further compare the pre-training methods with different amount of mask anno-
tations, in Table 6.6, we conduct fine-tuning experiments with only limited masks
available. When fine-tuning with 5% masks, FreeSOLO achieves significant gains
of 9.8% AP over supervised pre-training. These fine-tuning experiments demonstrate
that FreeSOLO serves as a strong instance segmentation pre-training method, outper-
forming both the supervised and state-of-the-art self-supervised pre-training methods.

6.3.3 Ablation Study

We conduct ablation experiments to show how each component contributes to FreeSOLO.
The ablation studies are performed on the COCO val2017 split.
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pre-train AP AP50 AP75 APS APM APL

5%
im

ag
es sup. 18.0 32.2 17.6 5.5 18.9 27.8

MoCo-v2 (Chen et al., 2020c) 19.0 32.7 19.2 5.4 19.9 28.9
DenseCL (Wang et al., 2021b) 20.0 33.7 20.5 5.5 21.5 30.1
FreeSOLO 22.0 36.0 22.9 6.5 23.2 33.8

10
%

im
ag

es sup. 22.3 38.0 22.9 6.3 24.0 34.8
MoCo-v2 (Chen et al., 2020c) 23.2 39.0 23.9 6.7 24.6 36.2
DenseCL (Wang et al., 2021b) 23.7 39.3 24.5 7.3 25.2 37.1
FreeSOLO 25.6 41.6 26.7 8.3 27.5 40.3

Table 6.5. Supervised instance segmentation with limited fully
annotated images.

pre-train AP AP50 AP75 APS APM APL

5%
m

as
ks sup. 17.8 36.1 15.9 6.3 19.5 27.4

MoCo-v2 (Chen et al., 2020c) 17.2 34.9 14.9 5.8 19.0 26.2
DenseCL (Wang et al., 2021b) 20.1 39.0 18.3 7.6 21.4 31.2
FreeSOLO 29.9 50.5 30.5 10.7 32.5 46.7

10
%

m
as

ks sup. 25.4 45.6 25.1 8.8 26.9 40.7
MoCo-v2 (Chen et al., 2020c) 25.6 45.1 25.5 8.7 27.2 40.4
DenseCL (Wang et al., 2021b) 26.1 45.2 26.3 9.1 28.0 40.8
FreeSOLO 31.1 51.4 32.0 11.2 34.1 48.4

Table 6.6. Supervised instance segmentation with limited seg-
mentation masks.

Unlabeled images Free Mask output

Figure 6.4. Qualitative results of the Free Mask. Free Mask extracts
coarse masks of the common objects in unlabeled images.

Free Mask with different pre-trained backbones. In Table 6.6(a), we show
how Free Mask performs with different pre-trained backbones. The conventional self-
supervised learning methods that contrast the global representations of image pairs,
e.g., SimCLR and MoCo-v2, show worse results compared to supervised ImageNet pre-
training. The self-supervised learning methods that consider dense correspondence,
e.g., EsViT and DenesCL, yield better results than those that do not. DenseCL shows
the best results compared to both supervised and other self-supervised methods. This
aligns with our hypothesis in Section 6.2.2 that DenseCL’s objective is consistent with
Free Mask’s. We provide some visualizations of Free Mask in Figure 6.4.
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(a) Different pre-training methods with
Free Mask. DenseCL works the best.

pre-train AR ARS ARM ARL

sup. 7.8 0.1 11.3 16.4
SimCLR (Chen et al., 2020b) 6.1 1.0 12.1 6.7
MoCo-v2 (Chen et al., 2020c) 4.7 1.6 8.1 5.4
DINO (Caron et al., 2021) 3.2 2.8 5.2 0.9
EsViT (Li et al., 2021) 6.3 0.0 6.0 17.8
DenseCL (Wang et al., 2021b) 11.5 0.1 6.0 39.5

(b) Pyramid queries in Free Mask. Pyramid
queries improve over single scale queries.

scale AR ARS ARM ARL

0.25 10.1 0.0 1.9 39.5
1.0 11.3 0.1 6.0 38.6
pyramid 11.5 0.1 6.0 39.5

(c) Self-training iterations. ‘-1’ refers to
coarse masks. ‘0’ means no self-training.

iters AP50 AP75 AP

-1 2.3 0.2 0.7
0 7.9 2.5 3.3
1 8.3 2.8 3.7
2 7.7 2.9 3.5

(d) Mask loss terms. Each loss component
contributes to the final results.

mask loss AP50 AP75 AP

combination 7.9 2.5 3.3
- w/o Lavg_proj 3.8 1.6 2.0
- w/o Lmax_proj 7.1 1.6 2.6
- w/o Lpairwise 6.1 0.9 2.1

(e) Full vs. weak supervision. Weakly-
supervised design is effective.

mask loss AP50 AP75 AP

full 6.2 1.6 2.4
weak 7.9 2.5 3.3

(f) Semantic embedding. Semantic embed-
ding learning improves the fine-tuning results.

Lsem? AP AP50 AP75

24.9 40.5 26.1
✓ 25.6 41.6 26.7

Table 6.7. FreeSOLO ablation experiments. All the experi-
ments are with a ResNet-50 backbone. We report class-agnostic in-
stance segmentation results (a-e) and supervised fine-tuning results (f)

on the COCO val2017 split.

Pyramid queries. We compare different scales of the queries Q used in Free Mask
in Table 6.6(b). A smaller scale is better for large objects but worse for medium
and small objects. A large scale is just the opposite. Pyramid queries with scales
[1.0, 0.5, 0.25] yield the best results.

Loss functions. In Table 6.6(e), we compare our weakly-supervised design against
the full mask supervision, i.e., the original Dice loss used in SOLO computed with the
full masks. Directly using the coarse masks to provide full supervision to the instance
segmenter leads to unsatisfactory results. Our weakly-supervised loss outperforms the
original full mask loss by a large margin. In Table 6.6(d), we study the mask loss terms
in Equation (6.6). The performance drops sharply when learning without Lavg_proj ,
i.e., with only the projection loss from max operation and pairwise loss as in Tian
et al. (2021). The model even collapses to only segmenting the contours when trained
longer (Figure 6.5). Our method tackles this problem by leveraging the projection
from average operation, which not only preserves the shape but is also less sensitive
to outlier pixels.

Self-training. Our method performs self-training by selecting high-confidence pre-
dictions of the self-supervised instance segmenter and training the instance segmenter
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w/o  ℒ𝑎𝑎𝑎𝑎𝑎𝑎_𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 w/  ℒ𝑎𝑎𝑎𝑎𝑎𝑎_𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝

Figure 6.5. Qualitative comparison of with and without Lavg_proj

when learning from coarse masks. The model trained without
Lavg_proj tends to only segment the contours when trained longer.

Figure 6.6. More qualitative results of FreeSOLO for the task
of class-agnostic instance segmentation. The model is trained
without any kind of manual annotations and can infer at 16 FPS on a

V100 GPU. Best viewed on screen.

again with them. We compare the results of performing different iterations of self-
training in Table 6.6(c). ‘−1’ refers to the initial coarse masks. Zero iteration refers
to learning from the coarse masks without self-training. We show that performing
self-training once already brings clear improvements, but additional iterations do not
provide additional gains.

Semantic embedding. To validate the effectiveness of the semantic embedding
learning, in Table 6.6(f) we compare the models trained with or without the semantic
embedding loss defined in Equation (6.7). The models are fine-tuned with 10% of
fully annotated COCO images. It shows that the semantic embedding loss yields
clear improvements when fine-tuning instance segmentation with annotations.
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FreeSOLO Output COCO Ground Truth

Figure 6.7. Qualitative comparison of FreeSOLO’s predicted masks
and ground truth masks. At some object boundaries, FreeSOLO can
produce even more precise segmentation than manual annotations in

some cases.

Figure 6.8. Failure cases of FreeSOLO. Our method could fail to
localize objects that are truncated, crowded or small.

Qualitative analysis. We show qualitative results of our method for the task of
class-agnostic instance segmentation in Figure 6.6. As shown in Figure 6.7, we further
show that FreeSOLO can even produce more precise segmentation results than manual
annotations at some object boundaries, which indicates FreeSOLO’s great potential
for tasks such as auto-labeling. In addition, we show the limitations of our method in
Figure 6.8 that it could fail in some scenarios. We believe there is plenty of room to
improve based on our method.

6.4 Conclusion

In this work, we have developed a simple and effective self-supervised instance segmen-
tation framework FreeSOLO. FreeSOLO enables learning to segment objects without
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any annotations, neither pixel-level nor image-level labels. We hope that its novel de-
sign elements provide insights for future works on unsupervised visual learning, e.g.,
unsupervised panoptic segmentation, and beyond.
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Chapter 7

Conclusion

In this thesis, we have proposed a series of novel methods to solve the object segmenta-
tion problems with deep neural networks. We further generalize our methods to solve
extensive vision problems including object detection, panoptic segmentation, and im-
age matting. We have also explored self-supervised learning for object segmentation,
of object segmentation, and by object segmentation.

First, we propose SOLO for simple and direct instance segmentation. SOLO defines a
novel concept of “instance category” and assigns a category for each pixel, thus nicely
converting the complex instance segmentation to a per-pixel classification problem,
which can be solved by a simple fully convolutional network. Without bounding-box
detection or pixel grouping post-processing, SOLO directly maps a raw input image
to the desired instance masks with constant inference time. The basic principle of
SOLO has also inspired and derived several variants including the decoupled and
dynamic ones. To our knowledge, SOLO is the first one-stage instance segmentation
method that demonstrates a very simple approach achieving on par performance to
the dominant “detect-then-segment” method on challenging benchmarks such as MS
COCO.

Then, we propose SOLOv2 for high-performance instance segmentation which im-
proves SOLO in terms of both speed and accuracy. In SOLOv2, we first introduce
the dynamic mask prediction which uses dynamic convolutions to decouple the orig-
inal mask head into mask kernel prediction and unified mask feature prediction. It
leads to a much more compact yet more powerful mask head design and achieves
better results and more accurate boundaries. We further develop a simple Matrix
NMS strategy which is much faster and more accurate than the existing strategies,
thus largely speeding up the NMS processing of object masks. With a much simpler
framework, SOLOv2 outperforms the state-of-the-art instance segmentation methods
by a large margin. Besides the superior performance in instance segmentation, we
demonstrate the flexibility and effectiveness of SOLOv2 by extending it with mini-
mal modifications to solve object detection, panoptic segmentation, and instance-level
image matting problems.
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Moreover, to leverage the unlabeled data, we present a self-supervised learning frame-
work DenseCL, which is designed and optimized for object segmentation and other
dense prediction tasks. The core idea of DenseCL is to perform dense pairwise con-
trastive learning at the level of pixels (or local features). After pre-trained on large-
scale unlabeled data, the model is transferred to downstream tasks and fine-tuned
with limited manual annotations to achieve improved performance. Our method
largely closes the gap between self-supervised pre-training and dense prediction tasks.
DenseCL pre-training yields significant improvements in a variety of tasks including
instance segmentation, semantic segmentation, and object detection.

Finally, built on SOLO, SOLOv2, and DenseCL, we propose FreeSOLO, which learns
to segment objects without any annotations. Given a set of unlabeled images, we pro-
pose the Free Mask approach to extract the coarse masks using the model pre-trained
by dense contrastive learning. These coarse masks are then fed to self-supervised
SOLO to train the instance segmentation model with careful designs on loss functions
and iterative self-training strategies. Specifically, we leverage coarse masks as a type
of weak mask annotations. We use the object embeddings from Free Mask as seman-
tic guidance. And the high-confidence predictions are treated as a new set of coarse
masks for self-training. For the first time, we demonstrate unsupervised instance seg-
mentation successfully. In addition, FreeSOLO also serves as a strong pre-training
pretext task for instance segmentation.

We believe that, with our fast, label-efficient, and sufficiently strong methods pro-
posed in this thesis, instance segmentation can be a popular alternative to the widely
used object bounding box detection. We have seen many works apply our models or
built upon our methods for various research topics and real-world problems so far.
The future work would be focusing on solving segmentation problems in more chal-
lenging open world, e.g., segment everything with open-set categories. We hope that
our proposed methods can serve as a cornerstone for object segmentation and many
other visual perception tasks, e.g., panoptic segmentation, self-supervised learning,
and beyond.
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