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Abstract

The advent of deep learning has brought about great progress on many funda-
mental computer vision tasks such as classification, detection, and segmentation,
which describe the categories and locations of objects in images and video. There
has also been much work done on supervised learning—teaching machines to solve
these tasks using human-annotated labels. However, it is insufficient for machines
to know only the names and locations of certain objects; many tasks require
a deeper understanding of the complex physical world—how objects interact
with their surroundings, for example (often by creating shadows, reflections,
surface deformations, and other visual effects). Furthermore, training models
to solve these tasks while relying heavily on human supervision is costly and
impractical to scale. Thus, this thesis explores two directions: first, we aim to go
beyond segmentation and address a wholly new task: grouping objects with their
correlated visual effects (e.g. shadows, reflections, or attached objects); second,
we address the fundamental task of video object segmentation in a self-supervised
manner, without relying on any human annotation.

To automatically group objects with their correlated visual effects, we adopt a
layered approach: we aim to decompose a video into object-specific layers which
contain all elements moving with the object. One application of these layers is
that they can be recombined in new ways to produce a highly realistic, altered
version of the original video (e.g. removing or duplicating objects, or changing
the timing of their motions). Here the key is to leverage natural properties of
convolutional neural networks to obtain a layered decomposition of the input
video. We design a neural network that outputs layers for a video by overfitting
to the video. We first introduce a human-specific method, then show how it can
be adapted to arbitrary object classes, such as animals or cars.

Our second task is video object segmentation: producing pixel-wise labels
(segments) for objects in videos. Whereas our previous work is optimized on a
single video, here we take a data-driven approach and train on a large corpus of
videos in a self-supervised manner. We consider two different task settings: (1)
semi-supervised object segmentation, where an initial object mask is provided
for a single frame and the method must propagate this mask to the remaining
frames, and (2) moving object discovery, where no mask is given and the method
must segment the salient moving object. We explore two different input streams:
RGB and optical flow, and discuss their connection to the human visual system.
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Abstract

The advent of deep learning has brought about great progress on many fundamental
computer vision tasks such as classification, detection, and segmentation, which
describe the categories and locations of objects in images and video. There has
also been much work done on supervised learning—teaching machines to solve
these tasks using human-annotated labels. However, it is insufficient for machines
to know only the names and locations of certain objects; many tasks require a
deeper understanding of the complex physical world—how objects interact with
their surroundings, for example (often by creating shadows, reflections, surface
deformations, and other visual effects). Furthermore, training models to solve
these tasks while relying heavily on human supervision is costly and impractical
to scale. Thus, this thesis explores two directions: first, we aim to go beyond
segmentation and address a wholly new task: grouping objects with their correlated
visual effects (e.g. shadows, reflections, or attached objects); second, we address
the fundamental task of video object segmentation in a self-supervised manner,
without relying on any human annotation.

To automatically group objects with their correlated visual effects, we adopt a
layered approach: we aim to decompose a video into object-specific layers which
contain all elements moving with the object. One application of these layers is that
they can be recombined in new ways to produce a highly realistic, altered version
of the original video (e.g. removing or duplicating objects, or changing the timing
of their motions). Here the key is to leverage natural properties of convolutional
neural networks to obtain a layered decomposition of the input video. We design
a neural network that outputs layers for a video by overfitting to the video. We
first introduce a human-specific method, then show how it can be adapted to
arbitrary object classes, such as animals or cars.

Our second task is video object segmentation: producing pixel-wise labels
(segments) for objects in videos. Whereas our previous work is optimized on a
single video, here we take a data-driven approach and train on a large corpus of
videos in a self-supervised manner. We consider two different task settings: (1)
semi-supervised object segmentation, where an initial object mask is provided for a
single frame and the method must propagate this mask to the remaining frames,
and (2) moving object discovery, where no mask is given and the method must
segment the salient moving object. We explore two different input streams: RGB
and optical flow, and discuss their connection to the human visual system.
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Stop playing and help me find my shadow!
— Peter Pan

Introduction

In this thesis we aim to design computer vision algorithms that can understand
how objects in videos affect their environment. As people, animals, and objects
move through the world, they cast shadows, reflections, create ripples in water,
deform surfaces, etc. When observing this phenomena in the world, we are able to
immediately understand which of these effects is caused by which moving entity.
We even have the ability to imagine what the scene would look like if that entity
never existed—those same effects would also never appear.

Existing computer vision techniques cannot automatically group objects with
their correlated visual effects. While the field has seen much progress in segmenting
and tracking objects in videos, effects such as shadows, reflections, and surface
deformations are typically ignored or handled by a dedicated system (e.g. a
shadow detector) rather than a generalized solution. Understanding which scene
elements in a video are related to one another is a fundamental reasoning task
that we explore in this thesis.

Our goal is to automatically infer from a video the effects that are correlated
with a moving object. Furthermore, we wish to do this unsupervised; that is,
without requiring any human annotation, by merely observing the raw input video.
The signal we will leverage to learn this association is motion—objects and their

effects move in correlated ways.



2 1.1. An Application: Video Editing

In the first part of this thesis, we present methods to automatically group objects
with their correlated effects by leveraging natural properties of deep convolutional
neural networks. For this work, we first use existing off-the-shelf tools to detect
and segment the moving objects whose effects we wish to label. In the second
part of the thesis we investigate ways to improve the aforementioned tools for
video object segmentation. Our focus is once again to learn without any human
annotations, by taking advantage of natural signals present in raw video: e.g.
multiple viewpoints, smooth and gradual changes, all of which enable the learning

of correspondence in a fully self-supervised manner.

1.1 An Application: Video Editing

While the goal of this thesis is to understand video, one downstream application of
our work is that it can also be used to edit and re-render visual content. Editing
images and videos has a wide range of uses, among which include the removal of
individuals to maintain their privacy, stroboscopic images for sports visualization
and analysis, and creative expression (see Figure 1.1). Creating such edits where
individual objects in a scene are manipulated independently of their surroundings
is extremely challenging and costly, as it requires object mattes, which contain
pixel-level information about the image regions that belong to the object. To
acquire these mattes, either the surroundings must be strictly controlled and staged
(e.g. with the use of greenscreen), or when this setup is not possible, the object
matte is often drawn by hand through a process called rotoscoping. The costliness
of this process makes high-quality editing largely confined to the professional film
industry and highly skilled individuals rather than casual users.

Fortunately, computer vision has already made strides in automating aspects
of these tasks, saving users much time and effort. Automatic image matting
(and video matting, to a lesser extent) is an active area of research. However,
these methods are all concerned with identifying solely the object, and do not
take into account any correlated visual effects such as shadows or reflections.

Ignoring these elements, however, results in unrealistic scenes where people are
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Figure 1.1: Sample applications of image and video editing. (a) A screenshot
taken of Google Streetview, where faces are blurred to preserve the privacy of individuals.
(b) A composite image created by fusing different video frames to visualize a goal scored
during a soccer match. (c) A sequence from the film Chungking Express [Wong 1994]
which uses different speeds of the people in the scene for artistic effect. The person in the
foreground moves in slow motion while the people behind him rush by in a quick blur.

removed or edited, but their shadows and reflections remain unchanged. While
there are dedicated shadow detectors, even more complex scenes may contain
water splashes or surface deformations, and no existing method can capture all

these different types of visual effects.



/ 1.2. Contributions and Outline

1.2 Contributions and Outline

In this section, we provide a summary of the main contributions of this thesis,

and outline the chapters.

Grouping people with their correlated effects. In Chapter 3, we propose
the new task of grouping people in video with their correlated visual effects (e.g.
shadows, reflections, attached objects), and address this challenge with a novel
video layer decomposition method based on neural rendering [Thies, Zollhofer, and
Niefiner |. The human representation that we use is UV maps. To obtain these
maps, we first use off-the-shelf tools to track the people in the input video, and
obtain their keypoints. Next, we use our novel keypoint-to-UV network, which we
pretrained offline, to convert the keypoints to UV maps. We input the UV map for
each person to our convolutional neural network, which predicts the RGBA layer for
the corresponding person. The RGBA layers are then back-to-front composited to
reconstruct the original video frame. The network is optimized on a single video and
is trained to minimize reconstruction loss. Once trained, these layers can be used
to produce a variety of video editing effects, such as person removal, duplication, or
retiming—changing the speed of individual people. We demonstrate results on videos

of complex scenes, including elements such as water, trampolines, and loose clothing.

Grouping objects with their correlated effects. In Chapter 4, we extend
the human-specific method presented in Chapter 3 to operate on objects of any
class. We show that the UV geometry inputs can be replaced by binary object
masks and optical flow to provide frame-to-frame correspondence. We additionally
add flow-based losses for improved layer separation and temporal consistency, which
we demonstrate in our ablations. Furthermore, while our original work in Chapter
3 represents the camera motion with a homography, we additionally optimize
for a coarse background warp to allow for greater expressivity, and show that
this produces cleaner object layers. We demonstrate our method qualitatively on

challenging videos containing diverse subjects (e.g. animals, cars, people) and



1. Introduction 5

diverse effects (e.g. shadows, smoke, reflections). We additionally evaluate our
method quantitatively on data labeled for change detection. We also qualitatively
compare our approach with methods specific to object removal [Gao et al. | and
shadow detection [Tianyu Wang et al. | and show comparable if not favorable

results, despite ours being a general approach.

Self-supervised video object segmentation. In Chapter 5, we present a
method for tracking object segments in video. Our method is trained in a fully
self-supervised manner, i.e. without relying on any human annotation. We
investigate various training settings that have been used in prior self-supervised
object segmentation works and conduct thorough ablation studies to determine the
optimal choices. We additionally incorporate a memory module to overcome failures
due to severe occlusion. At the time of publication, our method surpassed the
state-of-the-art self-supervised methods on existing benchmarks, while approaching
the performance of supervised methods. We additionally show that self-supervised
methods have a lower generalization gap between seen and unseen object classes
than supervised methods, and argue that this metric should be considered as it

reflects real-world use cases.

Self-supervised moving object discovery. In Chapter 6, we present a self-
supervised method for discovering and segmenting moving objects in videos. Our
method exploits motion cues by operating only on precomputed optical flow [Teed
and J. Deng |, in contrast to previous methods that perform segmentation
directly on RGB inputs. We adopt a simple variant of the Transformer [Vaswani et al.

| to decompose the input flow into a foreground object layer and background
layer, and train the network in a self-supervised manner by re-compositing the
layers to reconstruct the original flow. At the time of publication, our approach
surpassed previous state-of-the-art self-supervised methods on public benchmarks,
while also being an order of magnitude faster. We additionally evaluate our

method on the challenging task of segmenting camouflaged objects and significantly
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outperform other self-supervised approaches while being competitive with the

top supervised approach.

Class-agnostic counting. In Chapter 7, we take a brief detour from video
understanding to consider the problem of counting objects of arbitrary classes.
Existing counting methods are designed for a specific class of object; however, we
observe that humans are capable of counting objects despite having never seen them
prior (see Figure 1.2). Thus, we propose to reformulate counting as a matching
problem: given an ‘exemplar’ image patch containing an instance of the object to
count (e.g. a car, a cell), and an image to count, our method outputs a heatmap
that localizes all occurrences of the object. The heatmap supports both counting
by detection (via taking local maximums) and counting by density estimation (by
summing the heatmap), the latter of which is the preferred method in the case of
heavily overlapping object instances. Returning to this thesis’ theme of videos, we
first pretrain our generic counting-by-matching network on Imagenet Video data
[Russakovsky et al. | labeled for object tracking; this allows the network to
learn to match different views of the same object. This pretrained network can
then be easily adapted to new domains and user requirements by finetuning just
6% of network parameters on small amounts of data. We demonstrate our method
on existing benchmarks for synthetic cells, real cells, cars, and human crowds, and

achieve performance at or surpassing state-of-the-art methods.
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Figure 1.2: Counting unseen object classes. Humans have the ability to count
objects even if they have never seen them before, due to our knowledge of intra-class
variations in color and shape, for example. Even if a person has never seen this type
of fruit before, they would have no trouble counting it, despite individual differences in
appearance.

1.3 Publications

This thesis consists of the following published works:

o Chapter 3: Erika Lu, Forrester Cole, Tali Dekel, Weidi Xie, Andrew Zisserman,
David Salesin, William T. Freeman, and Michael Rubinstein. Layered Neural

Rendering for Retiming People in Video. In SIGGRAPH Asia, 2020.

o Chapter 4: Erika Lu, Forrester Cole, Tali Dekel, Andrew Zisserman, William
T. Freeman, and Michael Rubinstein. Omnimatte: Associating Objects and
Their Effects in Video. In Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition (CVPR), 2021.

o Chapter 5: Zihang Lai, Erika Lu, and Weidi Xie. MAST: A Memory-
Augmented Self-Supervised Tracker. In Proceedings of the IEEE Conference
on Computer Vision and Pattern Recognition (CVPR), 2020.
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o Chapter 6: Charig Yang, Hala Lamdouar, Erika Lu, Andrew Zisserman, and
Weidi Xie. Self-supervised Video Object Segmentation by Motion Grouping.
In Proceedings of the IEEE International Conference on Computer Vision

(ICCV), 2021.

o Chapter 7: Erika Lu, Weidi Xie, and Andrew Zisserman. Class-Agnostic
Counting. In Asian Conference on Computer Vision (ACCV) 2018.

Note on formatting. This thesis is presented as an integrated thesis', where

publications are presented in the original format in which they were published.
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Background Literature

This thesis has two primary focuses: (1) decomposing videos into layers of objects
with their correlated effects, and (2) segmenting objects in videos, both of which
are done without any manual annotation. Here we discuss the relevant background
literature. Section 2.1 first introduces layered representations before providing
an overview of layer decomposition methods with a focus on deep-learning based
approaches. Section 2.3 discusses neural rendering. In Section 2.4, we cover self-
supervised learning from videos, before delving deeper into self-supervised methods

specific to the video object segmentation task (Section 2.4.4).

2.1 Layered Video Representations
2.1.1 Formulation

Early works to propose a layered representation for video include Adelson ;
Darrell and Pentland : J. A. Wang and Adelson ; J. A. Wang and Adelson

; J. A. Wang and Adelson , with the idea being that a video may contain
many complex motions, but it can be explained by individual layers which each
contain simpler motion (see Figure 2.1). Formally, a frame I can be decomposed

into a set of RGBA (color and opacity) layers:
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Moving Hand Background

(c)

Frame 1 Frame 2 Frame 3

Figure 2.1: Representing a video as layers. A figure from J. A. Wang and Adelson
1994, the first work to propose a layered representation for video. (a) A moving hand,
(b) the background, translating downwards and to the left, and (c) the observed image
sequence. Reproduced from J. A. Wang and Adelson 1994.

where N is the number of layers; F; is the color map for layer ; and «; is the alpha
map for layer ¢, which controls the opacity of the layer and takes a value in the
range [0, 1] to deal with transparency, shadows, motion blur, etc. The layers are
then back-to-front composited to reconstruct the original video frame.

To produce a sequence of video frames, the layers are warped according to
the wvelocity map V. For greater representational flexibility, a delta map D may
additionally update the color map over time to account for changes that cannot
be captured by the layered model. The full layer compositing model that includes
velocity maps and delta maps can be seen in Figure 2.2.

The advantage of the layered model is that new image sequences can be easily
rendered by combining the layers in new ways. The challenge in decomposing a
sequence of images into layers lies in jointly estimating the assignment of pixels
to layers and the motions of the layers. To quote J. A. Wang and Adelson 1994,
“Synthesis is easy but analysis is hard.” J. A. Wang and Adelson 1991 use a
two-stage approach to estimating layers: 1) motion estimation, and 2) segmentation

by affine model fitting.
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Figure 2.2: Diagram of layer compositing proposed by J. A. Wang and
Adelson . Each layer E; is updated by a delta map D; and warped by a velocity
map V;. Transparency map «; determines how to blend current layer F; with output I; 4
from the previous compositing step. Reproduced from J. A. Wang and Adelson

2.1.2 Layer Decomposition Methods

Layered models have since been applied to a range of tasks, including view synthesis
and reflection removal. Many works have adapted the layered model definition to
represent depth layers rather than motion layers, enabling novel view synthesis
[Baker et al. ; Shade et al. ; Torr et al. ; Zitnick et al. |. Brostow
and Essa use temporal occlusions to estimate the relative depths of layers.
Jojic and Frey extend the layered model to introduce the flexible sprite model,
which probabilistically model moving, occluding objects. Kumar et al. extend
this model to include the effects of lighting and motion blur. Fradet et al.

present an algorithm for motion segmentation and mosaic generation that can
accommodate human-in-the-loop correction. Layered models have also been used
for the goal of estimating optical flow, as the model is able to handle the sharp
discontinuities at surface boundaries [D. Sun, Sudderth, et al. ; D. Sun, Wulff,
et al. : Wulff and Black : Wulff and Black : Sevilla-Lara et al. ].

Wulff and Black additionally use a layered representation to model motion
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blur, enabling them to perform deblurring. Xue et al. ; Nandoriya et al.
use a layered model to remove reflections and obstructions by taking advantage

of the different motions of the layers due to visual parallax.

Layer Decomposition With Deep Neural Networks. More recently, several
works have leveraged deep neural networks to perform layer decomposition, taking
advantage of deep networks’ ability to learn from large amounts of data [Alayrac,
Carreira, and Zisserman ; Alayrac, Carreira, Arandjelovic, et al. ], as well as
properties arising from the structure of convolutional neural networks [Gandelsman
et al. |. T. Zhou et al. train a neural network on a pair of stereo images
to predict layers that correspond to physically accurate depth, which they refer
to as multiplane images (MPI). They use video clips of static scenes to train the
network to produce MPIs from narrow-baseline stereo image pairs. The predicted

layers contain disoccluded content, which enables novel-view synthesis. Srinivasan,

Tucker, et al. build upon this work and achieve significantly larger view
extrapolations. Flynn et al. extend the original MPI work by applying learned
gradient descent [Adler and Oktem ; Adler and Oktem |, allowing it to

require much fewer update steps at inference time than in the previous work. Tucker
and Snavely build on this line of work to predict MPIs from a single image.

Alayrac, Carreira, and Zisserman use a learning-based approach to separate
videos into a fixed number of layers, for applications such as reflection and haze
removal. The authors generate synthetic training data by sampling two random
videos and blending them with a random mixing parameter « € [0, 1]. The videos
are taken from the Kinetics-600 dataset [Kay et al. |, which is comprised
of humans performing a variety of actions. Despite training on synthetic data,
they demonstrate results on real videos that include shadows, reflections, and
smoke. Alayrac, Carreira, Arandjelovic, et al. extend this work by making
the layer decomposition process controllable: the layers are conditioned on external

cues such as audio.
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Figure 2.3: Double-DIP method overview. Two DIP networks each predict an
output layer y from fixed input noise z. A third DIP network predicts a mask m which
is used to mix the output layers y; and yo to reconstruct the original image. The DIP
networks are optimized to minimize reconstruction loss, an exclusion loss on y; and s,
and a task-specific regularization loss. Reproduced from Gandelsman et al. 2019.

Double-DIP [Gandelsman et al. 2019] is a method that leverages the “deep
image prior” (DIP) property [Ulyanov et al. 2018] of convolutional neural networks
to perform layer separation. The DIP property refers to a finding in Ulyanov
et al. 2018 that the structure of CNNs gives them the tendency to output smooth,
‘natural” images rather than random noise images. They demonstrate this behavior
by training a single CNN to overfit to a real image which is corrupted by adding
random noise, JPEG artifacts, or arbitrary masking. During training, the network
first outputs a ‘clean’ version of the image without the corruption, before eventually
overfitting to the artifacts, thus demonstrating CNNs’ bias towards producing

realistic images. The Double-DIP method utilizes this property to produce two
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clean layers from a single image. Two neural networks with identical architectures
are each passed an input of fixed random noise, and optimized to output layers
that when composited, reconstruct the original image. Since the networks are
initialized with different weights and given different noise inputs, they each capture
a different layer of the image. They demonstrate results on foreground /background
segmentation, dehazing, transparency separation, and even watermark removal.
While the method is primarily for images, the authors demonstrate its effectiveness

on videos as well, by initializing different random noise for each frame.

2.2 Video Completion

Video completion, or video inpainting, is the task of filling in missing pixels in a
video. Applications include restoration (e.g. fixing scratches), watermark removal,
and object removal. While object removal is also one application of our work in
Chapters 3 and 4, we can think of video completion as complementary to our layer
decomposition methods. Video completion takes as input a mask indicating the
pixels for which to synthesize content. In Chapters 3 and 4, we present methods for
producing a matte for a given video, which marks the pixels belonging to an object
and the ‘effects’ created by that object (e.g. shadows, reflections). This matte can
be converted to a mask via thresholding and used as input to a video completion
method to completely remove the object’s presence (effects included).
Traditional methods for video completion typically use patch-based synthesis
techniques (e.g. [Wexler et al. , Newson et al. ]). A limitation of these
techniques is that they reuse existing patches in the video, and typically have high
processing time. Several works use optical flow to guide patch synthesis (e.g. [Huang
et al. ]), or to directly inpaint by color propagation [Bokov and Vatolin ;
Okabe et al. ]. Deep learning-based methods have seen some success with 3D
convolutions [Chang et al. ; C. Wang et al. |; however, they are limited in
resolution due to the high memory costs of 3D convolutions. Kim, Woo, et al. ;

S. Lee et al. ; Oh et al. aim to address this issue by using nearby frames
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as references. Recently, several methods have seen success in combining flow-based

methods with deep learning [R. Xu et al. ; Gao et al. ].

2.3 Neural Rendering

Neural rendering is a new and rapidly growing field that leverages neural networks
for rendering photorealistic imagery [Tewari et al. |. Traditional computer
graphics uses hand-crafted scene representations and sophisticated graphics engines
to produce high-quality images. However, generating scene elements such as
lighting, materials, and shape is difficult to do automatically. Neural rendering
provides an attractive alternative where the complexities of scene representations
and rendering are abstracted away from the user and handled implicitly by the
neural network, at the expense of some control. Neural rendering methods combine
deep generative models with traditional computer graphics techniques. The goal of
many such systems is generalization: once trained on a dataset of examples, the
system should be able to render new photorealistic content (a new configuration of
previously observed scene properties). Neural rendering has been used for numerous
applications such as novel view synthesis [Hedman et al. ; Nguyen-Phuoc
et al. ; Meshry et al. ; Sitzmann, Thies, et al. ; Sitzmann, Zollhofer,
et al. ; Thies, Zollhofer, Theobalt, et al. ; Mildenhall et al. ; Martin-
Brualla et al. ], facial and body reenactment [Lombardi et al. ; Thies,
Zollhofer, and Niefiner ; Chan et al. ; Liu et al. |, semantic photo
manipulation [J. Zhu et al. ; Q. Chen and Koltun : Isola, J.-Y. Zhu,
et al. ; Ting-Chun Wang et al. ; Bau et al. ; Park et al. |, and
relighting [Z. Xu et al. ; H. Zhou et al. ; T. Sun et al. ; Zhang et al.
; Srinivasan, B. Deng, et al. .

While generalization is a goal of neural rendering, our work in Chapter 3 differs
in that generalization to new scenes is not the aim; rather, our work employs
a neural rendering architecture as a building block for decomposing a video into
layers. Our method builds upon a similar framework used in Thies, Zollhofer, and

Niefiner ; Aliev et al. . The input scene geometry is represented by UV
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texture coordinates [Thies, Zollhofer, and Niefiner | or a point cloud [Aliev et al.

|. The geometry is then mapped to a learnable ‘neural texture’ map before
being passed to a rendering network, which outputs a photorealistic image. During
inference time, the input geometry can be manipulated by the user to produce
new scenes. Aliev et al. ; Thies, Zollhofer, and Nieiner demonstrate
results on view synthesis; Thies, Zollhofer, and Niefiner additionally apply

their method to scene editing and facial reenactment.

2.4 Self-Supervised Learning from Videos

Due to the high cost of manual annotation and the increase in available unlabeled
video data, there has been much interest in learning useful feature representations
without requiring any human supervision. Self-supervised learning typically involves
constructing a prozy task which the network can only solve by learning a meaningful
feature representation. These features can then be used for downstream tasks such

as video retrieval, action recognition, segmentation, or tracking.

2.4.1 Recognition and Retrieval

A variety of proxy tasks have been proposed for learning representations at the
frame-level that are useful for video retrieval or human action recognition. Standard
benchmarks used for evaluating human action recognition are HMDB51 [Kuehne
et al. |, UCF101 [Soomro et al. ], and Kinetics [Kay et al. . Two
common evaluation settings are: (1) linear probing, where the learned features are
frozen, and a single linear layer is trained with cross-entropy loss, and (2) finetuning,
where the feature encoder and the linear layer are both finetuned.
Misra et al. ; Fernando et al. : H.-Y. Lee et al. ; Wei et al.
; D. Xu et al. ; Kim, Cho, et al. use the natural spatio-temporal
ordering of patches or frames as a signal for learning a semantically meaningful
representation. Misra et al. sample video clips that are either in order or
shuffled (see Figure 2.4a), and then train a network to classify whether the input

sequence of frames is temporally correct (Figure 2.4b). Misra et al. show that
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their trained features are more sensitive to human pose than ImageNet [J. Deng
et al. 2009] pretrained or randomly initialized network features (Figure 2.4c). Thus,
the self-supervised temporal order verification of Misra et al. 2016 is a more suitable
pretraining task for human action recognition than is fully supervised ImageNet

classification, which is the method that had been typically used in the literature.

(a) Data Sampling (b) Triplet Siamese network for sequence
verification
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Figure 2.4: Method and Results for ‘Shuffle-and-Learn’ [Misra et al. 2016].
(a) Data is sampled from videos by arbitrarily shuffling or preserving the original temporal
order. (b) The sequence of frames is passed to a network, which is trained to predict
whether the data is in the correct temporal order. (c) For each query video, nearest
neighbor videos are retrieved using ImageNet pretrained features, the Shuffle-and-Learn
features, and randomly initialized network features. In comparison to ImageNet and
random, Shuffle-and-Learn features are more sensitive to human pose, returning nearest
neighbors that contain the same pose, while ImageNet nearest neighbors are of a similar
image class (top: exercise, bottom: baseball). Reproduced with modification from Misra
et al. 2016.
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In addition to spatiotemporal ordering, speed prediction has also been used as a
proxy task [Benaim et al. 2020; Epstein et al. 2020; J. Wang et al. 2020]. Benaim
et al. 2020 train a network to predict whether clips have been randomly sped up or

slowed down. They demonstrate that the resulting features can be used to select
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temporal sequences that appear similar regardless of changes in speed, enabling
videos to be ‘intelligently’ sped up in a manner that is less perceptually disruptive
to users. Epstein et al. address a new task of predicting unintended actions
in videos and find speed prediction to be the most effective proxy task.

Future frame prediction and generation has also been extensively explored for

learning useful feature representations [Vondrick, Pirsiavash, et al. ; Vondrick,
Pirsiavash, et al. ; Liang et al. ; Vondrick and Torralba ; Denton and
Birodkar ; Diba et al. : Han et al. : Han et al. |. Han et al.

; Han et al. combine contrastive learning with future frame prediction

to learn representations for action recognition and video retrieval. Such contrastive
methods learn to discriminate a transformed video sample against other samples
in the dataset. The transformation can be synthetic (such as data augmentation)
or natural (such as two different clips within the same video).

Other signals that have been leveraged for self-supervised representation learning
include motion [Agrawal et al. ; Jayaraman and Grauman ; Jayaraman
and Grauman |, geometry cues [Gan et al. |, and rotation [Jing et al.

|. Isola, Zoran, et al. use co-occurrence of visual entities at various levels:
image patches, for image segmentation; frames, for movie scene segmentation; and
geospatial proximity in image collections, for clustering. X. Wang and Gupta
extract and track patches in videos and use positive and negative pairs to

train a Siamese Triplet Network.

2.4.2 Audiovisual Tasks

There is a growing body of work on taking advantage of multiple modalities such

as the audiovisual to learn self-supervised representations. Alwassel et al. ;

Arandjelovié¢ and Zisserman ; Arandjelovi¢ and Zisserman ; Korbar et al.
; Patrick et al. ; Piergiovanni et al. ; Afouras, Asano, et al.

use a contrastive loss to learn the correspondence between video frames and the

accompanying audio. Narrated video has also been leveraged by Miech et al.
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to train joint video and text embeddings, enabling text-to-video retrieval in addition

to action recognition and localization.
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Figure 2.5: Method overview for self-supervised audiovisual source separation
[Zhao, Gan, Rouditchenko, et al. 2018]. The audio tracks from two different videos
are blended together. The blended audio and each video’s frames are passed to the audio
analysis network and video analysis network, respectively. The outputs are passed to the
audio synthesizer network, which takes in the audio features and a single video’s features,
and predicts only the audio that corresponds to that input video. Reproduced from Zhao,
Gan, Rouditchenko, et al. 2018.

Multi-modal representation learning has applications in audiovisual source
separation and localization [Zhao, Gan, Rouditchenko, et al. 2018; Zhao, Gan, Ma,
et al. 2019; Harwath et al. 2018; Afouras, Chung, et al. 2018b; Arandjelovi¢ and
Zisserman 2018; Afouras, Chung, et al. 2020], lip reading [Afouras, Chung, et al.
2018a; Chung and Zisserman 2016; Chung, Senior, et al. 2017], and audiovisual
navigation [C. Chen et al. 2020]. Zhao, Gan, Rouditchenko, et al. 2018 train
a self-supervised model to separate sounds conditioned on image pixels. They
mix the audio tracks from two different videos and train a model to separate the
blended audio by conditioning on the visual stream from each video (Figure 2.5).
The authors demonstrate the model’s ability to separate the sounds produced by
different musical instruments, suggesting that it has learned semantics despite

not having access to class labels.
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2.4.3 Object Structure
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Figure 2.6: Overview of self-supervised face synthesis [Wiles et al. 2018b]. (a)
During training, an embedding network predicts an embedded face (encoding person
identity in a neutral pose) from the source frames. The driving network takes as input an
image containing the desired pose, and predicts a warp to apply to the embedded face.
The networks are optimized to match the synthesized face to the original driving image.
(b) In comparison to CycleGAN [J.-Y. Zhu et al. 2017], X2Face [Wiles et al. 2018b] better
disentangles identity from pose. Reproduced from Wiles et al. 2018b.

Several recent deep-learning based self-supervised works are targeted towards
learning object structure from unlabeled videos. Wiles et al. 2018b; Wiles et al.
2018a train a network to warp a source video frame of a face to a target frame
from the same face track, and demonstrate that the learned embeddings disentangle
identity from pose and expression. (Figure 2.6). Jakab et al. 2018; Jakab et al.

2020 impose an information bottleneck to learn human pose and object landmarks.
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Wu et al. trains an object category-specific model on videos to predict a

textured, articulated 3D mesh from a single image.

2.4.4 Object Segmentation

The self-supervised work in chapters 5 and 6 of this thesis address the video object
segmentation task. The goal of video object segmentation (VOS) is to output a pixel-
wise binary mask for each frame that indicates the presence of a specified object.
There are two common test settings: (1) semi-supervised VOS, where an initial object
mask is given for a frame, and the object must be tracked in the remaining frames,
and (2) zero-shot VOS, where no object mask is given, and the object (typically
the most salient) must be discovered and segmented. Despite this terminology, the
training setting for both tasks can be either supervised or unsupervised (e.g. the
semi-supervised VOS task can be trained in an unsupervised manner). Zero-shot
VOS with a focus on moving objects can also be referred to as moving object
discovery, or motion segmentation. Here we discuss self-supervised training methods

for semi-supervised VOS, with a focus on deep-learning based methods.

Tracking by colorizing. Our work on self-supervised training for object segmen-
tation follows a similar framework laid out in Vondrick, Shrivastava, et al.
Vondrick, Shrivastava, et al. leverage the natural temporal consistency of color
in videos by using colorization as a proxy task for learning to track. Given two
grayscale images I; and I, from a video, the model is trained to colorize each pixel
in Iy by copying colors from pixels in I; (see Figure 2.7). This training regime
encourages the model to naturally learn correspondence between video frames, by
optimizing for the CNN parameters that result in similar pixels being embedded
in the same space. During training, the colors are copied from the reference frame
to the target frame, whereas during inference time, the class labels are propagated
instead in order to solve the segmentation task.

A weakness of Vondrick, Shrivastava, et al. is that the inputs to the network

must be grayscale; thus, the trained model can never make use of color information,
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Figure 2.7: Method overview for learning to track by colorizing. Two grayscale
video frames are each embedded by a CNN. Each pixel in the target frame is then assigned
a color value by ‘copying’ the colors from the most similar pixels in the reference frame
(based on softmax similarity). For visualization purposes, the copying/tracking operation
is drawn with a single yellow arrow, but in practice this tracking is soft. Reproduced
from Vondrick, Shrivastava, et al. 2018.

lacking a strong cue for the tracking task. Follow-up work by Lai and Xie 2019
addresses this issue by passing as inputs the original RGB video frames with color
jittering and augmentations applied. They additionally incorporate scheduled
sampling and cycle consistency for improved performance on the DAVIS-2017 [Pont-
Tuset et al. 2017] benchmark. X. Wang, A. Jabri, et al. 2019 rely primarily
on a cycle consistency loss to train a self-supervised network to track patches
forwards and backwards. Lu et al. 2020 also use the cycle consistency principle in a
framework that accommodates both unsupervised and weakly supervised training,

as well as zero-shot and semi-supervised VOS.
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Our Retiming Result
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Frame t, (child 11 jumps)

Frame t;(child 111 jumps)

Our Output Layers

Fig. 1. Making all children jump into the pool together — in post-processing! In the original video (left, top) each child is jumping into the pool at a
different time. In our computationally retimed video (left, bottom), the jumps of children I and Il are time-aligned with that of child II, such that they all jump
together into the pool (notice that child Il remains unchanged in the input and output frames). In this paper, we present a method to produce this and other
people retiming effects in natural, ordinary videos. Our method is based on a novel deep neural network that learns a layered decomposition of the input
video (right). Our model not only disentangles the motions of people in different layers, but can also capture the various scene elements that are correlated
with those people (e.g., water splashes as the children hit the water, shadows, reflections). When people are retimed, those related elements get automatically
retimed with them, which allows us to create realistic and faithful re-renderings of the video for a variety of retiming effects. The full input and retimed

sequences are available in the supplementary video.

We present a method for retiming people in an ordinary, natural video — ma-
nipulating and editing the time in which different motions of individuals in
the video occur. We can temporally align different motions, change the speed
of certain actions (speeding up/slowing down, or entirely “freezing” people),
or “erase” selected people from the video altogether. We achieve these effects
computationally via a dedicated learning-based layered video representation,
where each frame in the video is decomposed into separate RGBA layers,
representing the appearance of different people in the video. A key property
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of our model is that it not only disentangles the direct motions of each person
in the input video, but also correlates each person automatically with the
scene changes they generate—e.g., shadows, reflections, and motion of loose
clothing. The layers can be individually retimed and recombined into a new
video, allowing us to achieve realistic, high-quality renderings of retiming ef-
fects for real-world videos depicting complex actions and involving multiple
individuals, including dancing, trampoline jumping, or group running.
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1 INTRODUCTION

By manipulating the timing of people’s movements, we can achieve a
variety of effects that can change our perception of an event recorded
in a video. In films, altering time by speeding up, slowing down,
or synchronizing people’s motions is often used for dramatizing
or de-emphasizing certain movements or events. For example, by
freezing the motions of some people in an action-packed video while
allowing others to move, we can focus the viewer’s attention on
specific people of interest. In this paper, we aim to achieve such
effects computationally by retiming people in everyday videos.

The input to our method is an ordinary natural video with mul-
tiple people moving, and the output is a realistic re-rendering of
the video where the timing of people’s movements is modified. Our
method supports various retiming effects including aligning mo-
tions of different people, changing the speed of certain actions (e.g.,
speeding up/slowing down, or entirely “freezing” people). In addi-
tion, our method can also “erase” selected people from the video.
All these effects are achieved via a novel deep neural network-based
model that learns a layered decomposition of the input video, which is
the pillar of our method. Note that in this paper we focus solely on
temporal warping. That is, each person’s pose in our output exists
in some frame in the input; we do not generate new, unseen poses
or viewpoints.

Motion retiming has been studied so far mostly in the context
of character animation, for editing a character’s motion to match a
desired duration or target velocity at a given time (e.g., [McCann
et al. 2006; Yoo et al. 2015]). In this paper, we take retiming to the
realm of natural real videos. In the character animation domain, the
main challenge is to retime the motion of a set of joints, with the
spatiotemporal correlations that exist between them. Analogously,
manipulating the timing of people in video not only requires modi-
fying people’s own motions, but also the various elements in the
scene that they “cause” and are correlated with them — shadows,
reflections, the flowing dress of a dancer, or splashing water (Fig. 1).
When we retime people, we need to make sure that all those cor-
relative events in the scene follow properly and respect the timing
changes. Furthermore, unlike character animation, we do not have
any ground truth 3D model of the scene over time; hence, rendering
photorealistic, high-quality retiming effects in video is much more
challenging. More specifically, retiming motions in videos can often
result in new occlusions and disocclusions in the scene. Rendering
the scene content in disoccluded regions and maintaining correct
depth ordering between subjects are essential for achieving a re-
alistic effect. Finally, as in any video synthesis task, achieving a
temporally coherent result is challenging — small errors such as
subtle misalignment between frames immediately show up as visual
artifacts when the frames are viewed as a video.

The core of our technique, which we dub layered neural rendering,
is a novel deep neural-network-based model that is optimized per-
video to decompose every frame into a set of layers, each consisting
of an RGB color image and an opacity matte « (referred to alto-
gether as “RGBA”). We design and train our model such that each
RGBA layer over time is associated with specific people in the video

ACM Trans. Graph., Vol. 39, No. 6, Article 256. Publication date: December 2020.

(either a single person, or a group of people predefined by the user).
Crucially, our method does not require dynamic scene elements
such as shadows, water splashes, and trampoline deformations to be
manually annotated or explicitly represented; rather, only a rough
parameterization of the people is required, which can be obtained us-
ing existing tools with minor manual cleanup for challenging cases.
The model then automatically learns to group people with their
correlated scene changes. With the estimated layers, the original
frames of the video can be reconstructed using standard back-to-
front compositing. Importantly, retiming effects can be produced
by simple operations on layers (removing, copying, or interpolating
specific layers) without additional training or processing.

Our model draws inspiration from recent advances in neural
rendering [Thies et al. 2019], and combines classical elements from
graphics rendering with deep learning. In particular, we leverage
human-specific models and represent each person in the video with
a single deep-texture map that is used to render the person in each
frame. Having a unified representation of a person over time allows
us to produce temporally coherent results.

We demonstrate realistic, high-quality renderings of retiming ef-
fects for real-world videos with complex motions, including people
dancing, jumping, and running. We also provide insights into why
and how the model works through a variety of synthetic experi-
ments.

2 RELATED WORK

Video retiming. Our technique applies time warps (either designed
manually, or produced algorithmically) to people in the video, and
re-renders the video to match the desired retiming. As such it is
related to a large body of work in computer vision and graphics
that performs temporal remapping of videos for a variety of tasks.
For example, [Bennett and McMillan 2007] sample the frames of
an input video non-uniformly to produce computational time-lapse
videos with desired objectives, such as minimizing or maximiz-
ing the resemblance of consecutive frames. [Zhou et al. 2014] use
motion-based saliency to nonlinearly retime a video such that more
“important” events in it occupy more time. [Davis and Agrawala
2018] retime a video such that the motions (visual rhythm) in the
time-warped video match the beat of a target music.

Other important tasks related to video retiming are video sum-
marization (e.g., [Lan et al. 2018]) and fast-forwarding [Joshi et al.
2015; Poleg et al. 2015; Silva et al. 2018], where frames are sampled
from an input video to produce shorter summaries or videos with
reduced camera motion or shake; or interactive manipulation of
objects in a video (e.g., using tracked 2D object motion for posing
different objects from a video into a still frame that never actually
occurred [Goldman et al. 2008].)

Most of these papers retime entire video frames, by dropping
or sampling frames. In contrast, we focus on people, and people’s
motions, and our effect is applied at the person/layer level. While
many methods exist for processing the video in the sub-frame or
patch level — both for retiming (e.g., [Goldman et al. 2008; Pritch
et al. 2008]) and for various other video manipulation tasks, such
as object removal, infinite video looping, etc. (e.g., [Agarwala et al.
2005; Barnes et al. 2010; Newson et al. 2014; Wexler et al. 2007]) —
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reconstruct the original frames. Retiming effects can be achieved via simple operations on the layers.

none of these works can handle automatically correlative motions
and changes in the video such as shadows and reflections.

Manipulating human poses in video. In the context of manipulat-
ing people’s motions, several recent methods have been proposed
for transferring motion between two people captured in different
videos [Aberman et al. 2019; Chan et al. 2019; Lee et al. 2020; Zhou
et al. 2019] or transferring motion from a low-dimensional sig-
nal [Gafni et al. 2020]. However, there are two main distinctions
between these methods and ours: (i) motion transfer methods are
focused on “puppetry” — generating people in new unseen poses
— whereas our method is tailored solely for time warping (we do
not generate new poses); and (ii) existing motion transfer methods
consider only a single person in each video — they do not model
occlusions/disocclusions between multiple people — and with the
exception of [Gafni et al. 2020], they also do not capture the corre-
lations between people and their environment, elements that are
crucial for producing realistic retiming effects.

Image and video matting. Our work is also related to image and
video matting as we decompose each input video frame into a set
of RGBA layers. Nevertheless, both traditional matting techniques
(e.g., [Bai et al. 2009; Chuang et al. 2002; Li et al. 2005; Wang et al.
2005]) as well as more recent learning-based matting methods [Hou
and Liu 2019; Xu et al. 2017] do not capture correlated effects such
as shadows and reflections. Moreover, matting methods typically
rely on accurate trimaps that are often given manually by the user,
whereas we automatically generate rougher trimaps from detected
keypoints. Even though our trimaps are not as accurate, we are
still able to learn complex effects such as loose clothing, even when
such regions are not included in the initial, estimated trimaps. Fi-
nally, existing matting methods cannot handle well entirely semi-
transparent objects like reflections (in matting trimaps, pixels that

are labeled “opaque” are fully assigned to the foreground). We show
comparisons with image matting in Section 6.

Layered representations for video. Decomposing videos into lay-
ers is a classical problem in computer vision originally proposed
in [Wang and Adelson 1994], which has inspired a large body of
work (e.g. [Fradet et al. 2008; Jojic and Frey 2001; Kumar et al. 2008;
Nandoriya et al. 2017; Xue et al. 2015; Zitnick et al. 2004]). Recently,
several works have leveraged the power of deep neural networks
to decompose videos into layers. For example, [Zhou et al. 2018]
and [Srinivasan et al. 2019] train a network on input stereo pairs
of images to predict layers that correspond to physically accurate
depth, with the goal of view synthesis for static scenes. Our layers
are not meant to be strictly accurate in terms of depth, as we do not
aim to generate scenes from novel viewpoints, but rather composite
scene elements from different points of a dynamic video.

Alayrac et al. [2019a; 2019b] train a model to decompose syn-
thetically blended real videos and then apply it to natural videos to
remove reflections, shadows, and smoke. Their method is general
rather than person-specific like ours, and they use audio as a cue
for separating layers, rather than people geometry as we do.

Finally, Gandelsman et al. [2019] extend the idea of “Deep Im-
age Prior” (DIP) networks [Ulyanov et al. 2018] for decomposing
a single image or a video into two layers. Their key observation is
that the structure of a CNN provides a prior that drives each layer
towards a natural image. As above, they have limited control over
their output layers and rely entirely on CNN properties to produce
meaningful layers. Our method also leverages this property of CNNs
(see Section 5), yet provides control over the decomposition, which
is required for retiming effects. Furthermore, their method is de-
signed for two-layer decomposition, and generalizing it to N layers
requires NX learnable parameters. In contrast, our method can pro-
duce an arbitrary number of layers with the same, fixed number of
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network parameters. (We show a comparison with Double-DIP in
the supplementary material.)

Neural rendering. Neural networks have recently begun to be
used as a final rendering layer for 3D scenes [Kim et al. 2018; Liu
et al. 2019; Martin-Brualla et al. 2018; Meshry et al. 2019; Sitzmann
et al. 2019; Thies et al. 2019]. A neural network can be trained to
bridge the gap between incomplete or inaccurate input geometry
and a photorealistic result. Examples of incomplete input are point
clouds [Meshry et al. 2019], voxels [Sitzmann et al. 2019], partial
3D scans or 3D models of humans [Kim et al. 2018; Liu et al. 2019;
Martin-Brualla et al. 2018], and textured proxy geometry [Thies
et al. 2019]. Our work adopts the textured proxy approach — creat-
ing geometric proxies for each person in the scene and texturing
them with a deep texture map [Thies et al. 2019]. Importantly, we
combine this approach in a neural rendering model that outputs a
layered decomposition of each frame of the video. This is in con-
trast to existing neural rendering methods, which output the final
reconstruction directly. Our layered decomposition is the key to
producing realistic high-quality retiming effects, as demonstrated
in Fig. 11 and discussed in detail in Section 6.4.

3 OVERVIEW

A key challenge in generating realistic retiming effects in videos
is ensuring that when people’s motions are retimed, their related
effects in the scene follow with them. For example, if we freeze a
person, their shadow should freeze as well.

We achieve this via a learning-based approach, which, at its core,
decomposes each frame of the input video into a human-specific set
of layers. That is, each layer is associated with specific people in the
video—either a single person, or a group of people (Section 4.1). A
key feature in our approach is that only the people in the video are
modeled explicitly, while the rest of the scene elements correlated
with each person are inferred automatically by our layered neural
rendering pipeline.

Our pipeline is illustrated in Fig. 2. Our model is trained per-video,
observing only the input video (without any additional examples),
and is trained in a self-supervised manner, by learning to recon-
struct the original video frames by predicting the layers (Section 4.2).
We use off-the-shelf methods (AlphaPose [Fang et al. 2017], Dense-
Pose [Giiler et al. 2018]) in combination with our own techniques to
represent each person at each frame (Section 4.5). This representa-
tion is then passed on to the neural renderer and is used for seeding
the layer assignment (person per layer). While the input to the neu-
ral renderer includes only the people (and a static background), the
renderer’s task is to generate layers that reconstruct the full input
video. Thus, it must assign all the remaining, time-varying scene
elements (e.g., shadows, reflections) into the appropriate peoples’
layers.

The neural renderer succeeds in this task because the network de-
sign and training procedure (Section 4.3) encourages scene elements
that are correlated with a layer to be captured faster (reconstructed
earlier in training) than non-correlated elements. This property is
related to the “Deep Image Prior” (DIP) work [Ulyanov et al. 2018],
which showed that overfitting a network to a natural image required
fewer gradient descent steps than fitting a noise image. We further
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explore how correlated effects are captured in the correct layers
through synthetic experiments in Section 5.

4 METHOD
4.1 A Layered Video Representation

Given an input video V, our goal is to decompose each frame I; € V
into a set of RGBA (color + opacity) layers:

L =L}, = (CLaf}Y,, 1)

where C; is a color image and 0‘; is an opacity map (matte). The
ith layer for all frames L is associated with person i in the video.
We add an additional background layer L?, not associated with any
person, that learns the background color.

Given this layered representation and a back-to-front ordering for
the layers, denoted by o;, each frame of the video can be rendered
using the standard “over” operator [Porter and Duff 1984]. We denote
this operation by:

Iy = Comp (L, 04) @

We assume that the compositing order o, is known, yet time vary-
ing, i.e., the depth ordering between people may change throughout
the video (see Section 4.5).

A key property of this representation is that retiming effects can
be achieved by simple operations on individual layers. For example,
removing person i from frame ¢ can be done simply by removing
the i layer from the composition, i.e., by substituting in £; \ L;
into Eq. 2. Similarly, generating a video where person i is frozen
at a time ¢ty is achieved by copying L;O over Lf for all frames. We
expand on other operations in Section 6.

4.2 Layered Neural Rendering

Decomposing a real-world video into a desired set of layers is a
difficult, under-constrained problem - there are numerous possible
decompositions that can provide an accurate reconstruction of the
original frame I;. For example, a single visible layer that contains
the entire frame can perfectly reconstruct the video. We therefore
constrain our layered neural renderer to steer the solution towards
the desired person-specific decomposition. We do so in several ways
including incorporating human specific representations, tailoring
the input to the network, and applying dedicated losses and training
regimes.

As mentioned in Section. 3, the layers are predicted in separate
feed-forward passes through the neural renderer, where the input
for each pass represents only one person (or a pre-defined group
of people). In doing so, we control the association of people with
the output layers. More specifically, we construct the input to the
renderer as follows:

Person representation. We parameterize each person in the video
with a single human texture atlas T? and a per-frame UV-coordinate
map UVti , which maps each pixel in the human region in frame
I to the texture atlas. We use the parameterization of the SMPL
model [Loper et al. 2015] that can be estimated from an input image
using existing methods (e.g., DensePose [Giiler et al. 2018]). This
provides a unified parameterization of the person over time and
a convenient model for appearance and geometry. We follow a
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Fig. 3. Example layer decompositions by our model. For each example, we show (a) an original frame from the video, (b) the predicted background layer,
and (c) two representative (RGBA) layers associated with people (in Ballroom and Splash, third and forth rows, respectively, the grouping of people into layers
was specified manually; in the other examples each person is assigned to a separate layer). Our model successfully disentangles the people into different layers
along with the visual changes they cause on the environment, such as trampoline deformations, shadows, reflections, and water splashes. (Artifacts at the
bottom of the background layer in the pool scene (bottom row) are due to the fact that those regions are never visible in the input video.)

similar approach to Thies et. al. [2019] and replace the classic RGB
texture map with a learnable, high-dimensional texture map, which
can encode more powerful and richer appearance information. The
deep texture maps are then decoded into RGB values using a neural
rendering network. To represent person i at time ¢, we sample its
deep texture map T* using UV/, obtaining Tti .

Background representation. The background is represented with
a single texture map T for the entire video. Sampling from the
background is performed according to a UV map UVtO. For a static
camera, UVt0 is an identical xy coordinate grid for all frames. If
homography transformations estimated from camera tracking are
available (see Section 4.6), UVto is the result of transforming an xy
coordinate grid by the homography for frame ¢.

Input-Output. To construct the input, we place the background’s
UV map behind each person’s UV map to provide background con-
text for the renderer (see Fig. 2). That is, the input for layer i at time
t is the sampled deep texture map Tti , which consists of person i’s
sampled texture placed over the sampled background texture. Each

of the re-sampled texture layers {Tt’ﬁl} as well as the background
re-sampled texture is fed to the renderer separately. The output is
Lg = {C}, a;'}, the time-varying color image and opacity map for
that layer, respectively.

The neural renderer is trained to reconstruct the original frames
from the predicted layers, using Eq. 2. The depth ordering of the
people layers, which may vary over time, is provided by the user. To
accurately reconstruct the entire original video, the neural renderer
must reconstruct any space-time scene element that is not repre-
sented by the input UV maps, such as shadows, reflections, loose
clothing or hair. Crucially, disentangling people into separate inputs
is key for guiding the neural renderer to assign those scene elements
into the layers with which they are most strongly correlated in space
and/or time (e.g. attached to a person, moves like the person, etc.).
We expand on this in greater detail in Section 5.
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DensePose UVs ) Our UVs )
\, X
Occluded Person ’
{
Predicted Layer) Predicted Layer)
(b) (©

Fig. 4. Full-body UVs. Existing tools such as DensePose [Giiler et al. 2018]
provide UV coordinates only for fully visible regions. In contrast, our method
is able to produce full-body UVs for occluded people by detecting and
interpolating keypoints, then passing the occluded person’s full skeleton
to a trained network that converts it to a UV map. This allows us to create
editing effects that require disoccluding people.

4.3 Training

We now turn to the task of learning the optimal parameters 0 of the
neural renderer, and the set of latent textures {Ti}f\i o by optimizing
the learned decomposition for each frame.

One necessary property of the learned decomposition is that it
will allow us to accurately reconstruct the original video. Formally,

1
Evecon = ¢ ) It = Comp(Lr,00)]l. 3
t

where £; are the output layers for frame ¢, o; is the compositing
order, and K is the total number of frames.

The reconstruction loss alone is not enough to make the opti-
mization converge from a random initialization, so we bootstrap
training by encouraging the learned alpha maps ai to match the
people segments that are associated with layer i. To do so, we apply
the following loss:

11 P
Emask = XN ZD(m;,(x;), 4)
t i

where mg is a trimap derived from the UV maps UVti (see Fig. 10),
and D( ) is a distance measure. Masks are trimaps with values in
[0,0.5, 1], where the uncertain area is produced by morphological
dilation of the binary UV mask. For a trimap m, let by be the binary
mask of the pixels where m = 0, with b; defined likewise. Losses in
the positive and negative regions are balanced while the uncertain
area is ignored. The distance measure is:

b0 (LO-a)lly Ik © ally
D(m,a) =
(m. @) AL 2 ool

where O is the element-wise (Hadamard) product.

Since the UV mask does not include information from correlated
effects such as shadows and reflections, E ¢ is only used to boot-
strap the model and is turned off as optimization progresses.

(©)
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We further apply a regularization loss to the opacities a;' to en-
courage them to be spatially sparse. This loss is defined as a mix of
L1 and an approximate-Ly:

11 . .
Ereg = fﬁ Z Z y“a;”l CI)()(O{;) (6)
t i

where ®g(x) = 2 - Sigmoid(5x) — 1 smoothly penalizes non-zero
values of the alpha map, and y controls the relative weight between
the terms.

Our total loss is then given by:

Eiotal = Erecon )’mEmask ﬁEreg, (7)

where y,,; and f control the relative weights of the terms.

As usual with non-linear optimization, the results are sensitive to
the relative weights of the error terms. To produce the results in this
paper, we vary the loss weights based on the current epoch e and the
“bootstrap” epoch ey, which is the first epoch where Ep,qc < 0.02:

50 e<ep
2 e<200
y={ €= B =0.005 (8)

=495 e, <e<x<2e .
Ym b b 0 otherwise
0 otherwise
This schedule puts a heavy initial loss on the masking term to
force the optimization towards a plausible solution, then relaxes
it to allow the optimization to introduce effects not present in the
masks.

4.4 High-Resolution Refinement and Detail Transfer

We take a multi-scale approach and first train our model using Eq. 7
on a downsampled version of the original video. We then upsample
the result to the original resolution using a separate lightweight
refinement network, which consists of several residual blocks (see
Appendix for details) operating on each RGBA layer separately.

We can avoid the additional expense of training with perceptual
and adversarial losses by directly transferring high-resolution de-
tails from the original video in a post-processing step. The residual
between the neural renderer output and the video defines the detail
to transfer, and the amount of the residual to transfer to each layer
is determined by the transmittance map rf:

7} =10~ Compe (L \{L] | j < ihor \ (j i <) (9)
where Comp,, denotes the alpha channel of the composite produced
by the neural renderer. The final layer colors are:

Ch=cnrl (I, = Comp(Ly, 01)) (10)

where Cnr is the color produced by the neural renderer. See supple-
mentary material (SM) for visualizations. Given this transfer, the
upsampling network needs only to refine the predicted alpha mattes
and produce reasonable colors in occluded regions, where ground-
truth high-frequency details are not available. For pixels with no
occlusion and a predicted alpha value of 1, this high-frequency
transfer amounts to using the original RGB pixel.

4.5 Keypoints-to-UVs

Estimating people UV maps from images can be done via off-the-
shelf methods (e.g., DensePose [Giiler et al. 2018]). However, using
such methods directly has two main drawbacks:



. Motions
) [ aligned to: 9\
i

Motions aligned

- L &
Time Output (all in air)

(a) Vertical motion

(b) Representative input/output frames

Layered Neural Rendering for Retiming People in Video « 256:7

" Source time (frame)

~ Source time (frame)

Output (all on grou.nd)

(c) Representative time warp curves

Fig. 5. Automatic motion alignment. People jumping on trampolines are motion-aligned to the little girl in the front left, such that they all jump in sync.
(a) Top: motion signals for the different people in the video, taken as the normalized y-coordinate of the center of mass of each person over time, as computed
from each person’s tracked keypoints. Bottom: time-warped motion signals, after aligning each one to the motions of the little girl (black line in the plots)
using Correlation Optimized Warping [Tomasi et al. 2004] (a variation of Dynamic Time Warping). (b) Each column shows corresponding frames from the
input video (top), and from the output, retimed video (bottom). (c) Two estimated time warps, aligning two of the jumpers with the jumps of the front little girl.

(1) Disoccluded people: Video retiming effects often result in dis-
occlusions of people who were partially or even fully occluded
in the original frames. Because we model the appearance of
a person with a single texture map that is learned jointly for
the entire video, we can render disoccluded content as long
as we can correctly sample from it. Thus, we want to ensure
that all UV maps represent the full body of each individual,
even in the presence of occlusion. Existing methods, how-
ever, provide an estimate only for the visible human regions
(Fig. 4(a)).

(2) Robustness: Existing methods tend to suffer from erratic errors
such as missing body parts, especially in the presence of
motion blur, noise or occlusion (see SM for examples). Due to
their dense nature, temporally filtering or interpolating UV
maps in order to remove such errors is challenging.

To overcome these limitation, we train a neural network that
predicts clean full-body UV maps from human keypoints. Keypoint
estimators such as AlphaPose [Fang et al. 2017] tend to be more
robust, and unlike UV maps, can easily be interpolated and man-
ually corrected. To train our keypoint-to-UV model, we use the
Let’s Dance Dataset [Castro et al. 2018], curated to contain only
single-person video frames, and our own filmed video of approxi-
mately 10 minutes of a single person doing a variety of poses. We
then generate approximately 20K keypoint-UV training examples in
which people are fully visible, by running AlphaPose and DensePose
on the original frames. We follow a similar training regimen as in
[Giiler et al. 2018]; see Appendix for further details.

At test time, we can estimate full-body UV maps even in the
presence of significant occlusions: we first estimate keypoints using
AlphaPose, track the keypoints using PoseFlow [Xiu et al. 2018],
and linearly interpolate occluded keypoints. The trained keypoint-
to-UV network then processes these keypoints to generate complete
UV maps (Fig. 4(b)). In challenging cases, current state-of-the-art

keypoint detectors and trackers can still fail due to motion blur,
occlusions, or noise. For the results in this paper, we manually fixed
these errors using a rotoscoping tool for between zero and 10%
of input frames, taking a maximum of 30 minutes for particularly
troublesome videos. See SM videos for examples of keypoint edits.

4.6 Camera Tracking

When the input video contains a moving camera (as is the case with
all our video examples), we first estimate the camera motion us-
ing a feature-based tracking algorithm similar to the one described
in [Grundmann et al. 2011]. We model the camera motion at each
frame using a homography transformation, which we estimate ro-
bustly from matched ORB features [Rublee et al. 2011] between
frames. When stabilizing small camera motions or natural hand
shake, we compute the homographies between each frame and a
single reference frame (which works better than tracking the cam-
era over time), then use them to stabilize the input video. When
the video contains large camera motion or substantial panning, we
estimate homographies over time between consecutive frames, use
them to register all the frames with respect to a common coordi-
nate system, then apply this coordinate system transformation to
the background UV map to preserve the original camera motion.
Retiming a layer from frame ¢ to 7 is achieved by transforming the
layer to the common coordinate system using the transformation at
t, then applying the inverse transformation at £.

5 WHY IT WORKS

As discussed in Section 4.3, our training ensures that specific people
are assigned into specific layers (by bootstrapping the predicted
alpha mattes with rough people trimaps), whereas effects outside
the human trimap region, such as shadows and reflections, are
learned incrementally as the network trains. But how does the
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entative input frames over time

Epoch 980

Epoch 1160
Reconstruction (frame 25) throughout training

Fig. 6. Synthetic examples for testing effects of motion correlation
and spatial proximity. In video 1, one square moves smoothly with the
person while the other is randomly placed. The smoothly moving square is
reconstructed earlier in training than the random square. In video 2, two
squares have the same motion but one is closer to the person. The closer
square is reconstructed earlier in training.

model manage to associate such scene elements with the correct
layers?

Single person and their correlated effects. The reason for this suc-
cessful assignment stems from properties of CNNs. Specifically,
space-time scene elements that are most strongly correlated with
the input are reconstructed earlier in training (i.e., require smaller
changes to the network weights) than non-correlated elements. To
illustrate this, consider the synthetic sequences shown in Fig. 6 (the
full videos are available in the SM). A person is superimposed on
a fixed background along with two green squares. The first video
examines correlations in motion and the second examines corre-
lations in space (proximity). In the first video, one square moves
consistently left-to-right behind the person, while the other is ran-
domized around the person. The network first learns to reconstruct
the static background and person, then the correlated square, and
finally the random square. In the second video, two squares have
the same motion, but one is closer to the person. The closer square
is reconstructed earlier in training than the farther square.

This behavior is tightly related to the “Deep Image Prior” (DIP)
principle [Ulyanov et al. 2018]. An image is represented by the pa-
rameters of a CNN by “overfitting" it with gradient descent until
the network output matches the image. Importantly, it was shown
that fitting a natural image (which contains repetitive patches) takes
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Fig. 7. A synthetic example demonstrating assignment into layers.
(a-b) A woman (in red) is translating from left to right together with a green
square next to her. Similarly, a man (in blue) is oscillating up and down
with a yellow square next to him. (c) With gradient descent iterations, each
person layer “grabs” more quickly the square that is closest and moves most
similarly to it (see Fig. 6). The squares are consistently assigned into each
person’s layers throughout the video, even in the presence of occlusions
between the people and squares.

fewer iterations than fitting a random noise image (or a natural
image corrupted by noise). In our case, effects that are closely corre-
lated with a person in space, time, or both, are learned more quickly
than other effects. Our synthetic examples and results on natural
videos support this observation.

Assigning the correct effects to multiple people. When there are
multiple people present in the video, each person layer needs to
“grab” the scene elements that are correlated with it. This assign-
ment is achieved via our training regime and the construction of
the input to the network. The renderer sees one layer’s UV coordi-
nates at a time, so must explain each missing scene element using
only the information from a single person (or preselected group
of people). Because correlated effects are learned faster than un-
correlated effects, each person layer will “grab” the effects that are
most correlated with it before the other layers do. Once an effect
is reconstructed in a layer, the reconstruction loss for that effect is
minimized and no gradient encourages the effect to be learned in
other layers. In practice, this means that loose clothing, shadows, re-
flections, or other effects that are most strongly correlated with the
person creating them, are likely to be decomposed into the correct
layer.

Fig. 7 shows such a synthetic, two-person example. The second
green square from the synthetic sequence in Fig. 6 is replaced by a
second person (a man in blue), who has a yellow correlated square.
The motions of the two people are uncorrelated: a man (in blue)
oscillates vertically while a woman (in red) translates horizontally.
We bootstrap each layer with its respective person’s trimap and
train the network to reconstruct the video. The network learns to
reconstruct the green square in the woman’s layer, and the yellow
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Our retiming result (c_ouple at the background is frozen)

Fig. 8. Retiming and editing results for person removal (top) and motion freeze (bottom). For each example (pairs of rows) we show sample frames from
the original video (top row) and their corresponding retimed/edited frames (bottom row).

square in the man’s layer. Further, the yellow square (and the man)
are fully reconstructed, even for frames where they were occluded
by the woman or the green square.

Note that if instead of the layered input, the network sees the
entire scene at one time (similar to [Thies et al. 2019]), the network
learns to explain the missing scene elements using combinations
of people, not individuals. Artifacts then appear when individuals
are retimed to form a new combinations not seen during training
(Fig. 11).

6 RESULTS

We tested our method on a number of real-world videos, most of
which are captured by hand-held cellphone cameras (either captured
by us or taken from the Web). All the videos depict multiple people
moving simultaneously and span a wide range of human actions
(e.g., dancing, jumping, running) in complex natural environments.
Representative frames from these videos are shown in Figs. 1, 3

and 8, and the full input and output sequences are available in the
supplementary material.

We implemented our networks in PyTorch and used the Adam
optimizer [Kingma and Ba 2014] with a learning rate of le — 3.
Depending on video length and number of predicted layers, total
training time took between 5 and 12 hours on 2 NVIDIA Tesla P100
GPUs. See Appendix A.1 for further implementation details.

6.1 Layer Decomposition

Several of our layer decompositions are visualized in Fig. 3. For
Ballroom and Splash, we group certain people into one layer; for
all other videos, each person is assigned with their own layer. For
all the videos, our model successfully disentangles the people into
the layers. The layers capture fine details such as loose hair and
clothing (e.g., foreground dancer’s white dress in Ballroom), or ob-
jects attached to the people (e.g., children’s floaties in Splash). This
is in spite of initializing our model with a rough people UV map
without explicitly representing these elements. This ability of our
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Our result (duplicating the girl in purple, freezing the girl in blue)

Fig. 9. Cartwheel. In the original video, the camera is panning. In our
edited result, we preserve the original camera motion, while duplicating the
girl who performs the cartwheel and freezing the girl in blue so that she
remains in the frame rather than moving offscreen.

model to accurately segment the people regions is also illustrated
more closely in Fig. 10.

Furthermore, the predicted layers successfully correlated the peo-
ple with other nontrivial visual time-varying scene elements that
are related to them—for example, shadows cast on the floor by the
different dancers (Ballroom), complicated reflections of two people
crossing each other (Reflections), surface deformation (Trampoline),
or water splashes (Splash) caused by people’s motion.

6.2 Retiming and Editing Results

With the predicted layers in hand, we produced a variety of retiming
and editing effects via simple operations on the layers. We show
several such retiming results in Fig. 1, Fig. 5, and Fig. 8 (full videos
are available in the SM).

In Fig. 1 and Fig. 5, we have multiple people performing a similar
action, but their motions are not in sync. In Fig. 1, the children jump
into the pool one after the other, whereas in Fig. 5 the periodic mo-
tions of the people jumping are independent. In both examples, we
retime the people to align their motions. For Splash, several align-
ment points defined manually were sufficient to align the children’s
jumps. In Trampoline, because of the periodic nature of the motion,
the alignment is performed automatically using Correlation Opti-
mized Warping [Tomasi et al. 2004] (a variation of Dynamic Time
Warping). Notice how all the time-varying scene elements caused
by the people—water splashes as they hit the water, trampoline
deformations as they bounce on it—follow automatically with them
in our retimed results.

We can also use our method to “freeze” people at a certain point in
time, while letting other people move as in the original video. This
allows viewers to focus their attention on the moving people while
ignoring the rest of the motions in the original video. In Ballroom
(Fig. 8), we freeze the dancing couple in the back throughout the
video, while the couple in front keeps moving. Here too, the shadows
and reflections on the floor move realistically with the moving
couple, while the shadows of the background couple remain static.
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Furthermore, disoccluded regions of the back couple are realistically
rendered.

In Kids Running (supplementary material), we show how our
model can scale to multiple layers (8) to produce complex retim-
ing effects involving many people. We retime the original video,
where the kids are crossing the faint finish line on the ground at
different times, to produce a ‘photo-finish’ video, where all the kids
cross the finish line together. We achieve this result by slowing
down the layers of the children that run offscreen. Even though this
sequence involves many individuals, our model is able to obtain
clean mattes for each child. In addition, occluded people and large
occluded regions in the background are realistically inpainted, all
while handling significant motion blur that exists in the input video.

As mentioned, in addition to retiming effects, our method can
also support easy removal of people in video—a byproduct of the
layered representation we use. In Reflections, we demonstrate person
removal in a video containing two people crossing paths in front of
a window. Here our model manages to perform several nontrivial
tasks: it completely disoccludes the person walking in the back; it
associates each person properly with their reflection and shadow;
and it disentangles the two reflections when they overlap (despite
the fact that none of these elements are represented explicitly by the
model). Consider generating such a result with a traditional video
editing pipeline: the reflections would have to be tracked along
with the people to perform proper removal; the person in the back
would have to be manually inpainted at the point where they are
occluded by the person in front. The advantage of our method is
that by merely inputting UVs for each person in a separate layer,
and turning those layers ‘on and off’, we can achieve the same result
with significantly less manual work.

In Fig. 9, we show an example where the original camera motion
is preserved in our retimed result (see Section 4.6) — the girl on the
left is duplicated with a short time offset between each of her copies,
and the girl on the right is frozen, all while the camera is panning
as in the original video.

6.3 Comparisons

We compare our method to state-of-the-art learning-based image
matting [Hou and Liu 2019] and Double-DIP [Gafni et al. 2020] in
Fig. 10. Matting methods are unsuitable for retiming because they
fail to capture desired effects outside of the trimap region. To capture
such effects using matting would require annotating the trimap to
represent these regions. Our method, however, is not strictly bound
by the trimap, as we use it to bootstrap our training only in the
initial epochs, after which the optimization is allowed to grow the
matte to encompass regions beyond the trimap border. Thus, we
can capture complex effects without explicitly representing them in
the trimap, merely by representing the human region coarsely using
automatically generated trimaps. While Double-DIP is similarly
unbound by the trimap region, it fails to segment the entire bicycle.

6.4 Ablations

We ablate components of our method, specifically the keypoint-to-
UV network and layer decomposition.
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[Hou and Liu 2019] [Gandelsman et al. 2019]
Fig. 10. Comparison with matting and Double-DIP. We obtain trimaps from a mask of the person’s UV; the gray pixels represent a dilated region around
this mask for which the matching loss is ignored. Matting is insufficient for our retiming task because it fails to capture correlated effects that are not included
in the input trimap (e.g. the bicycle). Unlike matting, our final model prediction is able to move beyond the bounds provided by the coarse trimap to produce a
more accurate segmentation mask that includes correlated regions. While Double-DIP is not limited by trimap bounds, it fails to segment the entire bicycle.

(a) Original Frame

Reconstruction Editing (Remove)

(a) Non-layered Model

(b) Our Layered Model

Fig. 11. Layered vs. non-layered neural rendering. Removing the layer
decomposition component of our model results in a lack of generalization
ability. While both models are able to reconstruct the original video, the
non-layered model struggles to disentangle people and their correlations
(reflection in right column is not fully removed when the person is removed).

6.4.1 Keypoint-to-UV network vs. DensePose. We compare layer
decomposition results from using our keypoint-to-UV network to
predict UV maps versus using DensePose outputs directly (Fig. 4).
In the case of partial occlusion, our UV maps manage to complete
the occluded regions of the person, while the DensePose UVs fail to
complete the face and the left arm. In a more extreme case where the
person is fully occluded, but their reflection is visible, it is crucial
to generate a UV map for that person not only for the purposes of
disocclusion, but because any visible effects such as their reflection
or shadows will be incorrectly reconstructed in the layer of the
visible person (as the fully occluded UV will be indistinguishable
from the background-only UV). Thus we disocclude UVs by using
keypoints as an intermediate representation that allows for more
robust estimation and straightforward interpolation.

6.4.2 Layered vs. Non-Layered Neural Rendering. We compare our
method to a non-layered model, i.e., a model that takes as input a sin-
gle sampled texture map representing all the people in the frame as
well as the background, and directly outputs an RGB reconstruction
of the frame. This baseline follows the deferred neural rendering
approach [Thies et al. 2019] .

Fig. 11 shows a reconstruction and editing result produced by
the non-layered model. As can be seen, the non-layered model can
reconstruct the original frames fairly well despite the missing in-
formation and noise in the UV maps. This aligns with the results
demonstrated in [Thies et al. 2019]. However, when editing is per-
formed, the non-layered model performs poorly and is unable to
generalize to new compositions of people, as evident by the partial
reflection artifact. The main reason is twofold: (i) To produce editing
effects, the model is required to generalize to new UV compositions
of people in configurations that were never seen during training;
thus it struggles to produce realistic-looking results based solely
on L1 reconstruction loss. Our approach avoids this generalization
issue because editing is performed as post-processing on the pre-
dicted layers—the same outputs produced during training. (ii) When
the input to the model is a composition of all the people in the frame
rather than separated UVs, the model can easily reconstruct the orig-
inal frame without necessarily capturing meaningful correlations
since it is not required to disentangle separately moving parts of
the scene. This can be seen where the non-layered model struggles
to learn the correct relationships between the different people and
their reflections.

Another benefit of the layered representation is that we can trans-
fer high-resolution details from the input video to each layer, as
described in Section 4.4. Because the non-layered model produces
the retimed result directly, there is no opportunity to transfer de-
tail from the input video prior to retiming. Achieving comparable
quality with the non-layered model would likely require extensive
training time and additional loss functions.

6.5 Limitations

While our system manages to decompose scenes quite well—even
surprisingly so—in some scenes the results may not be perfect. Here
we point out some of the limitations that we have observed.

For a particularly difficult section of the Splash video, part of the
large water splash caused by the child who is underwater in Layer
1is incorrectly placed in Layer 2 (Fig. 12). However, this error can
be fixed by manually editing the initial trimap masks for Layer 1
to include the entire splash (top right, Fig. 12). Such editing can be
done very quickly when needed, requiring only rough marking on
a few of the frames (a single trimap in this example).

Another type of artifact that may occur is when the scene includes
time-varying background elements that are not correlated with any
of the people of interest in the video. For example, since we assume a
static background, the colorful blinking lights in the Ballroom video
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Mask Border

Before Mask Edit

After Mask Edit

Fig. 12. User-guided trimaps. In some particularly difficult segments, the
assignment of effects to layers may be incorrect, e.g., some parts of the
splash caused by the child who is underwater are incorrectly assigned to
Layer 2 (yellow arrow). The user can correct such errors by simple manual
editing of the initial trimaps. Here, we expand the initial trimap to include
the entire splash region (red outline); this was done for only one layer of
one frame, and then duplicated for a segment of the video.

must be included in one of the foreground layers. As can be seen in
Fig. 3, the purple light appears in the front couple’s layer, making it
impossible to retime them separately. This artifact could be remedied
by adding a separate layer to represent the dynamic background
elements in addition to the layers for the dancing couples.

7 CONCLUSION

We have presented a system for retiming people in video, and demon-
strated various effects, including speeding up or slowing down dif-
ferent individuals’ motions, or removing or freezing the motion
of a single individual in the scene. The core of our technique is
learned layer decomposition in which each layer represents the full
appearance of an individual in the video — not just the person itself
but also all space-time visual effects correlated with them, including
the movement of the individual’s clothing, and even challenging
semi-transparent effects such as shadows and reflections.

We believe that our layered neural rendering approach holds great
promise for additional types of synthesis techniques, and we plan to
also generalize it to other objects besides people, and to expand it to
other non-trivial post-processing effects, such as stylized rendering
of different video components.
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A APPENDIX
A.1 Implementation Details

Neural texture. We use a neural texture with 16 channels, where
each body part and the background are represented by an atlas

Layered Neural Rendering for Retiming People in Video « 256:13

with 16 X 16 pixel dimensions. As in the DensePose work, we
adopt the SMPL representation, which uses 24 body parts. Thus
the dimensions of our neural texture, for a video with N people, is
16 X 16 X 16 * (24N 1). Empirically we found that increasing the
texture resolution did not improve results.

Training on low-resolution. For each video, we first train the neu-
ral renderer and neural texture for 2500 epochs at a video size of
448 X 256 (or 352 X 256 for the Ballroom sequence only). The input
to the neural rendering network is the sampled neural texture con-
catenated with a map representing the person ID at each pixel (or
0 for background). We apply brightness and spatial jittering to the
video frames as data augmentation. Brightness jittering is turned
off after 400 epochs to allow the network to faithfully reconstruct
the original video. We also employ curriculum learning, where we
train only on the easier half of the frames for the first 1k epochs.
We rank difficulty by computing the IoU of every pair of layers’
positive trimap regions, using distance of bounding box centers as a
tie-breaker. The goal of this curriculum is to withhold the more dif-
ficult frames that contain overlapping people, because of the greater
ambiguity in learning correlations.

Upsampling low-resolution results. After training the neural ren-
dering module, we obtain a high-resolution result by freezing the
trained parameters and training an additional upsampling network.
This lightweight upsampling network is trained for 500 epochs with
only L1 reconstruction loss, sampling random 256 X 256 crops for
upsampling due to memory constraints. The final output of the
upsampling network has dimensions double the size of the low-
resolution output. We apply the detail transfer step described in
Section 4.4 to these final outputs.

A.2 Network Architectures

In all networks, zero-padding is used to preserve the input shape. ‘bn’
refers to batch normalization. ‘in’ refers to instance normalization.
‘convt’ refers to convolutional transpose. ‘leaky’ refers to leaky
relu with slope -0.2. ‘skipk’ refers to a skip connection with layer
k. ‘resblock’ denotes a residual block consisting of conv, instance
norm, relu, conv, instance norm.

A.2.1 Neural renderer. The neural renderer architecture is a modi-
fied pix2pix network [Isola et al. 2017]:

layer type(s) out channels | stride | activation
1 4 X 4 conv 64 2 leaky
2 4 X 4 conv, bn 128 2 leaky
3 4 X 4 conv, bn 256 2 leaky
4 4 X 4 conv, bn 256 2 leaky
5 4 X 4 conv, bn 256 2 leaky
6 4 X 4 conv, bn 256 1 leaky
7 4 X 4 conv, bn 256 1 leaky
8 | skip5, 4 X 4 convt, bn 256 2 relu
9 | skip4, 4 X 4 convt, bn 256 2 relu
10 | skip3, 4 X 4 convt, bn 128 2 relu
11 | skip2, 4 X 4 convt, bn 64 2 relu
12 | skipl, 4 X 4 convt, bn 64 2 relu
13 4 X 4 conv 4 1 tanh
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A.2.2  Upsampling network. The upsampling network predicts a
residual image for each bilinearly upsampled RGBA layer predicted
by the neural renderer. The network input is the bilinearly upsam-
pled (to the desired output size) concatenation of (1) the predicted
low-resolution RGBA, (2) the sampled texture input, and (3) the final
feature maps output by the neural renderer preceding the RGBA
output layer. The RGBA outputs of the upsampling network are then
composited according to o;. The upsampling network architecture
is as follows:

layer type(s) | output channels | stride | activation
1| 3X3conv,in 64 1 relu
2 | 3 x 3 resblock 64 1 relu
3 | 3 X 3 resblock 64 1 relu
4 | 3 x 3 resblock 64 1 relu
5 3 X 3 conv 4 1 none

ACM Trans. Graph., Vol. 39, No. 6, Article 256. Publication date: December 2020.

A.2.3  Keypoints-to-UVs. The keypoint-to-UV network is a fully
convolutional network that takes in an RGB image of a skeleton
and outputs a UV map of the same size. The architecture is the
same as the neural renderer architecture, with the exception of the
final layer, which is replaced by two heads: 1) a final convolutional
layer with 25 output channels to predict body part and background
classification, and 2) a convolutional layer with 48 output channels
to regress UV coordinates for each of the 24 body parts. As in the
DensePose work [Giiler et al. 2018], we train the body part classifier
with cross-entropy loss and train the predicted UV coordinates with
L1 loss. The regression loss on the UV coordinates is only taken
into account for a body part if the pixel lies within the specific part,
as defined by the ground-truth UV map.
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Figure 1. We pose a novel problem: automatically associating subjects in videos with ‘effects’ related to them in the scene. Given an
input video (top) and rough masks of subjects of interest (middle), our method estimates an omnimatte — an alpha matte and foreground
color that includes the subject itself along with all scene elements associated with it (bottom). The associated elements can be other objects
attached to the subject or moving with it, or complex effects such as shadows, reflections, smoke, or ripples the subject creates in water.

Abstract

Computer vision is increasingly effective at segmenting
objects in images and videos; however, scene effects re-
lated to the objects—shadows, reflections, generated smoke,
etc.—are typically overlooked. Identifying such scene ef-
fects and associating them with the objects producing them
is important for improving our fundamental understanding
of visual scenes, and can also assist a variety of applica-
tions such as removing, duplicating, or enhancing objects in
video. In this work, we take a step towards solving this novel
problem of automatically associating objects with their ef-
fects in video. Given an ordinary video and a rough seg-
mentation mask over time of one or more subjects of inter-
est, we estimate an omnimatte for each subject—an alpha
matte and color image that includes the subject along with
all its related time-varying scene elements. Our model is
trained only on the input video in a self-supervised manner,
without any manual labels, and is generic—it produces om-
nimattes automatically for arbitrary objects and a variety
of effects. We show results on real-world videos contain-
ing interactions between different types of subjects (cars,
animals, people) and complex effects, ranging from semi-
transparent elements such as smoke and reflections, to fully
opaque effects such as objects attached to the subject."

IProject page: https://omnimatte.github.io/

1. Introduction

“And first he will see the shadows best, next the reflec-
tions of men and other objects in the water, and then the
objects themselves, then he will gaze upon the light of the
moon and the stars and the spangled heaven ... Last of all
he will be able to see the sun.” — Plato

Is it possible to automatically determine all the effects
caused by a subject in a video? Reflect for a moment on the
difficulty of the task: a subject, such as a human wander-
ing through a scene, can cast shadows on the floor and dis-
tant walls, and be reflected in windows and other surfaces.
These ‘effects’ are non-local. However, they are correlated
with the subject’s shape, motion and, in the case of reflec-
tions, appearance.

Tackling this problem is the objective of this paper. More
specifically, given an input video and (possibly rough) seg-
mentations over time of subjects of interest in the video, we
seek to produce an output opacity matte (alpha matte) for
each subject that includes the subject and their effects in
the scene (Figure 1). We call this the “omnimatte” of the
subject. We additionally produce a color background image
containing the static background elements in the video. We
achieve this by proposing a network and training framework
that is able to automatically determine and segment regions
that are correlated with the given subject (Figure 2). The
model is trained in a self-supervised way only on the in-
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Figure 2. Estimating omnimattes from video. The input to the model is an ordinary video with multiple moving objects, and a rough
segmentation mask M for each object (left). In a pre-processing step, we compute an optical flow field F' between consecutive frames
using [30]. For each object, we pass the mask, estimated flow in the object’s region, and a sampled noise image Z; (representing the
background) to our model, producing an omnimatte (color + opacity) and an optical flow field for the object (right). In addition, the model
predicts a single background color image for the entire video (top), given a spatial texture noise image Z as input. See Sec. 3 for details.

put video, without observing any additional examples. Our
solution is inspired by the recent work of Lu et al. [18]
that presented a method to decompose a video into a set of
human-specific RGBA layers. We generalize this technique
to support arbitrary objects, by relying only on binary input
masks (no object-specific representation or processing) and
incorporating general optical flow to account for motion and
frame-to-frame correspondence.

Associating objects with their effects not only improves
our fundamental understanding of visual scenes and events
captured in video, it can also support a range of applica-
tions. Consider for example the problem of removing a
person or other types of objects from a video. As is well
known, a common error in person removal, e.g., by inpaint-
ing, is that a shadow or reflection of the person remains,
resulting in a video left with just a ‘shadow of the former
self’. The erroneous missing of a reflection is a central plot
point in the film ‘Rising Sun’ (1993), and the converse, a
lack of reflection, a common trope of vampire movies. The
important point is that manipulating an object in a video
requires dealing not only with the object; its effects in the
scene need to be adjusted together with the object in order
to create realistic and faithful renditions.

We demonstrate results of inferring omnimattes for dif-
ferent objects such as animals, cars, and people, capturing
a variety of complex scene effects including shadows, re-
flections, dust and smoke. We evaluate the resulting om-
nimattes qualitatively and quantitatively, and also demon-
strate how omnimattes can be useful for video editing ap-
plications such as object removal, background replacement,
“color pop”, and stroboscopic photography.

2. Related Work

Video layer decomposition Our work is inspired by sem-
inal works on layered video decomposition such as [32]
and [6]. Layered representations of images and videos

have been applied widely in computer vision and graphics,
for example, for inferring occlusion relationships (e.g. [0]),
depth (e.g. [41, 29]), mosaics (e.g. [10]), and synthesizing
novel views (e.g. [28, 31]). In particular, our work builds on
the recent work of Lu et al. [ 18] that presented a method for
decomposing a video into a set of human-specific RGBA
layers, where each layer represents a person and their as-
sociated scene elements. They take a neural rendering ap-
proach and represent the geometry and texture of people
explicitly, using a dedicated, human-specific pipeline. We
demonstrate that the neural rendering component is in fact
unnecessary, and that comparable results can be achieved
by providing only rough segmentation masks and flow as
input to the network. The result is a simpler and more effi-
cient setup that allows the model to handle arbitrary moving
objects. We compare the results with [18] in Sec. 4.5.

Image and video matting Image and video matting tradi-
tionally deals with the problem of estimating a foreground
layer (color + opacity) and a background color image from a
given image or a video (e.g., [5, 33, 16, 7, 39, 14, 27]). The
novel problem we propose—estimating an omnimatte—
also aims at estimating color + opacity layers from an input
video. However, the key fundamental difference is that om-
nimattes capture not only an object but also all the various
scene effects that are correlated with the object. None of
the existing matting methods is suitable for performing this
task: they cannot handle well entirely semi transparent ob-
jects, typically require accurate trimaps that are generated
manually, and they are often restricted to estimating two
layers (background/foreground). In practice, film produc-
tion uses manual or semi-automatic rotoscoping to create
mattes with such effects [15]. Our method works automat-
ically and generically on natural, ordinary videos that con-
tain arbitrary moving objects and scene effects, and requires
only rough object masks (e.g., see the flamingo example in
Fig. 1).



Background subtraction Change detection using back-
ground subtraction [22, 9] typically does not produce al-
pha mattes, but binary masks containing all objects and ef-
fects (such as shadows). Qian and Sezan’s “difference mat-
ting” work [25] attempts to use background subtraction and
thresholding to produce a foreground matte with a known
background image, but the results are very sensitive to the
thresholding value. [27] recently modernized that approach,
producing nice quality, continuous-valued alpha mattes but
still require a known, clean image of the background. More
importantly, background subtraction and difference matting
cannot solve the omnimatte problem when the video has
multiple objects with effects. In such cases it is not enough
to detect the effects, each effect must also be associated its
subject. We evaluate our method numerically and compare
it with background subtraction using a change detection
dataset [36] with pixel-level labels for objects and shadows.

Shadow and reflection detection Specialized methods
also exist for detecting, removing, or modifying specific
types of effects, such as shadows and reflections. For ex-
ample, [8] acquire a shadow displacement map by waving
a stick over different parts of a scene, then use it to synthe-
size realistic shadows that match an object’s shape. [2, 3]
decompose natural videos to remove reflections, shadows,
and smoke. More recently, Wang et al. [35] proposed to
analyze the motion of people in video and use it to pre-
dict depth, occlusion, and lighting/shadow information, to
increase realism of 2D object insertion. Our goal in this
work is to provide a general technique for inferring all of
a subject’s associated effects. However, as shadows are a
particularly common effect, we compare our results with a
state-of-the-art shadow detector [34] in Sec. 4.1.

Video Effects Although omnimattes are not explicitly op-
timized for editing, they can facilitate various video editing
effects that rely on input object masks, including object re-
moval and video completion (e.g. [11, 37, 19]), object cut-
and-paste (e.g. [16, 33]), color pop, and creation of strobo-
scopic images from video (e.g. [1]). All of these effects can
be achieved via simple manipulations of the estimated om-
nimattes in a post-processing step, or alternatively, by using
the omnimattes as input to existing methods such as video
completion (e.g. [| 1]), to save the manual work required for
marking the object’s effects. We demonstrate these results
in Sec. 4.1.

3. Estimating Omnimattes from Video

The input to our method is an ordinary video of mov-
ing objects, and one or more layers of rough segmentation
masks that mark the subjects of interest. The output is an
omnimatte for each input mask layer, consisting of an alpha
matte (opacity map) and a color image. The model is trained
per-video to reconstruct the input in a self-supervised man-
ner, without observing any additional examples.

To accurately reconstruct the input video, the model
must infer all the time-varying effects (e.g. shadows, reflec-
tions) from the input object masks, which do not represent

those effects. Our goal is to steer the model to place the as-
sociated effects in the layer of the subject causing them. Lu,
et al. [18] showed that this association can be achieved by
showing the network one mask at a time, leveraging the fact
that an effect is easier to predict from the object mask most
correlated with it. For example, the mask of the person in
Figure 1 provides more information about its shadow (more
similar to it in shape, in motion) compared to the mask of
the dog. Therefore (as shown in [18]) the network tends to
learn to predict the person’s shadow from the person’s mask
(thus associating it with the correct layer). We build on this
training strategy, but design network inputs and losses to
encourage this solution for general objects.

3.1. Overview

Figure 2 illustrates our pipeline. Our model is a 2D U-
Net [26] that processes the video frame by frame. For each
frame, we compute rough object masks using off-the-shelf
techniques to mark the major moving objects in the scene.
We group the objects into N mask layers { M} }}¥ | and de-
fine a (possibly time-varying) ordering o, for the layers. For
example, in a scene with a rider, a bicycle, and several peo-
ple in a crowd, we might group the rider and bicycle into
one layer, while grouping the crowd into a second layer. To
equip our model with explicit information about object mo-
tion and frame-to-frame correspondence, we also compute
a dense optical flow field, F}, between each frame and the
consecutive frame in the video. This flow field is masked
by the input masks M} to provide the network only flow
information related to the layer’s subject. We additionally
align all frames onto a common coordinate system using
homographies, and represent the background as a single un-
wrapped image on a separate layer.

From this rough yet explicit representation of moving
objects, the model has to infer: (i) omnimattes — pairs of
continuous-valued opacity maps (mattes) and RGB images
that capture not only the i*” moving object but also all the
scene elements that are correlated with it in space and time
(e.g., reflections, shadows, attached objects, etc.), (ii) a re-
fined optical flow field for each layer, and (iii) a background
RGB image. Formally,

Omnimatte(I;, Hy, M{, F}) = L = {a},C}, E}}, (1)

where I, Hy, M}, F} are the input video RGB frame, es-
timated camera homography, the initial input mask, and the
pre-computed flow field of the i** object in time ¢, respec-
tively. o} and C{ are the alpha and color buffers of the out-
put omnimatte, and Fti is the predicted object flow.

The training loss consists of terms on the RGBA out-
puts (Sec. 3.2) and the predicted flow (Sec. 3.3). The main
loss is a reconstruction loss Eigp.recon, but as reconstruction
is underconstrained with multiple layers, we add a sparsity
regularization E, to the alpha layers and an initialization
loss Epask to the masks, similar to [18]. We encourage the
motion of the result to match the input by adding a flow-
reconstruction 108s Egow.recon and a temporal consistency
term to the alpha mattes Eqjpha-warp-



The total loss is:
Ergb-recon + >\rEreg + >\mEmask + Eﬁow—recon + AwEa]pha-warpy (2)

where A, Ay, and )y, are weighting coefficients (see sup-

plementary material (SM)). As the background is assumed
to be static, we factor out camera motion and treat the back-
ground with a special, fixed layer (Sec. 3.4).

3.2. RGBA Losses

The main loss in our optimization is a reconstruction
loss. Formally, we composite the set of estimated layers
for each frame and the predicted background layer using
standard back-to-front compositing [24], and encourage the
composite image to match the original frame:

1
Ergb-recon = f Z ”It - Comp(ﬁh Ot)”h (3)
t

where £; = {ai, C{} | are the predicted layers for frame
t, and oy is the compositing order.

To prevent a trivial solution where a single layer recon-
structs the entire frame, we further apply a regularization
loss to the o} to encourage them to be spatially sparse. We
use a mix of L; and an approximate-Lg:

11
B = 7y 2 27|
t i

where ®¢(z) = 2 - Sigmoid(5x) — 1 smoothly penalizes
non-zero values of the alpha map, and -y controls the relative
weight between the terms.
To guide the optimization to convergence from a random
initialization, we therefore adopt a “bootstrap” loss to co-
erce the alpha maps o to match the input masks M

Enask = %%ZZ’
t 7

where di = 1 — dilate(M}) + M; is a boundary erosion
mask to turn off the loss near the mask boundary, and © is
element-wise product. This loss is turned off after its value
reaches a fixed threshold (see SM).

3.3. Flow Losses

Our model additionally predicts a set of flow layers. Pre-
dicting flow layers serves as an auxiliary task that injects
information about motion to our model and improves our
decomposition (as demonstrated by our experiments). To
achieve that we apply a flow reconstruction loss and a pho-
tometric warping loss defined below:

i
Qy

1+®M%L 0))

di © (M{ — ay)

®

2

1
Eﬁow—rccnn = T ;Wt . ”Fi - Comp(‘Ft70f)H17 (6)

where F;, = {E!} is the set of predicted flow layers, F} is

the original, pre-computed flow, and W, is a spatial weight-
ing map that lowers the impact of pixels with inaccurate
flow. W} is computed based on standard left-right flow con-
sistency error and photometric warping error (see full de-
tails in SM).

We additionally encourage temporal consistency within
layers using an alpha warping loss:

11 i
Ealphu-warp = Tﬁ Z Z Hat - awt”lv (7)
t i

where o', = Warp(a},,F}) is the alpha for layer i at
time ¢ 4+ 1 warped to time ¢ using the predicted flow.

3.4. Camera Motion and Background

We assume the background scene is stationary and cam-
era motion can be modeled by a time-varying homography
from an unwrapped “canvas” image, as in [32]. The ho-
mographies H; from frame ¢ to the canvas are estimated
via feature tracking (using [12]) on the original RGB video
frames and are held fixed. For input to the network, the
background canvas is represented by a single spatial noise
image Z (see Fig. 2). The background color layers C? are
produced by feeding Z through the network to form a static
color image C°, which is then sampled using H,; ' to form
time-varying background images {C?}.

To make the foreground layers aware of the camera mo-
tion, the input mask layers M, are concatenated with a noise
image that tracks the camera. The background noise image
Z is sampled using H, ! to form time-varying noise images
{Z.}. This is a similar approach to Lu, et al. [ 18], but in our
case the noise image is not trainable.

Minor stabilization errors, as well as exposure changes,
vignetting, and radial distortion, usually cause slight
changes in appearance even for a stationary background. If
the background is assumed to be entirely static, these sub-
tle shifts in appearance will show up as noise in our om-
nimatte. Such effects, however, tend to have low spatial
and temporal frequency relative to the subject’s effects and
can be safely captured by applying a refinement warp to
the background layer. The refinement warp consists of a
spatially and temporally coarse grid-based warp. We ad-
ditionally apply a grid-based brightness adjustment to the
final composite Comp(Ly, o). The parameters of the warp
and brightness adjustment are optimized together with the
network parameters (see SM for additional details).

3.5. Implementation Details

For all our results, we used Mask R-CNN [13] to seg-
ment the input objects, and STM [20] (a video object seg-
menter trained on the DAVIS dataset [23]) to track objects
across frames. Optical flow between consecutive frames
was computed using RAFT [30]. When dynamic back-
ground elements such as tree branches are present, we use
panoptic segmentation [38] to segment them and treat the
segment as additional objects. To increase the detail of the
color buffers C{, we apply a similar detail-transfer tech-
nique to Lu, et al. [18]. See SM for training details.
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(a) Input Frame (b) Input Mask
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Figure 3. Results on natural videos. For each example, we show: (a) input frame; (b) input mask(s) computed by Mask R-CNN [13]; (¢)
our resulting omnimatte (left: alpha matte, right: RGBA); (d) our estimated background layer. The bottom example (Bus Station) shows
a failure case: while the shadows are correctly associated with the people, the reflection cast on the window by the person in the top-right
corner (marked by the red rectangle) is mistakenly grouped with the person in the bottom-left corner.

4. Results
4.1. Qualitative examples on real videos

Figure 3 shows examples of our estimated omnimattes
on a variety of real-world videos from DAVIS [23], CDW-
2014 [36] (see Sec. 4.4), and videos downloaded from
YouTube. These examples span a wide range of dynamic
subjects (e.g., people, animals or general moving objects
such as a soccer ball), performing complex actions and gen-
erating various scene effects including shadows, reflections,
water ripples, dust and smoke. None of the input object
masks include these effects (see Fig. 3(b)).

As seen in Fig. 3(c-d) top, our method successfully as-
sociates the subjects with the scene effects that are related
to them. In Blackswan, the omnimatte of the swan captures
its reflection and the water ripples it causes. In Elephant,
our omnimatte captures the semi-transparent cloud of dust

sprayed by the elephant, as well as the shadow the elephant
casts on the ground. In Tennis, the running player casts
thin shadows, which the omnimatte correctly separates from
the shadows in the background. Additionally, although the
player’s racket is not included in the input mask (b), it is re-
constructed in our omnimatte result; this demonstrates our
model’s ability to reconstruct objects that are attached to the
main subject even when given incomplete input masks.

In Soccer, we show a two-subject example where our
model estimates a separate omnimatte for each of the sub-
jects: a person (top row) and a soccerball (bottom row). Our
model successfully separates the person’s shadow from that
of the soccerball up until the final few frames of the video,
where part of the person’s shadow appears in the soccer-
ball’s omnimatte (full video in SM).

Another two-subject example is shown in Bus Station
where two people walk away from each other. Our model



(¢) Manual mask (d) Our automatic mask
used in:‘GVC (from Omnimatte)

() FGVC result
using (b)

(f) FGVC result
using (¢)

(g) FGVC result
using (d)

Figure 4. Omnimattes as input to state-of-the-art object re-
moval. Results by FGVC [11] using different types of input
masks: (b) Raw masks from MaskRCNN do not capture shadows,
and produce unrealistic results (e). By using manually annotated
masks that include the shadow (b), both the horse and the shadow
are removed (f). (d) binary mask automatically derived from om-
nimatte produces comparable result (g) when inputted to FGVC.

correctly associates each person with their shadow in this
challenging case. However, the reflection cast on the win-
dow by the person on the right (top) is incorrectly placed in
the left person’s layer (bottom). The challenge of this scene
lies in both the spatial proximity of the reflection to the in-
correct person, and the similar motions (both people in the
scene are moving consistently at the same speed). Lu, et
al. [18] showed that layers tend to ‘grab’ spatially proxi-
mal effects; in this case, the reflection is actually closer to
the person who is not casting the reflection. [18] addition-
ally showed that correlated motions are grouped in the same
layers; as both people are walking in synchronization, the
network places the reflection in the incorrect person’s layer.

4.2. Object Removal

Our method can be applied to remove a dynamic object
from a video by either: (i) binarizing our omnimatte and us-
ing it as input to a separate video-completion method such
as FGVC [11], or by (ii) simply excluding the object’s om-
nimatte layer from our reconstruction.

As shown in Fig. 4(b,e), removing an object but not its
correlated effects produces an unrealistic result (object re-
moved but its shadow remains). Typically such effects are
manually annotated to create a conservative binary mask of
the regions to remove (Fig. 4(c)). To show that an omni-
matte can replace manual editing, we derive a binary mask
by thresholding our soft alpha at 0.25 and dilating by 20 pix-
els, and inputting it to FGVC [11]. Fig. 4(c) shows both the
horse and its shadow are removed, demonstrating that our
derived mask is comparable to a manually annotated mask.

Fig. 5 shows a comparison between omnimatte removal
(approach (ii) above) and FGVC using manual masks. In
the flamingo example, our method removes not only the
flamingo but also its reflection in the water beneath it.
FGVC relies on a mask that does not include the reflec-
tion, thus the reflection remains intact in their result. Our
omnimattes bypass the need to manually label such semi-

' (¢) Ours

(b) VC

Figure 5. Direct omnimatte-based removal. For each input frame
(a) we show the result of removing a foreground object by ex-
cluding its omnimatte from the reconstruction (c), compared to
FGVC [11] (b).

(éi input Frame

transparent effects. In the breakdance example, both the
crowd and the dancer are moving. To handle this case, we
assign an omnimatte to the dancer and a separate single om-
nimatte to the crowd. Fig. 5(c) shows the crowd omnimatte
composited with the background layer. The FGVC result
(b) shows artifacts on the ground where the dancer is re-
moved, whereas our result is seamless and realistic.

4.3. Comparison with Shadow Detection

We show qualitative comparisons with a recent state-of-
the-art shadow detection method, ISD [34], a deep-learning
based method that takes an RGB image as input and pro-
duces segments for object-shadow pairs. ISD integrates a
MaskRCNN-like object detection stage (Detectron2 [38]),
hence it does not require or allow an input mask.

Figure 7 compares our result with ISD on two challeng-
ing scenes, where a person casts a shadow onto another ob-
ject (a bench), and where a person’s shadow is occluded
by another object (a dog). Our method successfully han-
dles and outperforms ISD in both cases. Occlusions and
shadows cast on other objects present particularly difficult
cases for purely data-driven methods such as ISD, since
the appearance of the shadow depends on the relative con-
figuration of multiple objects in the scene, presenting a
combinatorial explosion of scenarios for training. In con-
trast, our method analyzes and leverages space-time infor-
mation throughout the entire video to perform these com-
plex object-effects associations.

4.4. Comparison with Background Subtraction

We quantitatively evaluate our approach on the task of
background subtraction using a change detection dataset,
CDW-2014 [36], which has ground-truth pixel-level labels
for objects and hard shadows. We selected a subset of
videos that contain objects and their shadows (see Fig. 8
for sample frames and labels). We manually excluded “bad
weather” and “low framerate” categories to avoid low qual-
ity videos, and selected short clips of up to 5 moving ob-
jects. The selected subset contains 12 clips, each with
40 - 115 frames, for approximately 950 frames in total.
While the background subtraction task requires only sep-



Color Pop Bacground Replacement' .

Figure 6. Video editing with Omnimattes. Effects such as “color pop” (left; subject in color, background in grayscale), background
replacement (center), and stroboscopic photography (right) all benefit from capturing the subjects’ associated effects with an Omnimatte.
Note the color pop present in the flamingo’s reflection and the correct placement of shadows in the background replacement and strobo-
scopic photograph examples. See the SM for the full details and before/after videos.

o5 ot ’

(a) Input frame (b) ISD result (¢) Our result  (d) Our input mask

Figure 7. Comparison with shadow detection. (b) Results pro-
duced by ISD [34], a recent state of the art, single-image shadow
detection method, and (c) our results when using (d) MaskRCNN

masks as input. See SM for additional comparisons.

arating foreground from background, we demonstrate the
additional capabilities of our method by also segmenting
the effects for individual object instances.

We convert our soft omnimattes into a single, hard seg-
mentation mask using a fixed threshold value and report
the Jaccard index (J) and Boundary measure (F) [21] in
Table 1. We compare with two top-performing methods
on CDW-2014, FgSegNet [17] and BSPVGAN [40], which
were trained on subsets of CDW-2014. Our method out-
performs FgSegNet and matches the performance of BSPV-
GAN, despite not being trained supervised on CDW-2014.

4.5. Comparison with Layered Neural Rendering

Fig. 10 shows a qualitative comparison with the human-
specific, layered neural rendering method by Lu et al. [18].
In [18], people are parameterized explicitly using per-frame
UV maps that represent each individual’s geometry, and a
per-person trainable texture map that represents appearance.
Instead, we use binary masks and pre-computed optical flow
to represent object regions (see Sec. 3). For comparison, we
used binary masks extracted from their UV maps.

In both examples, our method achieves comparable re-
sults to [18], successfully capturing the trampoline defor-
mations, shadows and reflections, yet with a generic, much
simpler input. Note that the input masks derived from the
UV maps provided by [18] represent the full body of a per-
son even if they are occluded in the original frame. This

(a) Input Frame (b) Ground truth (c) BSPVGAN

(d) Ours

Figure 8. Comparison with background subtraction. We used
selected videos from the CDW-2014 change detection dataset [36]
(examples input frames in (a)), with ground truth, manually seg-
mented objects and shadows (b, white pixels = moving objects,
dark gray pixels = shadows, light gray pixels = ‘unknown’, typ-
ically at boundaries). (c) Result by a top-performing (on this
dataset) background subtraction method [40]. (d) Our result (al-
pha mattes of estimated omnimattes). Numerical experiments are
summarized in Table 1. More results can be found in the SM.

Method | J&FMean) 1 | J(Mean) 1 | F(Mean) 1
FgSegNet [17] 0.675 0.631 0.719
BSPVGAN [40] 0.756 0.718 0.793
Ours 0.754 0.711 0.797

Table 1. We compare our method to the two top-performing meth-
ods on CDW-2014 [36]. We report the Jaccard index (J) and
Boundary measure (F) on a subset of the data that includes ob-
jects and their shadows. Our method performs at par or better than
the two background subtraction methods.

allows our model to inpaint object regions and scene effects
that are occluded in some frames but visible in others, as in
[18]. The ability of our model to inpaint occluded regions
even when using incomplete masks is also evident in the
person-dog example in Fig. 1, where the person and their
shadow are reconstructed in our omnimatte. However, we
note that in cases where the input mask is substantially oc-
cluded, the output omnimatte will show occlusion as well;
thus in order to deal with large occlusions, a full-object
mask should be inputted to the model, as done in [18].

4.6. Additional Video Editing Effects

The additional information present in an omnimatte
compared to a standard matte that includes only the sub-
ject allow simple creation of various video effects such as
color pop, background replacement, or object duplication
(Fig. 6). Previously, creating these effects for videos con-
taining shadows or reflections required extensive manual
editing effort. Since the omnimatte is a standard RGBA im-



Figure 9. Ablations. We ab-
late several components of our
method: Left: (a-b) sample in-
put frame and our result using
our full method, and (¢) removing
the brightness adjustment, and (d)
removing the background offset
(Section 3.4). Right: we show two
examples comparing our method
with and without the flow compo-
nent (f-g).

(a) Input Frame

(c) w/o brightness adjustment

Input UV maps (people specific) Input segmentation

'
Inpm - . - -

Luetal. Ours

b

Input UV maps (people specific) Input segmentation

--

Figure 10. Comparison with Lu et al. [18]. We achieve compa-
rable results to [18] using just binary masks instead of the people-
specific UV maps used in [18]. These binary segmentation masks
are easier to obtain and are general — allowing our method to sup-
port arbitrary objects ([18] is applicable just to people). Notice
how our omnimattes capture trampoline deformation well (top two
rows), and reflections in the glass (bottom two rows).

Input frame

Luetal.

age, these edits may be applied using standard video editing
software. The omnimattes for color pop and background
replacement were used unchanged, the horse jump alpha
matte was adjusted with a linear contrast ramp. Please see
SM for full details on creating these effects.

4.7. Ablations

In Fig. 9 we ablate several components of our method.
Removing the brightness adjustment (c) and removing the
background offset (d) both result in undesirable nonzero al-
pha values in the bear’s omnimatte, due to lighting changes,
vignetting, and homography inaccuracies that break the
static background assumption (Sec. 3.4). Including both
components results in a clean alpha matte (b).

We ablate the flow component of our model by removing
both flow inputs and flow losses (Sec. 3.3), and show results
in (g). In the top row, part of the bear is missing from the
omnimatte, and in the bottom row, the person’s omnimatte
incorrectly contains parts of other people. In contrast, our
full model (f) has a complete bear and a clean person om-
nimatte. These examples show that providing the model
with motion information (flow) allows it to better associate
scene elements with the correct objects, and prevents holes
appearing in the foreground object’s alpha matte.

- |-

(d) w/o background offset

(b) Full method

(b) Omnimatte (left: alpha, right: RGBA)

(a) Input F:ahle '

Figure 11. Failure case due to incorrect camera registration.
When the background motion cannot be accurately represented by
a homography (in this case due to a significant depth variation in
the scene), the predicted omnimatte may contain regions of the
background to compensate for the registration inaccuracies.

4.8. Limitations

While our method allows for small deviations from a
static background via smooth, coarse geometric and pho-
tometric offsets, when the homographies do not accurately
represent the background, the omnimattes must correct for
these errors by including background elements (e.g. rocks
and grass, Fig. 11). Conversely, we cannot separate ob-
jects or effects that remain entirely stationary relative to the
background throughout the video. These issues could be
addressed by building a background representation that ex-
plicitly models the 3D structure of the scene (e.g. [4]).

Finally, we observed that different random initializations
of the network’s weights may occasionally lead to different,
sometimes undesirable, solutions (see supplemental mate-
rial for visualization). We speculate that more reliable con-
vergence could be obtained by further optimizing the order
in which frames are introduced to the model.

5. Conclusion

We have posed a new problem: from an input video with
one or more segmented moving subjects, we produce an
omnimatte for each subject — an opacity map and color im-
age that includes the subject itself along with the visual ef-
fects related to it. These effects can be reflections of the
subject, shadows they cast, or attached objects. We have
proposed a network and training framework for solving this
new problem, and have demonstrated omnimattes produced
automatically for real-world videos with a variety of objects
and associated effects. We have also shown how omnimat-
tes can support a variety of video editing applications.
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Omnimatte: Associating Objects and Their Effects in Video
Supplementary Material

1. Formulation Details
1.1. Flow Reconstruction Weight (Section 3.3, Eq 6)

The confidence at each pixel p is defined as:
We(p) = Wi (p) - WE () - Ma(p), e))

where W/" is computed using a standard left-right flow

consistency error by: W/"(p) = max(1 — el"(p),0), and
ey is the forward-backward flow error. W} measures pho-
tometric error and is given by: W/ = Te,<p, where
ep = ||Warp(Ii41; Fy41) — 1|1 measures the photomet-
ric difference between I; and I;; when backward warped
using the flow, and 8 = 20. Finally, we mask the regions
outside of the object mask M, since semi-transparent effects
such as shadows tend to have inaccurate flow.

1.2. Warp and Brightness Adjustment (Section 3.4)

To compensate for minor camera stabilization errors, we
apply the learnable warp at each pixel x of the background
layer:

CS(X) = C?(Gw [ta Lo, -Tu]) 2
where Gy, is a n/10 x 4 x 7 x 2 grid of offset vectors,
n is the number of frames in the video, and [+, -, -] denotes

trilinear filtering. We additionally apply a learnable coarse
brightness scaling to the final composite:

C'oAmp(ﬁhot) = Comp(Ls, 0t) - Golt, Tv, Tu] 3)

where Gy, is an/10 x 4 x 7 grid of brightness coefficients.
The values of G, and Gy}, are optimized together with the
network parameters.

The effect of this adjustment layer can be seen in Fig. 1.
Adding the background adjustment significantly increases
the sparsity of the alpha mattes for the same reconstruction
quality.

1.3. RGBA Detail transfer (Section 3.5)

We adopt the same detail transfer step as in Lu, et al. [6]
to produce high-resolution omnimattes by transferring de-
tail from the original frame to the CNN outputs. We first
compute the residual between the CNN output and the origi-
nal frame, and determine the amount of the residual to trans-
fer to each RGBA layer using the transmittance map 7/ for

layer ¢ at time ¢:
7 = 10— Comp, (L N\{Ly | j <i}o\{i | ] <i}) ()

where Comp,, denotes the alpha channel of the composite
produced by the network. The final layer colors with the
transferred detail are:

Cl = Cnri 4 1} (I; — Comp(Ly, 01)) Q)
where C'nr is the color produced by the network.

2. Implementation Details

Network Architecture We adopt the same network archi-
tecture as in Lu, et al. [6], with the exception of replacing
batchnorm with instance norm:

layer type(s) channels | stride | activation
1 conv 64 2 leaky
2 conv, IN 128 2 leaky
3 conv, IN 256 2 leaky
4 conv, IN 256 2 leaky
5 conv, IN 256 2 leaky
6 conv, IN 256 1 leaky
7 conv, IN 256 1 leaky
8 | skip5, convt, IN 256 2 relu
9 | skip4, convt, IN 256 2 relu
10 | skip3, convt, IN 128 2 relu
11 | skip2, convt, IN 64 2 relu
12 | skipl, convt, IN 64 2 relu
13 conv 4 1 tanh

‘IN’ refers to instance normalization, ‘convt’ refers to con-
volutional transpose. All convolutions are 4 x 4. Addition-
ally, we have a convolutional layer following layer 12 which
outputs 2 channels for optical flow.

Training Details We implement our network in JAX [1]
and Haiku [3]. We optimize our full objective (Eq. 2, Sec-
tion 3.1), with relative weights: A, = .005, A, = 50 until
E sk falls below 0.05, and is 0 afterward, and A, = .005.
We use the Adam optimizer [4] with an initial learning rate
of le-3. We train each video with a batch size of 32 on



Google Cloud v3-8 TPU for 2000 epochs. We resize all
videos to 256 x 448 spatial resolution. Training the ‘Bear’
sequence from the DAVIS dataset [7], which has 82 frames
and 1 output omnimatte, takes 2 hours.

2.1. Video effects details (Section 4.6)

All the video effects were created in postprocessing in
NUKE [5], a standard video compositing package. That is,
we produce the effects by editing our output omnimattes
(and using the camera homographies), whereas the omni-
matte network model itself is not used.

Color Pop: to create the “color pop” effect, we create two
versions of the original video, one with color desaturated
and one with color amplified. We blend the amplified ver-
sion over the desaturated version using the alpha matte from
the foreground layer.

Background Replacement: replacing the background
while preserving camera motion is accomplished by treat-
ing the new image as a new extended canvas. Thus, we cre-
ate a new time-varying background frames C? by applying
the original camera homographies.

Stroboscopic Photograph: to create the background of
the stroboscopic photograph, we apply the inverse camera
homographies to the background color images C? and ac-
cumulate them into the canvas space with over composit-
ing. This step creates a clean background canvas without the
foreground objects. We then apply the same inverse trans-
formations to the foreground layers and composite them on
top. For the “horsejump-low” photo, we picked 15 frame
intervals.
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Figure 1. Reconstruction error vs. matte sparsity for multiple runs on DAVIS. Each graph measures the L1 reconstruction error against
the fraction of pixels above 20% alpha. Lower is better for both axes. A pixel above 20% alpha is considered “visible,” so this value gives
a measurement of amount of clutter in the matte. Each video is run with 5 random seeds for each of 3 ablation conditions: full method,
no flow input or flow loss (“No Flow”), and no background offset or brightness adjustment (“No BG Adjust”). Note that “No BG Adjust”
tends to produce more matte clutter, especially for videos with considerable camera motion (e.g. “horsejump-low”, “hike”).
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Figure 2. More Omnimatte results on DAVIS [7]. We show, from left to right, the original RGB video frame, the input mask, the
predicted omnimatte’s alpha and RGBA visualizations, and the predicted background layer. Our method successfully detects shadows in
each example, and can also handle inaccurate input masks (“Breakdance”, row 1: arm missing in input mask is included in prediction). In
“Camel” row 2, the camel in the back is largely static, which results in it being primarily captured by the background layer.
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Figure 3. More Omnimatte results on DAVIS [7]. We show, from left to right, the original RGB video frame, the input mask, the predicted
omnimatte’s alpha and RGBA visualizations, and the predicted background layer. We demonstrate our method on a variety of challenging
scenes and effects, including shaking poles (“Dog-agility””) and detached shadows (“Horsejump-high”). Our method manages to capture
loose clothing not present in the input mask (“Dance-twirl”). The ocean waves in “Kite-walk” are reconstructed in the foreground object
layer because they cannot be represented by the static background layer.
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predicted omnimatte’s alpha and RGBA visualizations, and the predicted background layer. Our method is able to capture large related

objects or shadows (“Paragliding”, “Paragliding-launch”). The water ripples in “Mallard-water” are reconstructed in the foreground object

layer because they cannot be represented by the static background layer.
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Figure 5. More object removal comparisons with FGVC [2]. For each example, we show in the top row from left to right: original RGB
video frame, the input mask used for FGVC which was manually generated, and our input mask which was automatically generated by
thresholding the predicted Omnimatte; in the bottom row: our object removal result by excluding the object layer from composition, the
FGVC result using their manual input mask, and the FGVC result using our automatic input mask. We achieve comparable results using
our automatic method.
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video frame, the input mask used for FGVC which was manually generated, and our input mask which was automatically generated by
thresholding the predicted Omnimatte; in the bottom row: our object removal result by excluding the object layer from composition, the
FGVC result using their manual input mask, and the FGVC result using our automatic input mask. We achieve comparable results using
our automatic method.
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Figure 7. More shadow detection comparisons with ISD [8]. For each example, we show from left to right: the original RGB video
frame, the object+shadow prediction from ISD, our predicted Omnimatte alpha channel, and our input mask. Our method is able to take
advantage of motion in the video, which often enables it to detect shadows more accurately than the single-image, data-driven method,
ISD (e.g. in “Tennis”, ISD mistakes other shadows on the ground for the person’s shadow, but our method detects the correct shadow after

observing the motion in the scene).
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example, we show from left to right: the original RGB video frame, the prediction from BSPVGAN, our predicted Omnimatte alpha
channel, and the ground truth mask. The ground truth label definitions are as follows: white pixels = moving objects, dark gray pixels
= shadows, light gray pixels = ‘unknown’ (typically at boundaries or unannotated regions). Our method is more successful at detecting
shadows.
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Abstract

Recent interest in self-supervised dense tracking has
vielded rapid progress, but performance still remains far
Jfrom supervised methods. We propose a dense tracking
model trained on videos without any annotations that sur-
passes previous self-supervised methods on existing bench-
marks by a significant margin (+15%), and achieves perfor-
mance comparable to supervised methods. In this paper, we
first reassess the traditional choices used for self-supervised
training and reconstruction loss by conducting thorough ex-
periments that finally elucidate the optimal choices. Sec-
ond, we further improve on existing methods by augmenting
our architecture with a crucial memory component. Third,
we benchmark on large-scale semi-supervised video object
segmentation (aka. dense tracking), and propose a new met-
ric: generalizability. Our first two contributions yield a
self-supervised network that for the first time is competi-
tive with supervised methods on standard evaluation met-
rics of dense tracking. When measuring generalizability,
we show self-supervised approaches are actually superior
to the majority of supervised methods. We believe this new
generalizability metric can better capture the real-world
use-cases for dense tracking, and will spur new interest
in this research direction. Our code will be released at
https://github.com/z1ai0/MAST.

1. Introduction

Although the working mechanisms of the human visual
system remain somewhat obscure at the level of neurophys-
iology, it is a consensus that tracking objects is a funda-
mental ability that a baby starts developing at two to three
months of age [5, 34, 58]. Similarly, in computer vision sys-
tems, tracking plays key roles in many applications ranging
from autonomous driving to video surveillance.

Given arbitrary objects defined in the first frame, a track-
ing algorithm aims to relocate the same object through-
out the entire video sequence. In the literature, tracking
can be cast into two categories: the first is Visual Object
Tracking (VOT) [35], where the goal is to relocalize objects
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Figure 1: Comparison with other recent works on the DAVIS-2017 bench-
marks, i.e. dense tracking or semi-supervised video segmentation given
the first frame annotation. The proposed approach significantly outper-
forms the other self-supervised approaches, and even comparable to ap-
proaches trained with heavy supervision on ImageNet, COCO, Pascal,
DAVIS, Youtube-VOS. In the x-axis, we only count pixel-wise segmen-
tation.
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with bounding boxes throughout the video; the other aims
for more fine-grained tracking, i.e. relocalize the objects
with pixel-level segmentation masks, also known as Semi-
supervised Video Object Segmentation (Semi-VOS) [48].
In this paper, we focus on the latter case, and will refer to it
interchangeably with dense tracking from here on.

In order to train such dense tracking systems, most re-
cent approaches rely on supervised training with extensive
human annotations (see Figure 1). For instance, an Ima-
geNet [ 10] pre-trained ResNet [ 18] is typically adopted as a
feature encoder, and further fine-tuned on images or video
frames annotated with fine-grained, pixelwise segmenta-
tion masks, e.g. COCO [40], Pascal [13], DAVIS [48] and
YouTube-VOS [71]. Despite their success, this top-down
training scheme seems counter-intuitive when considering
the development of the human visual system, as infants can
track and follow slow-moving objects before they are able
to map objects to semantic meanings. With this evidence, it
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YouTube-VOS

Figure 2: Train once, test on multiple datasets: Qualitative results from our self-supervised dense tracking model on DAVIS-2017 and YouTube-VOS
dataset. The number on the top left refers to the frame number in the video. For all examples, the mask of the Oth frame is given, and the task is to track
the objects along with the video. Our self-supervised tracking model is able to deal with challenging scenarios, such as large camera motion, occlusion and

disocclusion, large deformation and scale variation.

is unlikely the case that humans develop their tracking abil-
ity in a top-down manner (supervised by semantics), at least
not at the early-stage development of the visual system.

In contrast to the aforementioned approaches based on
heavy supervision, self-supervised methods [37, 59, 60, 64]
have recently been introduced, leading to more neurophys-
iologically intuitive directions. While not requiring any la-
beled data, the performance of these methods is still far
from that of supervised methods (Figure 1).

We continue in the vein of self-supervised methods
and propose an improved tracker, which we call Memory-
Augmented Self-Supervised Tracker (MAST). Similar to
previous self-supervised methods, our model performs
tracking by learning a feature representation that enables
robust pixel-wise correspondences between frames; it then
propagates a given segmentation mask to subsequent frames
based on the correspondences. We make three main con-
tributions: first, we reassess the traditional choices used
for self-supervised training and reconstruction loss by con-
ducting thorough experiments to finally determine the op-
timal choices. Second, to resolve the challenge of tracker
drift (i.e. as the object changes appearance or becomes oc-
cluded, each subsequent prediction becomes less accurate
if propagated only from recent frames), we further improve
on existing methods by augmenting our architecture with
a crucial memory component. We design a coarse-to-fine
approach that is necessary to efficiently access the mem-
ory bank: a two-step attention mechanism first coarsely
searches for candidate windows, and then computes fine-
grained matching. We conduct experiments to analyze our
choice of memory frames, showing that both short- and
long-term memory are crucial for good performance. Third,
we benchmark on large-scale video segmentation datasets
and propose a new metric, i.e. generalizability, with the goal

of measuring the performance gap between tracking seen
and unseen categories, which we believe better captures the
real-world use-cases for category-agnostic tracking.

The result of the first two contributions is a self-
supervised network that surpasses all existing approaches
by a significant margin on DAVIS-2017 (15%) and
YouTube-VOS (17%) benchmarks, making it competitive
with supervised methods for the first time. Our results
show that a strong representation for tracking can be learned
without using any semantic annotations, echoing the early-
stage development of the human visual system. Beyond
significantly narrowing the gap with supervised methods
on the existing metrics, we also demonstrate the superior-
ity of self-supervised approaches over supervised methods
on generalizability. On the unseen categories of YouTube-
VOS benchmark, we surpass PreMVOS [4 1], the 2018 chal-
lenge winner algorithm trained on massive segmentation
datasets. Furthermore, when we analyze the drop in perfor-
mance between seen and unseen categories, we show that
our method (along with other self-supervised methods) has
a significantly smaller generalization gap than supervised
methods. These results show that contrary to the popular
belief that self-supervised methods are not yet useful due to
their weaker performance, their greater generalization ca-
pability (due to not being at risk of overfitting to labels) is
actually a more desirable quality when being deployed in
real-world settings, where the domain gap can be signifi-
cant.

2. Related Work

Dense tracking (aka. semi-supervised video segmenta-
tion) has typically been approached in one of two ways:
propagation-based or detection/segmentation-based. The



former approaches formulate the dense tracking task as
a mask propagation problem from the first frame to the
consecutive frames. To leverage the temporal consistency
between two adjacent frames, many propagation-based
methods often try to establish dense correspondences
with optical flow or metric learning [20, 21, 29, 41, 56].
However, computing optical flow remains a challenging,
yet unsolved problem. Our method relaxes the constraint of
optical flow’s one-to-one brightness constancy constraint
and spatial smoothness, allowing each query pixel to
potentially build correspondence with multiple reference
pixels. On the other hand, detection/segmentation-based
approaches address the tracking task with sophisticated
detection or segmentation networks, but since these models
are usually not class-agnostic during training, they often
have to be fine-tuned on the first frame of the target video
during inference [6, 41, 42], whereas our method requires
no fine-tuning.

Self-supervised learning on videos has generated fruitful
research in recent years. Due to the abundance of online
data[1, 4, 11, 14, 15, 22, 24, 25, 26, 27, 32, 38, 43, 59, 63,

, 68], various ideas have been explored to learn repre-
sentations by exploiting the spatio-temporal information in
videos. [14, 43, 66] exploit spatio-temporal ordering for
learning video representations. Recently, Han ef al. [17]
learn strong video representations for action recognition
by self-supervised contrastive learning on raw videos. Of
more relevance, [37, 59] have recently leveraged the natural
temporal coherency of color in videos, to train a network
for tracking and correspondence related tasks. We discuss
these works in more detail in Section 3.1. In this work, we
propose to augment the self-supervised tracking algorithms
with a differentiable memory module. We also rectify some
flaws in their training process.

Memory-augmented models refer to the computational ar-
chitecture that has access to a memory repository for pre-
diction. Such models typically involve an internal memory
implicitly updated in a recurrent process, e.g. LSTM [19]
and GRU [9], or an explicit memory that can be read or
written with an attention-based procedure [2, 12, 16, 36, 51,

, 62, 70]. Memory models have been used for many ap-
plications, including reading comprehension [51], summa-
rization [50], tracking[69], video understanding[7], and im-
age and video captioning [70, 74]. In dense visual tracking,
the popular memory-augmented models treat key frames as
memory [45], and use attention mechanisms to read from
the memory. Despite its effectiveness, the process of com-
puting attention either does not scale to multiple frames
or is unable to process high-resolution frames, due to the
computational bottleneck in hardware, e.g. physical mem-
ory. In this work, we propose a scalable way to process
high-resolution information in a coarse-to-fine manner. The
model enables dynamic localization of salient regions, and
fine-grained processing is only required for a small fraction

of the memory bank.

3. Method

The proposed dense tracking system, MAST (Memory-
Augmented Self-Supervised Tracker), is a conceptually
simple model for dense tracking that can be trained with
self-supervised learning, i.e. zero manual annotation is re-
quired during training, and an object mask is only required
for the first frame during inference. In Section 3.1, we pro-
vide relevant background of previous self-supervised dense
tracking algorithms, and terminologies that will be used in
later sections. Next, in Section 3.2, we pinpoint weaknesses
in these works and propose improvements to the training
signals. Finally, in Section 3.3, we propose memory aug-
mentation as an extension to existing self-supervised track-
ers.

3.1. Background

In this section, we review previous papers that are closely
related to this work [37, 59]. In general, the goal of self-
supervised tracking is to learn feature representations that
enable robust correspondence matching. During training,
a proxy task is posed as reconstructing a target frame (/)
by linearly combining pixels from a reference frame (/;_1),
with the weights measuring the strength of correspondence
between pixels.

Specifically, a triplet ({Q:, K¢, V;}) exists for each in-
put frame I, referring to Query, Key, and AValue. In order
to reconstruct a pixel ¢ in the ¢-th frame (If), an Attention
mechanism is used for copying pixels from a subset of pre-
vious frames in the original sequence. This procedure is
formalized as:

=" A7V, (1)
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where (-, -) refers to the dot product between two vectors,
query (Q) and key (K) are feature representations computed
by passing the target frame I; to a Siamese ConvNet ®(-; 6),
ie. Qr = K; = ®(1;;0), A; is the affinity matrix rep-
resenting the feature similarity between pixel I} and Itj_l,
value (V) is the raw reference frame (/;—1) during the train-
ing stage, and instance segmentation mask during inference,
achieving reconstruction or dense tracking respectively.

A key element in self-supervised learning is to set the
proper information bottleneck, or the choice of what input
information to withhold for learning the desired feature rep-
resentation and avoiding trivial solutions. For example, in
the reconstruction-by-copying task, an obvious shortcut is
that the pixel in [; can learn to match any pixel in [;_1
with the exact same color, yet not necessarily correspond



to the same object. To circumvent such learning shortcuts,
Vondrick et al. [59] intentionally drop the color information
from the input frames. Lai and Xie [37] further show that a
simple channel dropout can be more effective.

3.2. Improved Reconstruction Objective

In this section, we reassess the choices made in previous
self-supervised dense tracking works and provide intuition
for our optimal choices, which we empirically support in
Section 5.

3.2.1 Decorrelated Color Space

Extensive experiments in the human visual system have
shown that colors can be seen as combinations of the pri-
mary colors, namely red (R), green (G) and blue (B). For
this reason, most of the cameras and emissive color displays
represent pixels as a triplet of intensities: (R, G, B) € R3.
However, a disadvantage of the RGB representation is that
the channels tend to be extremely correlated [49], as shown
in Figure 3. In this case, the channel dropout proposed
in [37] is unlikely to behave as an effective information bot-
tleneck, since the dropped channel can almost always be
determined by one of the remaining channels.

e Lvs.a
Lvs. b
e avs.b

(a) RGB scatter plot

(b) Lab scatter plot

Figure 3: Correlation between channels of RGB and Lab colorspace. We
randomly take 100, 000 pixels from 65 frames in a sequence (snowboard)
in the DAVIS dataset and plot the relative relationships between RGB
channels. This phenomena generally holds for all natural images [49], due
to the fact that all of the channels include a representation of brightness.
Values are normalized for visualization purposes.

To remedy this limitation, we hypothesize that dropout
in the decorrelated representations (e.g. Lab) would force
the model to learn invariances suitable for self-supervised
dense tracking; i.e. if the model cannot predict the missing
channel from the observed channels, it is forced to learn a
more robust representation rather than relying on local color
information.

3.2.2 Classification vs. Regression

In the recent literature on colorization and generative mod-
els [406, 75], colors were quantized into discrete classes and
treated as a multinomial distribution, since generating im-
ages or predicting colors from grayscale images is usually
a non-deterministic problem; e.g. the color of a car can
reasonably be red or white. However, this convention is
suboptimal for self-supervised learning of correspondences,

as we are not trying to generate colors for each pixel, but
rather, estimate a precise relocation of pixels in the refer-
ence frames. More importantly, quantizing the colors leads
to an information loss that can be crucial for learning high-
quality correspondences.

We conjecture that directly optimizing a regression loss
between the reconstructed frame (/;) and real frame (/)
will provide more discriminative training signals. In this
work, the objective L is defined as the Huber Loss:
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where i: € R3 refers to RGB or Lab, normalized to the
range [-1,1] in the reconstructed frame that is copied from
pixels in the reference frame I;_1, and I; is the real frame
at time point ¢.

3.3. Memory-Augmented Tracking

So far we have discussed the straightforward attention-
based mechanism for propagating a mask from a single
previous frame. However, as predictions are made recur-
sively, errors caused by object occlusion and disocclusion
tend to accumulate and eventually degrade the subsequent
predictions. To resolve this issue, we propose an attention-
based tracker that efficiently makes use of multiple refer-
ence frames.

3.3.1 Multi-frame tracker

An overview of our tracking model is shown in Figure 4.
To summarize the tracking process: given the present frame
and multiple past frames (memory bank) as input, we first
compute the query (Q) for the present frame and keys (K)
for all frames in memory. Here, we follow the general pro-
cedure in previous works as described in Section 3.1, where
K and Q are computed from a shared-weight feature extrac-
tor and V is equal to the input frame (during training) or ob-
ject mask (during testing). The computed affinity between
Q and all the keys (K) in memory is then used to make a pre-
diction for each query pixel depending on V. Note we don’t
put any weights on the reference frames, as this should be
encoded in the affinity matrix (e.g. when a target and ref-
erence frame are dis-similar, the corresponding similarity
value will be naturally low; thus the reference label will
have less contribution to the labeling of a target pixel).

The decision of which pixels to include in K is crucial
for good performance. Including all pixels previously seen
is far too computationally expensive due to the quadratic ex-
plosion of the affinity matrix (e.g. the network of [37] pro-
duces affinity matrices with more than 1 billion elements
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Figure 4: Structure of MAST. The current frame is used to compute query to attend and retrieve from memory (key & value). During training, we use raw
video frame as value for self-supervision. Once the encoder is trained, we use instance mask as value. See Section 3.3 for details.

for 480p videos). To reduce computation, [37] exploit tem-
poral smoothness in videos and apply restricted attention,
only computing the affinity with pixels in a ROI around the
query pixel location. However, the temporal smoothness
assumption holds only for temporally close frames.

To efficiently process temporally distant frames, we pro-
pose a two-step attention mechanism. The first stage in-
volves coarse pixel-matching with the frames in the mem-
ory bank to determine which ROIs are likely to contain good
matches with the query pixel. In the second stage, we ex-
tract the ROIs and compute fine-grained pixel matching, as
described in Section 3.1. Overall, the process can be sum-
marized in Algorithm 1.

Algorithm 1 MAST

1: Choose m reference frames Q1, Q2, ...Qm

2: Localize ROI R, Rz, ... R, according to 3.3.2 (Eq. 5 and 6)
for each of the reference frames

3: Compute similarity matrix A;’
frame () and each ROL

4: Output: pixel’s label is determined by aggregating the labels
of the ROI pixels (weighted by its affinity score).

(Q7, RY) between target

3.3.2 ROI Localization

The goal of ROI localization is to estimate the candidate
windows non-locally from memory banks. As shown in
Figure 5, this can be achieved through restricted attention
with varying dilation rate.

Intuitively, for short-term memory (temporally close
frames), dilation is not required since spatial-temporal co-
herence naturally exists in videos; thus ROI localization
becomes restricted attention (similar to [37]). However,
for long-term memory, we aim to account for the fact that
objects can potentially appear anywhere in the reference
frames. We unify both scenarios into a single framework
for learning ROI localization.

(xy)

Figure 5: ROI Localization.

Formally, for the query pixel ¢ in I, to localize the ROI
from frame (/;_ ), we first compute in parallel HZ_ Ny
the similarity heatmap between 4 and all candidate pixels in
the dilated window:

Z_N’m’y = softmaa:(Qi ~im2col (K} _n,vi—n)) (5)

where v, refers to the dilation rate for window sam-
pling in frame I;_x, and im2col refers to an operation
that transforms the input feature map into a matrix based
on dilation rate. Specifically, in our experiments, the dila-
tion rate is proportional to the temporal distance between
the present frame and the past frames in the memory bank,
ie.vi—ny x N. Weuse y,—n = [(t — N)/15].

The center coordinates for ROIs can be then computed
via a soft-argmax operation:

P, = Z Hi, *C

z,y

6

where P;’y is the estimated center location of the candidate
window in frame I,y for query pixel I}, and C refers to
the grid coordinates (x, y) corresponding to the pixels in the
window from ¢m2col. The resampled Key (K i) for pixel
I tz can be extracted with a bilinear sampler [23]. With all the
candidate Keys dynamically sampled from different refer-
ence frames of the memory bank, we compute fine-grained
matching scores only with these localized Keys, resembling
arestricted attention in a non-local manner. Therefore, with
the proposed design, the memory-augmented model can ef-
ficiently access high-resolution information for correspon-
dence matching, without incurring large physical memory
costs.



4. Implementation Details

Training: For fair comparison, we adopt as our feature en-
coder the same architecture (ResNet18) as [37] in all exper-
iments (as shown in Supplementary Material). The network
produces feature embeddings with a spatial resolution 1/4
of the original image. The model is trained in a completely
self-supervised manner, meaning the model is initialized
with random weights, and we do not use any information
other than raw video sequences. We report main results
on two training datasets: OxUvA [52] and YouTube-VOS
(both raw videos only). We report the first for fair compari-
son with the state-of-the-art method [37] and the second for
maximum performance. As pre-processing, we resize all
frames to 256 x 256 x 3. In all of our experiments, we use
Iy, I5 (only if the index for the current frame is larger than
5) as long term memory, and I;_5, I;_3, I;_7 as short term
memory. Empirically, we find the choice of frame number
has small impact on performance, but using both long and
short term memory is essential (See appendix).

During training, we first pretrain the network with a pair of
input frames, i.e. one reference frame and one target frame
are fed as inputs. One of the color channels is randomly
dropped with probability p = 0.5. We train our model end-
to-end using a batch size of 24 for 1M iterations with the
Adam optimizer. The initial learning rate is set to le-3,
and halved after 0.4M, 0.6M and 0.8M iterations. We then
finetune the model using multiple reference frames (our full
memory-augmented model) with a small learning rate of 2e-
5 for another 1M iterations. As discussed in Section 3.2.2,
the model is trained with a photometric loss between the re-
construction and the true frame.

Inference: We use the trained feature encoder to compute
the affinity matrix between pixels in the target frame and
those in the reference frames. The affinity matrix is then
used to propagate the desired pixel-level entities, such as
instance masks in the dense tracking case, as described in
Algorithm 1.

Image Feature Alignment: Due to memory constraints,
the supervision signals in previous methods were all de-
fined on bilinearly downsampled images. As shown in Fig-
ure 6(a), this introduces a misalignment between strided
convolution layers and images from naive bilinear down-
sampling. We handle this spatial misalignment between
feature embedding and image by directly sampling at the
strided convolution centers. This seemingly minor change
actually brings significant improvement to the downstream
tracking task (Table 4).

5. Experiments

We benchmark our model on two public benchmarks:
DAVIS-2017 [48] and the current largest video segmenta-
tion dataset, YouTube-VOS [71]. The former contains 150
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Figure 6: Image Feature Alignment. We fix the misalignment between
strided convolution layers (with kernel centered at red circle) and images
from naive bilinear downsampling (with kernel centered at blue dot) by
sampling directly at the strided convolution centers.

HD videos with over 30K manual instance segmentations,
and the latter has over 4000 HD videos of 90 semantic cate-
gories, totalling over 190k instance segmentations. For both
datasets, we benchmark the proposed self-supervised learn-
ing architecture (MAST) on the official semi-supervised
video segmentation setting (aka. dense tracking), where a
ground truth instance segmentation mask is given for the
first frame, and the objective is to propagate the mask to
subsequent frames. In Section 5.1, we report performance
of our full model and several ablated models on the DAVIS
benchmark. Next, in Section 5.2, we analyze the general-
izability of our model by benchmarking on the large-scale
YouTube-VOS dataset.

Standard evaluation metrics. We use region similar-
ity (J) and contour accuracy (F) to evaluate the tracked
instance masks [47].

Generalizability metrics To demonstrate the generalizabil-
ity of tracking algorithms in category-agnostic scenarios,
i.e. the categories in training set and testing set are dis-
joint, YouTube-VOS also explicitly benchmarks the perfor-
mances on unseen categories. We therefore evaluate a gen-
eralization gap in Section 5.2.1, which is defined as the av-
erage performance difference between seen and unseen ob-
ject classes:

(jseen - junseen) + (]:seen - funseen)

2
)

Gen. Gap =

Note, the proposed metric aims to explicitly penalize the
case where the performance on seen outperforms unseen
by large margins, while at the same time provide a reward
when the performance on unseen categories is higher than
on seen ones.

5.1. Video Segmentation on DAVIS-2017
5.1.1 Main results

In Table 1, we compare MAST with previous approaches
on the DAVIS-2017 benchmark. Two phenomena can be
observed: first, our proposed model clearly outperforms all
other self-supervised methods, surpassing previous state-of-
the-art CorrFlow by a significant margin (65.5 vs 50.3 on



Method Backbone Supervised Dataset (Size) J&FMean) T  J(Mean) T J(Recall) ™ F(Mean)t F(Recall)t
Vid. Color. [59]  ResNet-18 X Kinetics (800 hours) 34.0 34.6 34.1 32.7 26.8
CycleTime! [64]  ResNet-50 X VLOG (344 hours) 48.7 46.4 50.0 50.0 48.0
CorrFlow’ [37] ResNet-18 X OxUvA (14 hours) 50.3 48.4 53.2 52.2 56.0

UvVC* [72] ResNet-18 X Kinetics (800 hours) 59.5 57.7 68.3 61.3 69.8
MAST (Ours) ResNet-18 X OxUvA (14 hours) 63.7 61.2 73.2 66.3 78.3
MAST (Ours) ResNet-18 X YT-VOS (5.58 hours) 65.5 63.3 73.2 67.6 71.7
ImageNet [ 18] ResNet-50 v 1(1.28M, 0) 49.7 50.3 - 49.0 -

OSMN [73] VGG-16 v ICD (1.28M, 227k) 54.8 52.5 60.9 57.1 66.1
SiamMask [61] ResNet-50 v IVCY (1.28M, 2.7M) 56.4 54.3 62.8 58.5 67.5

OSVOS [6] VGG-16 v 1D (1.28M, 10k) 60.3 56.6 63.8 63.9 73.8
OnAVOS [57] ResNet-38 v ICPD (1.28M, 517k) 65.4 61.6 67.4 69.1 75.4
OSVOS-S [42] VGG-16 v IPD (1.28M, 17k) 68.0 64.7 74.2 71.3 80.7
FEELVOS [56]  Xception-65 v ICDY (1.28M, 663k) 71.5 69.1 79.1 74.0 83.8
PReMVOS [41]  ResNet-101 v ICDPM (1.28M, 527k) 77.8 73.9 83.1 81.8 88.9

STM [45] ResNet-50 v IDY (1.28M, 164k) 81.8 79.2 - 84.3 -

Table 1: Video segmentation results on DAVIS-2017 validation set.

Dataset notations: I=ImageNet, V = ImageNet-VID, C=COCO, D=DAVIS,

M=Mapillary, P=PASCAL-VOC Y=YouTube-VOS. For size of datasets, we report (length of raw videos) for self-supervised methods and (#image-level
annotations, #pixel-level annotations) for supervised methods. * denotes concurrent work. T denotes highest results reported after original publication.

Higher values are better.

TimeCycle

Video colorization

Figure 7: Our method vs. previous self-supervised methods. Other methods show systematic errors in handling occlusions. Row 1: The dancer undergoes
large self-occlusion. Row 2: The dog is repeatedly occluded by poles. Row 3: Three women reappear after being occluded by the man in the foreground.

J&F). Second, despite using only ResNetl8 as the fea-
ture encoder, our model trained with self-supervised learn-
ing can still surpass supervised approaches that use heavier
architectures.

5.1.2 Ablation Studies

To examine the effects of different components, we conduct
a series of ablation studies by removing one component at
a time. All models are trained on OxUVA (except for the
analysis on different datasets), and evaluated on DAVIS-
2017 semi-supervised video segmentation (aka. dense
tracking) without any finetuning.

Choice of color spaces. As shown in Table 2, we perform
different experiments with input frames transformed into
different color spaces, e.g. RGB, Lab or HSV. We find that
the MAST model trained with Lab color space always out-
performs the other color spaces, validating our conjecture
that dropout in a decorrelated color space leads to better
feature representations for self-supervised dense tracking,

as explained in Section 3.2.1. Additionally, we compare
our default setting with a model trained with cross-color
space matching task (shown in Table 3). That means to
use a different color space for the input and the training
objective, e.g. input frames are in RGB, and loss function is
defined in Lab color space. Interestingly, the performance
drops significantly, we hypothesis this can attribute to the
fact that all RGB channels include a representation of
brightness, making it highly correlate to the luminance in
Lab, therefore acting as a weak information bottleneck.

Loss functions. As a variation of our training procedure,
we experiment with different loss functions: cross entropy
loss on the quantized colors, and photometric loss with Hu-
ber loss. As shown in Table 2, regression with real-valued
photometric loss surpasses classification significantly,
validating our conjecture that the information loss during
color quantization results in inferior representations for
self-supervised tracking (as explained in Section 3.2), due
to less discriminative training signals.



Colors. Loss J(Mean) JF(Mean) Input Loss J(Mean) JF(Mean)
RGB Cls. 42.5 453 Lab RGB 48.2 52.0
Reg. 52.7 57.1 RGB Lab 46.8 49.9
Cls. 325 353 Lab  Lab 61.2 66.3
HSV' Reg. 543 58.6
Cls. 47.1 48.9
Lab  pes 612 66.3

Table 2: Training colorspaces and loss: Our
final model trained with Lab colorspace with
regression loss outperforms all other models on

Table 3: Cross color space matching vs. sin-
gle color space: Cross color space matching
shows inferior results compared to single color

I-F Align  J(Mean) JF(Mean)
No 59.1 64.0
Yes 61.2 66.3
+2.1 +2.3

Table 4: Image-Feature alignment: Using the
improved Image-Feature alignment implemen-
tation improves the results. Higher values are

dense tracking task. Higher values are better. space. better.
Memory J(Mean) F(Mean) Propagation 7 (Mean) JF(Mean) Dataset JMean) F(Mean)
Only long 44.6 48.7 Soft 57.0 61.7 OxUvA 61.2 66.3
Only short 57.3 61.8 Hard 61.2 66.3 ImageNet VID 60.0 63.9
Both 612 663 42 46 YouTube-VOS (w/o anno.) 63.3 67.6

Table 5: Memory length: Removing either
long term or short term memory results in a
performance drop.

Table 6: Soft vs. hard propagation: Quantiz-
ing class probability of each pixel (hard prop-
agation) shows large gains over propagating

Table 7: Training dataset: All datasets provide rea-
sonable performance, with O and Y slightly superior.
‘We conjecture that our model gains from higher qual-

probility distribution (soft propagation).

ity videos and larger object classes in these datasets.

Image feature ahgnmgnt. To evalua.te the ahgn'menj[ mod- Method  Sup. Overall 1 Seen Unseen Gap |
ule proposed for aligning features with the original image, Jt Ft It F4
we compare it to direct bilinear image downsampling used
by C II;I Th It Tgbl 4 sh P hg Vid. Color.[59] X 38.9 43.1 38.6 36.6 374 39
y CorrFlow [37]. The result in Table 4 shows that our ComFlow[37] X 466  50.6 46.6 438 456 39
approach achieves about 2.2% higher performance. MAST (Ours) X 64.2 639 649 60.3 67.7 0.4
Dynamic memory by exploiting more frames. We com- OSMN[73] v 512 600 60.1 40.6 44.0 17.75
pare our default network with variants that have only short MSK[30] v/ 53.1 599 595 450 479 13.25
RGMP[44] 53.8 59.5 - 45.2 - 14.3
term memory or long term memory. Results are shown OnAVOS[57] v 550 601 627 466 514 124
in Table 5. While both short term memory and long term RVOS[55] 56.8  63.6 672 455 51.0 17.15
memory alone can make reasonable predictions, the com- osvosfe] v 588 598 605 542 60.7 2.7
bined model achieves the highest performance. The qualita- S2S[71] f 644 710 700 555 61.2 12.15
. .. . . PreMVOS[41] v 66.9 714 759 56.5 63.7 13.55
tive predictions (Figures 10 and 7) also confirm that the im- STM[45] v 794 797 842 728 80.9 5]

provements come from reduced tracker drift. For instance,
when severe occlusion occurs, our model is able to attend
and retrieve high-resolution information from frames that
are temporally distant.

5.2. Youtube Video Object Segmentation

We also evaluate the MAST model on the Youtube-VOS
validation split (474 videos with 91 object categories). As
no other self-supervised methods have been tested on the
benchmark, we directly compare our results with supervised
methods. As shown in Table 8, our method outperforms the
other self-supervised learning approaches by a significant
margin (64.2 vs. 46.6), and even achieves comparable per-
formance to many heavily supervised methods.

5.2.1 Generalizability

As another metric for evaluating category-agonostic track-
ing, the YouTube-VOS dataset conveniently has separate
measures for seen and unseen object categories. We
can therefore estimate testing performance on out-of-

Table 8: Video segmentation results on Youtube-VOS dataset. Higher val-
ues are better. According to the evaluation protocol of the benchmark, we
report performance separated into “seen” and “unseen” classes (“Seen”
with respect to training set). T indicates results based on our reimple-
mentation. The first- and second-best results on the unseen category are
highlighted in red and blue, respectively.

distribution samples to gauge the model’s generalizability
to more challenging, unseen, real-world scenarios. As seen
from the last two columns, we rank second amongst all al-
gorithms in unseen objects. In these unseen classes, we are
even 3.9% higher than the DAVIS 2018 and YouTube-VOS
2018 video segmentation challenge winner, PreMVOS[4 1],
a complex algorithm trained with multiple large manually
labeled datasets. For fair comparison, we train our model
only on the YouTube-VOS training set. We also re-train
two most relevant self-supervised methods in the same man-
ner as baselines. Even learning from only a subset of all
classes, our model generalizes well to unseen classes, with a
generalization gap (i.e. the performance difference between
seen and unseen objects) near zero (0.4). This gap is much
smaller than any of the baselines (avg = 11.5), suggesting



a unique advantage to most other algorithms trained with
labels.

By training on large amounts of unlabeled videos, we
learn an effective tracking representation without the need
for any human annotations. This means that the learned net-
work is not limited to a specific set of object categories (i.e.
those in the training set), but is more likely to be a “uni-
versal feature representation” for tracking. Indeed, the only
supervised algorithm that is comparable to our method in
generalizability is OSVOS (2.7 vs. 0.4). However, OSVOS
uses the first image from the testing sequence to perform
costly domain adaptation, e.g. one-shot fine-tuning. In con-
trast, our algorithm requires no fine-tuning, which further
demonstrates its zero-shot generalization capability.

Note our model also has a smaller generalization gap
compared to other self-supervised methods as well. This
further attests to the robustness of its learned features, sug-
gesting that our improved reconstruction objective is highly
effective in capturing general features.

6. Conclusion

In summary, we present a memory-augmented self-
supervised model that enables accurate and generalizable
pixel-level tracking. The algorithm is trained without any
semantic annotation, and surpasses previous self-supervised
methods on existing benchmarks by a significant margin,
narrowing the gap with supervised methods. On unseen ob-
ject categories, our model actually outperforms all but one
existing methods that are trained with heavy supervision.
As computation power grows and more high quality videos
become available, we believe that self-supervised learning
algorithms can serve as a strong competitor to their super-
vised counterparts for their flexibility and generalizability.
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Appendix A. Network architecture

In the same way as CorrFlow [37], we use a modified
ResNet-18 [18] architecture. Details of the network are il-
lustrated in Table 9.

Stage Output Configuration
0 HxW Input image
convl H/2 x W/2 7 X7, 64, stride 2

3% 3,64
conv2 H/2 x W/2 3% 3 64 X 2
3 x 3,128
conv3 H/4 x W/4 3% 3.128| % 2
3 x 3,256
conv4 H/4 x W/4 3 % 3256 X 2
3 x 3,256
conv5 H/4x W/4 3% 3.256| % 2

Table 9: Network architecture. Residual Blocks are shown in brackets (a
residually connected sequence of operations). See [|&] for details.

Appendix B. Optimal memory size

In Figure 8, we explicitly show the effectiveness of in-
creasing the number of reference frames in the memory
bank, and confirm that a 5-frame memory is optimal for our
task.

fo2]
o

fo2
o

DAVIS-2017 J & F (Mean)
o o
o o

N
o

1 2 3 4 5 6 7 8
Number of frames in memory

Figure 8: Optimal memory size: Here, we test a changing memory size
of n + m: n short term memory and m long term memory, where n and
m grow alternatively. The performance of our model initially increases as
the number of frames in memory grows, eventually plateauing at 5 frames.

Appendix C. Analysis by attributes

We provide a more detailed accuracy list broken down
by video attributes provided by the DAVIS benchmark [47]
(listed in Table 10). The attributes illustrate the difficul-
ties associated with each video sequence. Figure 9 con-
tains the accuracies categorized by attribute. Several trends
emerge: first, MAST outperforms all other self-supervised
and unsupervised models by a large margin in all attributes.
This shows that our model is robust to various challenges
in dense tracking. Second, MAST obtains significant gains
on occlusion-related video sequences (e.g. OOC, OV), sug-
gesting that memory-augmentation is a key enabler for
high-quality tracking: retrieving occluded objects from pre-

vious frames is very difficult without memory augmenta-
tion. Third, in videos involving background clutter, i.e.
background and foreground share similar colors, MAST ob-
tains a relatively small improvement over previous methods.
We conjecture this bottleneck could be caused by a shared
photometric loss; thus a different loss type (e.g. based on
texture consistency) could further improve the result.

1D Description ‘ 1D Description

AC Appearance Change 10
BC Background Clutter LR

Interacting Objects
Low Resolution

CS Camera-Shake MB Motion Blur
DB  Dynamic Background | OCC Occlusion
DEF Deformation ov Out-of-view
EA Edge Ambiguity ROT Rotation

FM Fast-Motion SC Shape Complexity

HO  Heterogeneus Object NY% Scale-Variation

Table 10: List of video attributes provided in the DAVIS benchmark. We
break down the validation accuracy according to the attribute list.

Appendix D. YouTube-VOS 2019 dataset

We also evaluate MAST and two other self-supervised
methods on YouTube-VOS 2019 validation dataset. The nu-
merical results are reported in Table 11. Augmenting on the
2018 version, the 2019 version contains more videos and
object instances. We observe similar trend as reported in
the main paper (i.e. significant improvement and lower gen-
eralization gap).

Seen Unseen

Jt Ft gt Ft

Method ~ Sup. Overall 1 Gen. Gap |

Vid. Color.[59]T X 39.0 433 382 36.6 375 3.7
CorrFlow[37] X 47.0 512 46.6 445 459 3.7
MAST (Ours) X 64.9 64.3 653 61.5 68.4 0.15

Table 11: Video segmentation results on Youtube-VOS 2019 dataset.
Higher values are better. T indicates results based on our reimplementa-
tion.

Appendix E. More qualitative results

As shown in Figure 10, we provide more qualitative re-
sults exhibiting some of difficulties in the tracking task.
These difficulties include tracking multiple similar objects
(multi-instance tracking often fails by conflating similar ob-
jects), large camera shake (objects may have motion blur),
inferring unseen object pose of objects, and so on. As
shown in the figure, MAST handles these difficulties well.
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Figure 9: Accuracy broken down by attribute: MAST outperforms previous self-supervised methods by a significant margin on all attributes, demonstrat-
ing the robustness of our model.

Input frame T Propagated frames

Figure 10: More qualitative results from our self-supervised dense tracking model on the YouTube-VOS dataset. The number on the top left refers to the
frame number in the video. Row 1: Tracking multiple similar objects with scale change. Row 2: Occlusions and out-of-scene objects (hand, bottle, and
cup). Row 3: Large camera shake. Row 4: Small object with fine details. Row 5: Inferring unseen pose of the deer; out-of-scene object (hand).
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Our Prediction Optical Flow RGB Image

Figure 1. Segmenting camouflaged animals. Motion plays a critical role in augmenting the capability of our visual system for perceptual
grouping in complex scenes — for example, in these sequences (MoCA dataset [41]), the visual appearance (RGB images) is clearly
uninformative. We propose a self-supervised approach to segment objects using only motion, i.e. optical flow. From top to bottom rows,
we show the video frames, optical flow between consecutive frames, and the segmentation produced by our approach.

Abstract

Animals have evolved highly functional visual systems to
understand motion, assisting perception even under com-
plex environments. In this paper, we work towards develop-
ing a computer vision system able to segment objects by ex-
ploiting motion cues, i.e. motion segmentation. We make the
following contributions: First, we introduce a simple vari-
ant of the Transformer to segment optical flow frames into
primary objects and the background. Second, we train the
architecture in a self-supervised manner, i.e. without using
any manual annotations. Third, we analyze several critical
components of our method and conduct thorough ablation
studies to validate their necessity. Fourth, we evaluate the
proposed architecture on public benchmarks (DAVIS2016,
SegTrackv2, and FBMS59). Despite using only optical flow
as input, our approach achieves superior or comparable re-
sults to previous state-of-the-art self-supervised methods,
while being an order of magnitude faster. We addition-
ally evaluate on a challenging camouflage dataset (MoCA),
significantly outperforming the other self-supervised ap-
proaches, and comparing favourably to the top supervised

approach, highlighting the importance of motion cues, and
the potential bias towards visual appearance in existing
video segmentation models.

1. Introduction

When looking around the world, we effortlessly perceive
a complex scene as a set of distinct objects. This phe-
nomenon is referred to as perceptual grouping — the pro-
cess of organizing the incoming visual information — and
is usually considered a fundamental cognitive ability that
enables understanding and interacting with the world effi-
ciently. How do we accomplish such a remarkable percep-
tual achievement, given that the visual input is, in a sense,
just a spatial distribution of variously colored individual
points/pixels? In 1923, Wertheimer [80] first introduced the
Gestalt principles with the goal of formulating the underly-
ing causes by which sensory data is organized into groups,
or Gestalten. The principles are much like heuristics with
“a bag of tricks” [59] that the visual system may exploit for
grouping, for example, proximity, similarity, closure, con-
tinuation, common fate, etc.



In computer vision, perceptual grouping is often closely
related to the problem of segmentation, i.e. extracting the
objects with arbitrary shape (pixel-wise labels) from clut-
tered scenes. In the recent literature of semantic or instance
segmentation, tremendous progress has been made by train-
ing deep neural networks on image or video datasets. While
it is exciting to see machines with the ability to detect, seg-
ment, and classify objects in images or video frames, train-
ing such segmentation models through supervised learning
requires massive human annotation, and consequently lim-
its their scalability. Even more importantly, the assumption
that objects can be well-identified by their appearance alone
in static frames is often an oversimplification — objects are
not always visually distinguishable from their background
environment. For instance when trying to discover cam-
ouflaged animals/objects from the background (Figure 1),
extra cues, such as motion or sound, are usually required.

Among the numerous cues, motion is usually simple
to obtain as it can be implicitly generated from unlabeled
videos. In this paper, we aim to exploit such cues for object
segmentation in a self-supervised manner, i.e. zero human
annotation is required for training. At a high level, we aim
to exploit the common fate principle, with the basic assump-
tion being that elements tend to be perceived as a group
if they move in the same direction at the same rate (have
similar optical flow). Specifically, we tackle the problem
by training a generative model that decomposes the opti-
cal flow into foreground (object) and background layers,
describing each as a homogeneous field, with discontinu-
ities occurring only between layers. We adopt a variant of
the Transformer [3], with the self-attention being replaced
by slot attention [46], where iterative grouping and binding
have been built into the architecture. With some critical ar-
chitectural changes, we show that pixels undergoing similar
motion are grouped together and assigned to the same layer.

To summarize, we make the following contributions:
first, we introduce a simple architecture for video object
segmentation by exploiting motions, using only optical flow
as input. Second, we propose a self-supervised proxy task
that is used to train the architecture without any manual
supervision. Third, we conduct thorough ablation studies
on the components that are key to the success of our ar-
chitecture, such as a consistency loss on optical flow com-
puted from various frame gaps. Fourth, we evaluate the pro-
posed architecture on public benchmarks (DAVIS2016 [55],
SegTrackv2 [42], and FBMS59 [56]), outperforming previ-
ous state-of-the-art self-supervised models, with compara-
ble performance to the supervised approaches. Moreover,
we also evaluate on a camouflage dataset (MoCA [41]),
demonstrating a significant performance improvement over
the other self- and supervised approaches, highlighting the
importance of motion cues, and the potential bias towards
visual appearance in existing video segmentation models.

2. Related Work

Video object segmentation has been a longstanding task
in computer vision, which involves segmenting the pixels
(or edges) belonging to an image into groups (e.g. objects).
In recent literature [5, 10, 12, 16, 24, 25, 31, 34, 35, 39, 40,

, 52,53, 54,57,57,71, 73, 74, 75, 77, 84, 84, 87], two
protocols have attracted increasing interest from the vision
community, namely, semi-supervised video object segmen-
tation (semi-supervised VOS), and unsupervised video
object segmentation (unsupervised VOS). The former
aims to re-localize one or multiple targets that are specified
in the first frame of a video with pixel-wise masks, and
the latter considers automatically separating the object of
interest (usually the most salient one) from the background
in a video sequence. Despite being called unsupervised
VOS, in practice, the popular methods to address such
problems extensively rely on supervised training, for exam-
ple, by using two-stream networks [16, 31, 54, 71] trained
on large-scale external datasets. As an alternative, in this
work, we consider a completely unsupervised problem,
where no manual annotation is used for training whatsoever.

Motion segmentation shares some similarity with unsu-
pervised VOS, but focuses on discovering moving objects.
In the literature, [10, 36, 52, 63, 83] consider clustering
the pixels with similar motion patterns; [16, R ]
train deep networks to map the motions to segmentation
masks. Another line of work has tackled the problem
by explicitly leveraging the independence, in the flow
field, between the moving object and its background. For
instance, [86] proposes an adversarial setting, where a
generator is trained to produce masks, altering the input
flow, such that the inpainter fails to estimate the missing
information. In [6, 7, 41], the authors propose to highlight
the independently moving object by compensating for
the background motion, either by registering consecutive
frames, or explicitly estimating camera motion. In con-
strained scenarios, such as the autonomous driving domain,
[61] proposes to jointly optimize depth, camera motion,
optical flow and motion segmentation.

Optical flow computation is one of the fundamental tasks
in computer vision. Deep learning methods allow efficient
computation of optical flow, both in supervised learning
on synthetic data [68, ], and in the self-supervised
[44, 45] setting. Flow has been useful for a wide range
of problems, occasionally even used in lieu of appearance
cues (RGB images) for tracking [62], pose estimation [19],
representation learning [50], and motion segmentation [10].

Transformer architectures have proven extremely adept
at modeling long-term relationships within an input se-
quence via attention mechanisms. Originally used for
language tasks [3, 9, 18], they have since been adapted
for solving popular computer vision problems such as



image classification [20], generation [ 14, 60], video under-
standing [4, 27, 79], object detection [13], and zero-shot
classification [58]. In this work, we take inspiration from a
specific variant of self-attention, namely slot attention [46],
which was demonstrated to be effective for learning object-
centric representations on synthetic datasets, e.g. CLEVR.

Layered representations were originally proposed by
Wang and Adelson [76] to represent a video as a com-
position of layers with simpler motions. Since then,
layered representations of images and videos have been
widely adopted in computer vision [8, 33, 38, 85, 90],
often to estimate optical flow [06, 67, &1, 82]. More
recently, deep learning-based layer decomposition methods
have been used to infer depth for novel view synthe-
sis [65, 88], separate reflections and other semi-transparent
effects [1, 2, 26, 47], or perform foreground/background
estimation [26]. These works operate on RGB inputs
and produce RGB layers, whereas we propose a layered
decomposition of optical flow inputs for unsupervised
moving object discovery.

Object-centric representations interpret scenes with “ob-
jects” as the basic building block (instead of individual pix-
els), which is considered an essential step towards human-
level generalization. There is a rich literature on this topic,
for example, in [29], the IODINE model uses iterative varia-
tional inference to infer a set of latent variables recurrently,
with each representing one object in an image. Similarly,
MONet [11] and GENESIS [21] also adopt the multiple
encode-decode steps. In contrast, [46] proposes Slot At-
tention, which enables single step encoding-decoding with
iterative attention. However, all of the works mentioned
above have only shown applications for synthetic datasets,
e.g. CLEVR [32]. In this paper, we are the first to demon-
strate its use for object segmentation of realistic videos by
exploiting motion, where the challenging nuances in visual
appearance (e.g. the complex background textures) have
been removed.

3. Method

Our goal is to take an input optical flow frame and pre-
dict a segment containing the moving object. We aim to
train this model in a self-supervised manner, specifically,
we adopt an autoencoder-like framework. Our model out-
puts two layers: one representing the background, and the
other for one or more moving objects in the foreground, as
well as their oppacity layers (weighted masks). Formally,
we have:

{fti—>t+nvai—>t+n}£\il = (I)(It—%+n) (1)

where I;_,;4, refers to the ¢ to ¢ + n input flow (back-
ward flow when n < 0), ®(-) is the parametrized model,
Ii_,; ., is the 7th layer reconstruction, o} _,, ., is its mask,

and N = 2 is the number of layers (foreground and back-
ground). These layers can then be composited linearly to
reconstruct the input image I;_,;1p:

N

7 i T4
It—>t+n = Z at—>t+'rLIt—>t+7L (2)
i=1

3.1. Flow Segmentation Architecture

For simplicity, we first consider the case of a single
flow field as input (depicted in the top part of Figure 2).
The entire model consists of three components: (1) a CNN
encoder to extract a compact feature representation, (2)
an iterative binding module with learnable queries that
plays a similar role as soft clustering, i.e. assigning each
pixel to one of motion groups, and (3) a CNN decoder that
individually decodes each query to full resolution layer
outputs (where thresholding the alpha channel yields the
predicted segment).

CNN Encoder. We first pass the precomputed optical flow
field between two frames, Iy, € R3*HoxWo to a CNN
encoder ®,., which outputs a lower-resolution feature
map:

Ft~>t+n = @enc(-[tgn%kn) € RDXHXW (3)

where Hy, Wy and H, W refer to the spatial dimensions of
the input and output feature maps respectively. Note that,
we convert the optical flow field into a three-channel image
according to the traditional method specified in the optical
flow literature [68].

Iterative Binding. The iterative binding module ®y;,g aims
to group image regions into single entities based on their
similarities in motion, i.e. pixels moving in the same direc-
tion at the same rate should be grouped together. Intuitively,
such a binding process requires a data-dependent parameter
updating mechanism, iteratively adapting and enriching the
model, gradually including more pixels undergoing similar
motions.

To accomplish this task, we adopt a simple variant of slot
attention [46], where instead of Gaussian-initialized slots,
we use learnable query vectors. Slot attention has recently
shown remarkable performance for object-centric represen-
tation learning, where the query vectors compete to explain
parts of the inputs via a softmax-based attention mecha-
nism, and the representations of these slots are iteratively
updated with a recurrent update function. In our case of mo-
tion segmentation, ideally, the final representation in each
query vector separately encodes the moving object or the
background, which can then be decoded and combined to
reconstruct the input flow fields.

Formally, our inputs to ®y,q are feature maps Fy_,¢yn
and two learnable queries (representing foreground and
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Figure 2. Pipeline. Our model takes optical flow I;_.:4, as input, and outputs a set of reconstruction and opacity layers. Specifically,
it consists of three components: feature encoding, iterative binding, and decoding to layers, which are combined to reconstruct the input
flow. To resolve motion ambiguities (small motion), or noise in optical flow, consistency between two flow fields computed under different
frame gaps is enforced during training. At inference time, only the top half of the figure is used to predict masks from a single-step flow.

background) Q € RP*2. Learnable spatial positional en-
codings are summed with F}_,;,,; with some abuse of no-
tation, we still refer to this sum as F}_,;.,,. We use three
different linear transformations to generate the query , key
and value: ¢ € RP*2, kv e RP*HW

q, ky v = WQ . Qv WK . Ft~>t+na WV : Ft~>t+n (4)

where W& WK WV e RP*D,

In contrast to the standard Transformer [3], the coeffi-
cients in slot attention are normalized over all slots. This
choice of normalization introduces competition between the
slots to explain parts of the input, and ensures each pixel is
assigned to a query vector:

eMi,j

2[ GJV[U

1
M := —Dsz -q, attn e RV

75

To aggregate the input values to their assigned query slot, a
weighted mean is used as follows:

U:i=v-A eRP*? ©)
attn;
where, A; ;= 21—
’ > attng

To maintain a smooth update of the query slots @, the
aggregated vectors U are fed into a recurrent function,
parametrized with Gated Recurrent Units (GRU),

attn; 5 =

&)

@ := GRU(inputs = U, states = ()) @)

This whole binding process is then iterated 7" times. The
pseudocode can be found in the Supplementary Material.

CNN Decoder. The CNN decoder ®g4.. individually
decodes each of the slots to outputs of original resolu-
tion ({I} ,y s @i pin} € REHoOXWo) which includes
an (unnormalized) single-channel alpha mask and the
reconstructed flow fields. Specifically, the input to the
decoder is the slot vector broadcasted onto a 2D grid
augmented with a learnable spatial positional encoding.

Reconstruction. Once each slot has been decoded, we ap-
ply softmax to the alpha masks across the slot dimension,
and use them as mixture weights to obtain the reconstruc-
tion ft_>t+n (Eq. 2). Our reconstruction loss is an L2 loss
between the input and reconstructed flow,

1 ~
£racon = 6 Z |It—>t+7b(p) - It—>t+n(p)‘2 (8)
peQ

where p is the pixel index, and (2 is the entire spatial grid.

Entropy Regularization. We impose a pixel-wise entropy
regularisation on inferred masks:

1
£entr == Z (_atlatJrn(p) log aiatJrn (p) (9)
Q peEQ)

_al(f)—nf-‘rn (p) 10g ar(‘,)—>t+n (p))
This loss is zero when the alpha channels are one-hot, and

maximum when they are of equal probability. Intuitively,
this helps encourage the masks to be binary, which aligns



with our goal in obtaining segmentation masks.

Instance Normalisation. In the case of motion segmen-
tation, objects can only be detected if they undergo an
independent motion from the camera; thus previous work
attempts to compensate for camera motion [6, 41]. We are
inspired by these ideas, but instead of explicitly estimating
homography or camera motion, we take a poor-man’s
approach by simply using Instance Normalisation (IN) [72]
in the CNN encoder and decoder, which normalizes each
channel in each training sample independently. Intuitively,
the mean activation tends to be dominated by the motions
in the large homogeneous region, which is usually the
background. This normalization, in combination with
ReLU activations, helps gradually separate the background
motion from the foreground motions.

3.2. Self-supervised Temporal Consistency Loss

The segmentation computed for the current frame should
be identical irrespective of whether the ‘second’ frame is
consecutive, or earlier or later in time. We harness this
constraint to form a self-supervised temporal consistency
loss by first defining a set of ‘second’ frames, and then
requiring consistency between their pairwise predictions.
We describe the set first, followed by the loss.

Multi-step flow. As objects may be static for some
frames, we make our predictions more robust by leveraging
observations from multiple timesteps. We consider the flow
fields computed from various temporal gaps as an input
set, i.e. {Limstnys Listing > N1,n2 € {—2,—1,1,2}, and
use a permutation invariant consistency loss to encourage
the model to predict the same foreground/background
segmentation for all flow fields in the set.

Consistency loss. We randomly sample two flow fields
from the input set and pass them through the model (®(+)),
outputting the flow reconstruction and alpha masks for each.
As the reconstruction loss is commutative, it is not guaran-
teed that the same slot will always output the background
layer; therefore, we use a permutation-invariant consistency
loss, i.e. only backpropagating through the lowest-error per-
mutation:

1 .
Leons = ﬁmln(z ‘aiﬂwnl(p) - a%—»tJrnz (p)\2,
pe)

Z |at1—>t+n1 (p) - at0—>t+n2 (p)|2)
peQ)

Note that, this consistency enforcement only occurs
during training. At inference time, a single-step flow is
used, as shown in the top half of Figure 2.

Total Loss. The total loss for training the architecture is:

£t0tal = ’Yr‘crecon + ’Ycﬁcons + ’Ye»cenw (10)

we use v, = 102, 7. = 1072 and v, = 10~2. However, we
found the model is fairly robust to these hyper-parameters.

3.3. Discussion

Differences from slot attention. Slot attention was origi-
nally introduced for self-supervised object segmentation for
RGB images [46], and its usefulness was demonstrated on
synthetic data (CLEVR [32]), where objects are primitive
shapes with simple textures. However, this assumption is
unlikely to hold in the case of natural images or videos,
making it challenging to generalize such object-centric rep-
resentations.

In this work, we build on the insight that although objects
in images may not be naturally textureless, their motions
typically are. Hence, we develop the self-supervised object
segmentation model by exploiting their optical flows,
where the nuance in visual appearance is discarded, thus
not restricted to simple synthetic cases. As an initial trial,
we experimented with the same setting as [46], where
query vectors are sampled from a Gaussian distribution;
however, we were unable to train it. Instead, we use a
learnable embedding here, which we highlight as one of
the architectural changes critical to our model’s success.
Other critical changes include instance normalization and
temporal consistency, which we demonstrate in ablations in
Section 5.1.

Why does it work for motion segmentation? The pro-
posed idea can be seen as training a generative model to
segment the flow fields. With the layered formulation, re-
construction is limited to be a simple /inear composition of
layer-wise flow, decoded from a single slot vector.

Conceptually, this design has effectively introduced a
representational bottleneck, encouraging each slot vector
to represent minimal information, i.e. homogeneous mo-
tion, and with minimal redundancy (mutual information)
between slots. All these properties make such an architec-
ture well-suited to the task of segmenting objects undergo-
ing independent motions.

4. Experimental Setup

In this section, we describe the datasets and evaluation
metrics, followed by implementation details.

4.1. Datasets

We benchmark on four different datasets that are com-
monly used for unsupervised video object segmentation.

DAVIS2016 [55] contains a total of 50 sequences (30 for
training and 20 for validation), depicting diverse moving
objects such as animals, people, and cars. The dataset
contains 3455 1080p frames with pixel-wise annotations at
480p for the predominantly moving object.



SegTrackv2 [42] contains 14 sequences and 976 annotated
frames. Each sequence contains 1-6 moving objects, and
presents challenges including motion blur, appearance
change, complex deformation, occlusion, slow motion, and
interacting objects.

FBMS359 [56] consists of 59 sequences and 720 annotated
frames (every 20th frame is annotated), which vary greatly
in image resolution. Sequences involve multiple mov-
ing objects, some of which may be static for periods of time.

Moving Camouflaged Animals (MoCA) [41] contains 141
HD video sequences, depicting 67 kinds of camouflaged an-
imals moving in natural scenes. Both temporal and spa-
tial annotations are provided in the form of tight bounding
boxes for every 5th frame. Using the provided motion la-
bels (locomotion, deformation, static), we filter out videos
with predominantly no locomotion, resulting in 88 video
sequences and 4803 frames (this subset will be released).

4.2. Evaluation Metrics

We use two different evaluation metrics, depending
on whether pixel-wise annotations or bounding boxes are
provided.

Segmentation (Jaccard). For DAVIS2016, SegTrackv2
and FBMS59, pixelwise segmentation is provided; thus
we report the standard metric, region similarity (J),
computing the mean over the test set. For FBMS59 and
SegTrackv2, we follow the common practice [30, 86] and
combine multiple objects as one single foreground.

Localization (Jaccard & Success Rate). As the MoCA
dataset provides only bounding box annotations, we eval-
uate for the detection task and report results in the form
of detection success rate [22, 43], for varying IoU thresh-
olds (7 € {0.5,0.6,0.7,0.8,0.9}).

4.3. Implementation Details

We evaluate three different approaches for comput-
ing optical flow, namely, PWC-Net [68], RAFT [69] and
ARFlow [44]; the first two are supervised, while the lat-
ter is self-supervised. We extract the optical flow at the
original resolution of the image pairs, with the frame gaps
n € {—2,—1,1,2} for all datasets, except for FBMS59,
where we use n € {—6,—3, 3,6} to compensate for small
motion. To generate inputs to the network for training, the
flows are resized to 128 x 224 (and scaled accordingly), con-
verted to 3-channel images with the standard visualization
used for optical flow, and normalized to [—1, 1].

In the iterative binding module (®pina(-)), we use two
learnable query vectors (as we consider the case of seg-
menting a single moving object from the background), and
choose T' = 5 iterations (as explained in Section 3.1). We
adopt a simple VGG-style network for the CNN encoder
and decoder, with 3 blocks each; in each block, we use 2

sets of convolutions, instance normalization and ReLLU ac-
tivation. We train with a batch size of 64 images and use
the Adam optimizer [37] with an initial learning rate of
5 x 1074, decreasing every 80k iterations. The exact ar-
chitecture description and training schedule can be found in
the Supplementary Material, and the submitted source code.

5. Results

In this section, we compare primarily with a top-
performing approach trained without manual annotations —
Contextual Information Separation (CIS [86]). However,
as the architecture, input resolution, modality and post-
processing are all different, we try our best to conduct the
comparison as fairly as possible. Note that benchmarks are
evaluated at full resolution by simply upsampling the pre-
dicted masks.

In order to guarantee a fair comparison of the model, we
disregard the gains from post-processing, which typically
include averaging an ensemble of multiple crops and flow
steps, temporal smoothing, and CRFs, at the expense of
runtime. Here, we consider only raw framewise predictions
with single-step flow at over 80fps, which is more likely to
be the application of motion segmentation in practice.

5.1. Ablation Studies

We conduct all ablation studies on DAVIS2016, and
vary one variable each time, as shown in Table 1.

Choice of Optical Flow Algorithm. With the same flow
extraction method (PWC-Net), our proposed model (Ours-
A) outperforms CIS by about 4.5 points on mean
Jaccard (J), and using improved optical flow (RAFT)
provides further performance gains. We therefore use
RAFT from hereon.

Instance Normalization and Grouping. We observe two
phenomena: first, when holding constant the number of
grouping iterations 7' (3 or 5), models trained with instance
normalization perform consistently better; second, iterative
grouping with T = 5 is better than that trained with T" = 3.
However, at T' = 8, the model did not converge in the same
number of training steps, and thus we do not include it in
the table. For the remainder of the experiments, we use
instance normalization and T' = 5 to balance performance
and training time.

Consistency and Entropy Regularization. While com-
paring Ours-B and Ours-I, we observe that the perfor-
mance degrades significantly without the temporal consis-
tency loss, and that the entropy regularization is also impor-
tant, as shown by Ours-B and Ours-H.

5.2. Comparison with State-of-the-art

We show comparison results for different datasets in Ta-
ble 2. On DAVIS2016, we improve upon the state-of-the-art
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Table 1. Ablation studies on flow extraction methods, instance nor-
malization (IN), grouping iterations (7"), entropy regularization (L.)
and set consistency (Lc).

Figure 3. Comparison on DAVIS2016. Note that, supervised
approaches may use models pretrained on ImageNet [ 17], but here
we only count number of images with pixel-wise annotations.

Model Sup. RGB Flow Res. ‘ DAVIS16 (J 1) STv2 (J 1) FBMS59(J 1) Runtime (sec |)
SAGE [78] X v v - 42.6 57.6 61.2 0.9s
NLC [23] X v v - 55.1 67.2 51.5 11s
CUT [30] X v v - 55.2 54.3 57.2 103s
FTS [54] X v v - 55.8 47.8 47.7 0.5s

CIS [86] X v v 192 x 384 59.2 (71.5) 45.6 (62.0) 36.8 (63.5) 0.1s (11s)

Ours X X v 128 x 224 68.3 58.6 53.1 0.012s
SFL [15] v v v 854 x 480 67.4 - - 7.9s
FSEG [30] v v v 854 x 480 70.7 61.4 68.4 -
LVO [71] v v v - 75.9 57.3 65.1 -
ARP [64] v v v - 76.2 57.2 59.8 74.5s

COSNet [48] v v X 473 x 473 80.5 - 75.6 -
MATNet [89] v v v 473 x 473 82.4 - - 0.55s
3DC-Seg [49] v v v 854 x 480 84.3 - - 0.84s

Table 2. Full comparison on moving object segmentation (unsupervised video segmentation). We consider three popular datasets,
DAVIS2016, SegTrack-v2 (STv2), and FBMS59. Models above the horizontal dividing line are trained without using any manual anno-
tation, while models below are pre-trained on image or video segmentation datasets, e.g. DAVIS, YouTube-VOS, thus requiring ground
truth annotations at training time. Numbers in parentheses denote the additional usage of significant post-processing, e.g. multi-step flow,
multi-crop, temporal smoothing, CRFs.

for unsupervised methods (CIS) by a large margin (+9.1%).
As shown in Figure 5, although we do not use any pixel-
level annotations during training, our method is nearing the
performance of supervised models trained on thousands of
images. In addition, we argue that, motion segmentation in
realistic scenarios, e.g. by predator or prey, is likely to re-
quire fast processing. Our model operates on small resolu-
tion (potentially sacrificing some accuracy) with over 80fps.

For SegTrackv2 and FBMSS59, they occasionally include
multiple objects in a single video, and only a subset of them
are moving, making it challenging to spot all objects using
flow-only input, but we achieve competitive performance
nonetheless. We discuss this limitation below.

5.3. Camouflage Breaking

In addition to evaluating on moving object segmentation,
we also benchmark the model on camouflaged object detec-
tion on the MoCA dataset, where visual cues are often less
effective than motion cues. To compare fairly with CIS [86],
we use the code and model released by the authors, and fine-
tune their model on MoCA in a self-supervised manner. We
convert our model’s output segmentation mask to a bound-
ing box by keeping only the largest connected region in the
prediction before taking the bounding box around it.

We report quantitative results in Table 3 and show qual-
itative results in Figure 4. Our model significantly outper-
forms CIS (14% when allowing no post-processing), pre-
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Figure 4. Qualitative results. On DAVIS2016 (left), our method is able to segment a variety of challenging objects such as people, animals,
and vehicles, often on-par with top supervised approaches. On MoCA (right), our model is able to accurately segment well-camouflaged
objects even when previous supervised methods fail completely (3rd, 4th columns). We show a failure case (left) where the splash created
by the person is incorrectly included in our predicted segment, and another failure case (right) where the animal is only partially moving

and thus partially segmented.

Success Rate

Model Sup. RGB Flow | J1 | 7=05 7=06 7=07 7=08 7=09 SRmncan
COD [41] v X v | 449 | 0414 0330 0235  0.140  0.059 0.236
COD (two-stream) [41] v/ v v | 553] 0602 0523 0413 0267  0.088 0.379
COSNet [45] v v X | 507 | 058 0534 0457 0337  0.167 0.417
MATNet [9] v v v | 642 0712 0670 0599 0492 0246  0.544
CIS X v v | 494 0556 0463 0329 0176 0030 0311
CIS (post-processing) X v v | 541 | 0631 0542 0399 0210  0.033 0.363
Ours X X v | 634 | 0742 0654 0524 0351 0147  0.484

Table 3. Comparison results on MoCA dataset. We report the successful localization rate for various thresholds 7 (see Section 4.2). Both
CIS and Ours were pre-trained on DAVIS and finetuned on MoCA in a self-supervised manner. Note that, our method achieves comparable
Jaccard (J) to MATNet (2nd best model on DAVIS), without using RGB inputs and without any manual annotation for training.

vious supervised approaches e.g. COD [41] (18.5% on Jac-
card), and even COSNet [48] (among the top supervised ap-
proaches on DAVIS). We conjecture that COSNet’s weaker
performance is due to its sole reliance on visual appearance
(which is distracting for the MoCA data) rather than using
motion inputs. This is particularly interesting, as it clearly
indicates that no single information cue is able to do the task
perfectly, echoing the two-stream hypothesis [28] that both
appearance and motion are essential to visual systems.

5.4. Limitations

Despite showing remarkable improvements on motion
segmentation in accuracy and runtime, we note the follow-
ing limitations of the proposed approach (shown in Fig-
ure 4) and treat them as future work: first, the existing
benchmarks are mostly limited to motion segmentation into
foreground and background, thus, we choose to use two

slots in this paper; however, in real scenarios, videos may
contain multiple independently moving objects, which the
current model will assign to a single layer. It may be de-
sirable to further separate these objects into different layers.
Second, we have only explored motion-only (optical flow)
as input, which significantly limits the model in segment-
ing objects when flow is uninformative or incomplete (as
in Fig. 4, right); however, the self-supervised video object
segmentation objective is applicable also to a two-stream
approach, and so RGB could be incorporated. Third, the
current method may fail when optical flow is noisy or low-
quality (Fig. 4, left); jointly optimizing flow and segmenta-
tion is a possible way forward in this case.

6. Conclusion

In this paper, we present a self-supervised model for
motion segmentation. The algorithm takes only flow as



input, and is trained without any manual annotation, sur-
passing previous self-supervised methods on public bench-
marks such as DAVIS2016, narrowing the gap with su-
pervised methods. On the more challenging camouflage
dataset (MoCA), our model actually compares favourably
to the top approaches in video object segmentation that
are trained with heavy supervision. As computation power
grows and more high quality videos become available, we
believe that self-supervised learning algorithms can serve as
a strong competitor to the supervised counterparts for their
scalability and generalizability.
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A. Training Details

In this section, we outline the training settings and archi-
tecture details used in our paper. Codes and models will be
released.

A.1. Encoder & Decoder

The backbone of network architecture for the model are
shown in Table 4, we refer the readers to the pseudocode for
iterative binding module.

stage operation output sizes
input - 3 x 128 x 224
convl [5x5,64] x 2 64 x 128 x 224
g mpl maxpool, stride = 2 64 x 64 x 112
S | conv2 [5x5,128] x 2 128 x 64 x 112
& | mp2 maxpool, stride = 2 128 x 32 x 56
conv3 [5 x 5,256] x 2 256 x 32 x 56
convll | 5x 5,64,stride =2 | 64 x 2 x 32 x 56
g conv’2 | 5x5,64,stride =2 | 64 x 2 x 64 x 112
S | convT3 | 5x5,64,stride =2 | 64 x 2 x 128 x 224
o 5 x 5,64,
outconv 4 x 2 x 128 x 224
5x 5,4

Table 4. Network architecture. All convolutions have padding 2 to
preserve spatial resolution, and are followed by instance normal-
ization and ReL.U activation, except the final layer. The details of
the iterative binding module is in Figure 5.

A.2. Iterative Binding Module

The pseudocode for the iterative binding module is
shown in Figure 5. The full code is available in the sub-
mitted source code, and will be made publicly available.

Algorithm: Pseudo Code for Iterative Binding / Grouping

slots = Embedding(D, 2)

K = project_K( )

<
L}

project_V( )

for _ in range(T):

slots = LayerNorm(slots)

Q = project_Q(slots)

scores = dot(K, Q.t())

attn = softmax(scores / sqrt(D), axis=-1)
updates = weighted mean(attn.t(), V)
slots = GRU(slots, updates)

slots = slots + MLP(LayerNorm(slots))

Figure 5. Pseudocode for iterative binding. The linear projections
for key (K) and value (V) have 256 dimensions. The MLP has two
layers, both with 256 dimensions, with ReLU in between.

A.3. Hyperparameters

For all datasets, we train with batch size of 64, although
note that this corresponds to 32 pairs of optical flow in or-
der to train with consistency loss. Our initial learning rate
is Se-4, with first 200 steps being warmup, and decays by
half every 8e4 iterations. During this decay, the scale for
entropy and consistency loss is also increased by a factor of
5, gradually encouraging the predicted alpha channel to be
binary. We train the algorithm for about 300k iterations.

B. MoCA dataset curation

The MoCA dataset contains 141 high-definition video
sequences, with an average duration of 11 seconds. These
sequences were collected from YouTube with resolution
720 x 1280, and sampled at 24 fps, resulting in 37K frames
depicting 67 kinds of camouflaged animals moving in nat-
ural scenes. Both temporal and spatial annotations are pro-
vided in the form of tight bounding boxes on every 5th
frame. We use a modified version of this dataset in order
to make it more suitable for segmentation tasks. We outline
the process and rationale below.

* We crop away the channel logos and empty border
spaces, and resize the low-resolution images to the
same resolution as the other images in the dataset (at
720 x 1280). We then adjust the ground-truth annota-
tions accordingly.

* The original authors resampled all videos to 24 fps
even when some original videos have less, causing
some consecutive frames to be identical. To allevi-
ate this, we sample every 3 frames from the original
dataset, up to 100 frames per video.

 For annotations, we use linear interpolation to gener-
ate the missing frames’ bounding boxes, resulting in a
dense frame-wise annotation.

* The authors also provided the motion labels for each
annotated frame (locomotion, deformation, static), so
we filter away videos with predominantly no locomo-
tion.

* We also further discard videos that contain large
amount of frames where the motion does not belong
to the primary object.

This eventually results in 88 video sequences and 4803
frames, which we will release for fair comparison.



C. Results breakdown Sequence | J(M)
camelO1 0.281

The main evaluati‘on rpetric qsed in tbis paper is Fhe Jac- carsl 0.846
card score (J), which is the intersection-over-union be- cars10 0.322
tween the predicted and ground-truth masks. In line with carsd 0.826
previous works, we show the per-category results break- cars5 0.842
down for our model on DAVIS2016, SegTrackv2, FBMS59, catsO1 0.672
and MoCA in Tables 5-8. NoFe t'hat, since we focus on both cats03 0.640
speed and accuracy, the predlct10n§ are orllly. of 128 x 2.24 cats06 0.362
Plxels, and we directly upsample this prediction to the orig- dogs01 0.629
inal resolution and compare with the groundtruth. dogs02 0.636

Sequence JM  JR®R) JD) | FM)  FR) F(D) farmO1 | 0.816
bear 0766 1000 45 | 0640 0914 -1.9 giraffesO1 | 0.322
blackswan 0.795 1.000 5.9 0.658  0.980 7.3 goatsOl 0.375
bmx-bumps 0.373  0.114 8.3 0.260  0.011 10.8 horses02 0.628
bmx-trees 0.744 1.000 14.5 0.666  0.909 13.9 h 04 0.566
boat 0602 0787 445 | 0724 0936 224 orses :
breakdance 0792 0990 -24 | 0.814 1.000 10.8 horsesO5 | 0.334
breakdance-flare | 0.826  1.000 10.2 0.771 1.000 16.7 lionO1 0.399
bus 0.391 0.000 -4.4 0.248  0.000 -5.0 marplelz 0.680
camel 0.540  0.679 9.3 0.667 0.923 -9.8 le2 0.750
car-roundabout | 0479 0500 12 | 0404 0146 -10.6 marpie .
car-shadow 0.879 1.000 -02 | 0.818 1.000 -33 marple4 0.799
car-turn 0492 0537 34 | 0560 0.683 6.8 marple6 | 0.450
cows 0.690 0.898 -5.0 0.653  0.852 4.4
dance-jump 0.815 1.000 -4.8 0.683 1.000 59 marple7 0.567
dance-twirl | 0739 0960 7.4 | 0803 0900 285 marple9 | 0.537
dog 0701 0789 29 | 0477 0526 9.3 people03 | 0.598
diftenene | 0777 100 73 | 0611 oeds 263 people] | 0761
rift-chicane 177 . 7. 611 . .
drifestraight | 0.864 1000 -52 | 0.685 1000 -6.8 people2 | 0.842
drift-turn 0593 0654 277 | 0220 0000 204 rabbits02 | 0.415
Average 0.683 0.795 6.2 0.611 0.721 7.5 rabbits03 0.319

rabbits04 | 0.400
tennis 0.561
seq avg 0.573
frames avg | 0.531

Table 5. Full results on DAVIS2016. J refers to the Jaccard score,
while the F-measure refers to the contour accuracy. M, R, and D
refers to mean, recall and decay respectively.

Sequence TM) Table 7. Sequence-wise results on FBMS59.

bird of paradise | 0.791

birdfall 0.300 D. Qualitative results
bmx 0.609

cheetah 0.370 We show more qualitative results in Figures 6 and 7. We
drift 0.797 also submit video sequences of the results as part of the
frog 0.733 Supplementary Material.
girl 0.746

hummingbird | 0.506
monkey 0.751

monkeydog 0.133
parachute 0.914

penguin 0.697
soldier 0.741
worm 0.326
seq avg 0.601

frames avg 0.586

Table 6. Sequence-wise results on SegTrackv2.



sequence J 70.5 70.6 70.7 70.8 70.9 avg

arabian_horn_viper 0.709 | 0.990 0.909 0.586 0.091 0.000 0.515
arctic_fox 0.381 | 0.404 0.383 0.298 0.191 0.000 0.255
arctic_fox_1 0.879 | 0.913 0913 0913 0913 0.652 0.861
arctic_wolf_0 0.705 | 0.929 0.859 0.596 0.202 0.051 0.527
arctic_wolf_1 0.712 | 0.795 0.795 0.795 0.744 0.256 0.677
bear 0.508 | 0.611 0.453 0.221 0.074 0.000 0.272
black_cat_0 0.499 | 0.556 0476 0302 0.048 0.000 0.276
black_cat_1 0.086 | 0.030 0.020 0.010 0.000 0.000 0.012
crab 0.594 | 0.800 0.400 0.200 0.000 0.000 0.280
crab_1 0.288 | 0.309 0.200 0.073 0.000 0.000 0.116
cuttlefish_0 0.222 | 0.194 0.032 0.000 0.000 0.000 0.045
cuttlefish_1 0.034 | 0.043 0.000 0.000 0.000 0.000 0.009
cuttlefish_4 0.655 | 1.000 0.846 0.231 0.000 0.000 0.415
cuttlefish_5 0.724 | 0.870 0.870 0.783 0.304 0.043 0.574
dead_leaf butterfly_1 | 0.784 | 0.913 0.783 0.739 0.696 0.304 0.687
desert_fox 0470 | 0.362 0.234 0.191 0.149 0.106 0.209
devil_scorpionfish 0.938 | 1.000 1.000 1.000 00913 0.826 0.948
devil_scorpionfish_1 0.913 | 1.000 1.000 1.000 1.000 0.565 0.913
devil_scorpionfish.2 | 0.857 | 0.968 0.903 0.871 0.806 0.548 0.819
egyptian_nightjar 0.765 | 0.905 0.842 0.789 0.611 0.158 0.661
elephant 0.728 | 0.783 0.652 0.609 0.565 0.348 0.591
flatfish_0 0.575 | 0.677 0.657 0.636 0485 0.141 0.519
flatfish_1 0.682 | 0.848 0.835 0.722 0.354 0.051 0.562
flatfish_2 0.765 | 0.839 0.774 0.774 0.742 0.645 0.755
flatfish_4 0.697 | 0.958 0.895 0.568 0.126 0.000 0.509
flounder 0.896 | 1.000 1.000 0986 0.986 0.437 0.882
flounder_3 0.505 | 0429 0.286 0.143 0.143 0.000 0.200
flounder_4 0.767 | 0.949 0.897 0.769 0.487 0.128 0.646
flounder_5 0.681 | 0.797 0.747 0.696 0.468 0.165 0.575
flounder_6 0.683 | 0.768 0.677 0.616 0465 0.263 0.558
flounder_7 0.719 | 0.930 0.845 0.662 0.254 0.028 0.544
flounder_8 0.707 | 0.925 0.774 0.645 0.409 0.000 0.551
flounder_9 0.636 | 0.821 0.718 0.436 0.231 0.026 0.446
fossa 0.280 | 0.143 0.000 0.000 0.000 0.000 0.029
goat_0 0.589 | 0.707 0.636 0.414 0.212 0.020 0.398
goat_1 0.744 | 0.930 0930 0.704 0.380 0.085 0.606
groundhog 0.525 | 0.646 0.525 0.374 0.162 0.010 0.343
hedgehog_0 0.329 | 0.298 0.170 0.085 0.021 0.021 0.119
hedgehog_1 0.471 | 0.533 0400 0.333 0.067 0.067 0.280
hedgehog_2 0.771 | 0.800 0.733 0.733 0.600 0.267 0.627
hedgehog_3 0.486 | 0.564 0.359 0.282 0.128 0.026 0.272
hermit_crab 0.674 | 0.806 0.806 0.677 0.419 0.065 0.555
ibex 0.390 | 0.513 0.359 0.128 0.000 0.000 0.200
jerboa 0.555 | 0.739 0.435 0.348 0.130 0.000 0.330




sequence J Tos  To6  Tor  Tos  Tog  avg

jerboa_1 0.450 | 0.452 0.323 0.226 0.097 0.000 0.219
lichen_katydid 0.502 | 0.455 0.323 0.162 0.020 0.010 0.194
lion_cub_0 0.728 | 0.972 0.873 0.549 0.282 0.127 0.561
lion_cub_1 0.571 | 0.687 0.556 0.354 0.141 0.010 0.349
lion_cub_3 0.179 | 0.182 0.141 0.081 0.051 0.000 0.091
lioness 0.423 | 0.419 0.129 0.000 0.000 0.000 0.110
marine_iguana 0.376 | 0.217 0.130 0.000 0.000 0.000 0.070
markhor 0.808 | 0.909 0.855 0.800 0.709 0.364 0.727
meerkat 0.778 | 0.871 0.774 0.742 0.710 0.323 0.684
mountain_goat 0.742 | 1.000 0.968 0.710 0.226 0.065 0.594
nile_monitor_1 0.524 | 0.616 0.434 0.283 0.121 0.000 0.291
octopus 0.637 | 0.838 0.687 0.273 0.131 0.020 0.390
octopus_1 0.411 | 0.242 0.091 0.061 0.061 0.010 0.093
peacock_flounder_0 0.884 | 0931 0931 0.931 0931 0.701 0.885
peacock_flounder_1 0.812 | 0.970 0929 0.859 0.667 0.222 0.729
peacock_flounder_2 0.873 | 1.000 1.000 0.989 0.926 0.368 0.857
polar_bear_0 0.622 | 0.845 0.676 0.352 0.141 0.000 0.403
polar_bear_1 0.487 | 0.603 0.556 0476 0.175 0.016 0.365
polar_bear_2 0.792 | 0.949 0.846 0.744 0.641 0.308 0.697
pygmy_seahorse_2 0478 | 0.582 0.364 0.255 0.036 0.000 0.247
pygmy_seahorse_4 0.654 | 0935 0.839 0.516 0.000 0.000 0.458
rodent_x 0.738 | 0.870 0.826 0.696 0.435 0.174 0.600
scorpionfish_0 0.622 | 0.761 0.648 0.521 0.408 0.127 0.493
scorpionfish_1 0.616 | 0.681 0.574 0.426 0319 0.128 0.426
scorpionfish_2 0.842 | 0.962 0.949 0924 0.823 0.380 0.808
scorpionfish_3 0.804 | 0975 0.861 0.785 0.595 0.354 0.714
scorpionfish_4 0.800 | 1.000 0.949 0.821 0.513 0.231 0.703
scorpionfish_5 0.899 | 1.000 1.000 1.000 0.957 0.478 0.887
seal_1 0.865 | 1.000 0913 0.870 0.870 0.652 0.861
seal 2 0.676 | 0.800 0.655 0.455 0.291 0.145 0.469
seal 3 0.445 | 0.400 0.200 0.067 0.000 0.000 0.133
shrimp 0.772 | 0933 0.867 0.733 0.667 0.133 0.667
snow_leopard_0 0.760 | 1.000 0.949 0.692 0.359 0.077 0.615
snow_leopard_1 0.772 | 0.826 0.696 0.652 0.652 0.522 0.670
snow_leopard_2 0.883 | 1.000 0.989 0.968 0.863 0.526 0.869
snow_leopard_3 0.608 | 0.778 0.556 0.417 0.333 0.083 0.433
snow_leopard_6 0.816 | 0.830 0.787 0.787 0.723 0.660 0.757
snow_leopard_7 0.679 | 0.871 0.806 0.581 0.258 0.000 0.503
snow_leopard_8 0.556 | 0.702 0.596 0.447 0.191 0.000 0.387
snowy_owl_0 0.564 | 0.532 0.340 0.298 0.128 0.000 0.260
spider_tailed _horned_viper 0 | 0.473 | 0.400 0.333 0.267 0.067 0.067 0.227
spider_tailed_horned_viper_1 | 0.558 | 0.620 0.423 0.310 0.254 0.056 0.332
spider_tailed_horned_viper 2 | 0.848 | 0.964 0.945 0909 0.782 0.564 0.833
spider_tailed_horned_viper_3 | 0.860 | 1.000 1.000 1.000 0.677 0.387 0.813
seq avg 0.634 | 0.734 0.640 0.522 0361 0.166 0.485
frames avg 0.634 | 0.742 0.654 0.524 0351 0.147 0.484

Table 8. Results breakdown for MoCA.
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Figure 6. Qualitative results on DAVIS2016 and MoCA, respectively.
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Figure 7. Qualitative results on SegTrackv2 and FBMSS59, respectively.
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Class-Agnostic Counting

Here we take a brief detour from the topic of video understanding and instead
consider the problem of counting objects of any class, even those unseen. This work

was presented at the Asian Conference on Computer Vision (ACCV), 2018.
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Abstract. Nearly all existing counting methods are designed for a spe-
cific object class. Our work, however, aims to create a counting model
able to count any class of object. To achieve this goal, we formulate
counting as a matching problem, enabling us to exploit the image self-
similarity property that naturally exists in object counting problems.
We make the following three contributions: first, a Generic Matching
Network (GMN) architecture that can potentially count any object in
a class-agnostic manner; second, by reformulating the counting problem
as one of matching objects, we can take advantage of the abundance
of video data labeled for tracking, which contains natural repetitions
suitable for training a counting model. Such data enables us to train the
GMN. Third, to customize the GMN to different user requirements, an
adapter module is used to specialize the model with minimal effort, i.e.
using a few labeled examples, and adapting only a small fraction of the
trained parameters. This is a form of few-shot learning, which is practical
for domains where labels are limited due to requiring expert knowledge
(e.g. microbiology).

We demonstrate the flexibility of our method on a diverse set of ex-
isting counting benchmarks: specifically cells, cars, and human crowds.
The model achieves competitive performance on cell and crowd counting
datasets, and surpasses the state-of-the-art on the car dataset using only
three training images. When training on the entire dataset, the proposed
method outperforms all previous methods by a large margin.

1 Introduction

The objective of this paper is to count objects of interest in an image. In the liter-
ature, object counting methods are generally cast into two categories: detection-
based counting [5,10,16] or regression-based counting [2,4,8,19,21,24,34]. The
former relies on a visual object detector that can localize object instances in
an image; this method, however, requires training individual detectors for dif-
ferent objects, and the detection problem remains challenging if only a small
number of annotations are given. The latter avoids solving the hard detection
problem — instead, methods are designed to learn either a mapping from global
image features to a scalar (number of objects), or a mapping from dense image
features to a density map, achieving better results on counting overlapping in-
stances. However, previous methods for both categories of method (detection,
regression) have only developed algorithms that can count a particular class of
objects (e.g. cars, cells, penguins, people).
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Fig. 1: The model (trained on tracking data) can count an object, e.g. windows
or columns, specified as an exemplar patch (in red), without additional training.
The heat maps indicate the localizations of the repeated objects. This image is
unseen during training.

The objective of this paper is a class-agnostic counting network — one that
is able to flexibly count object instances in an image by, for example, simply
specifying an exemplar patch of interest as illustrated in Figure 1. To achieve
this, we build on a property of images that has been largely ignored explicitly
in previous counting approaches — that of image self-similarity. At a simplistic
level, an image is deemed self-similar if patches repeat to some approximation —
for example if patches can be represented by other patches in the same image.
Self-similarity has underpinned applications for many vision tasks, ranging from
texture synthesis [11], to image denoising [7], to super-resolution [13].

Giving the observation of self-similarity, image counting can be recast as an
image matching problem — counting instances is performed by matching (self-
similar patches) within the same image. To this end we develop a Generic Match-
ing Network (GMN) that learns a discriminative classifier to match instances
of the exemplar. Furthermore, since matching variations of an object instance
within an image is similar to matching variations of an object instance between
images, we can take advantage of the abundance of video data labeled for track-
ing which contains natural repetitions, to train the GMN. This observation, that
matching within an image can be thought of as tracking within an image, was
previously made by Leung and Malik [22] for the case of repeated elements in
an image.

Beyond generic counting, there is often a need to specialize matching to
more restrictive or general requirements. For example, to count only red cars
(rather than all cars) or to count cars at all orientations (which goes beyond
simple similarity measures such as squared sum of differences), extending the
intra-class variation for the object category of interest [14,18]. To this end, we
include an adaptor module that enables fast domain adaptation [28] and few-shot
learning [32,33], through the training of a small number of tunable parameters,
using very few annotated data.



Class-Agnostic Counting 3

In the following sections, we begin by detailing the design and training pro-
cedure of the GMN in § 2, and demonstrate its capabilities on a set of example
counting tasks. In § 3, we adapt the GMN to specialize on several counting
benchmark datasets, including the VGG synthetic cells, HeLa cells, and cars
captured by drones. During adaptation, only a small number of parameters (3%
of the network size) are added and trained on the target domain. Using a very
small number of training samples (as few as 3 images for the car dataset), the
results achieved are either comparable to, or surpass the current state-of-the-art
methods by a large margin. In § 4, we further extend the counting-by-matching
idea to a more challenging scenario: Shanghaitech crowd counting, and demon-
strate promising results by matching image statistics on scenes where accurate
instance-level localization is unobtainable.

2 Method

In this paper, we consider the problem of instance counting, where the objects
to be counted in a single query are from the same category, such as the windows
on a building, cars in a parking lot, or cells of a certain type.

To exploit the self-similarity property, the counting problem is reformalized
as localizing and counting “repeated” instances by matching. We propose a novel
architecture — GMN, and a counting approach which requires learning a compar-
ison scheme for two given objects (patches) in a metric space. The structure of
the model naturally accommodates class-agnostic counting, as it learns to search
for repetitions of an exemplar patch containing the desired instance. Note that,
the concept of repetition is defined in a very broad sense; in the following ex-
periments, we show that objects with various shapes, overlaps, and complicated
appearance changes can still be treated as “repeated” instances.

The entire GMN consists of three modules, namely, embedding, matching,
and adapting, as illustrated in Figure 2. In the embedding module, a two-stream
network is used to encode the exemplar image patch and the full-resolution
image into a feature vector and dense feature map, respectively. In the match-
ing module, we learn a discriminative classifier to densely match the exemplar
patch to instances in the image. Such learning overcomes within image variations
such as illumination changes, small rotations, etc. The object locations and final
count can then be acquired by simply taking the local mazimums or integra-
tion over the output similarity maps, respectively. Empirically, integral-based
counting shows better performance in scenarios where instances have significant
overlap, while local max counting is preferred where objects are well-separated,
and the positional information is of interest for further processing (e.g. seeds for
segmentation).

To avoid the time-consuming collection of annotations for counting data, we
use the observation that repetitions occur naturally in videos, as objects are
seen under varying viewing conditions from frame to frame. Consequently, we
can train the generic matching network with the extensive training data available
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for tracking (specifically the ILSVRC video dataset for object detection [31]). In
total, the dataset contains nearly 4500 videos and over 1M annotated frames.

Adapting

adapters

Matching

e | Y E HIB x WIB x 512

A

1x1x512

63x63x3 : . ﬁ-}

—

H/8 x W/8 x 512

Fig.2: The GMN architecture consists of three modules: embedding, matching,
and adapting. The final count and detections are obtained by taking the integral
and local maximums, respectively, over the output heatmap. The integral-based
method is used for counting instances with significant overlap, while the local
max is used where objects are well-separated and the positional information is
of interest for further processing. The @ represents channel-wise concatenation.

Given a trained matching model, several factors can prevent it from general-
izing perfectly onto the target domain: for instance, the image statistics can be
very different from the training set (e.g. natural images vs. microscopy images),
or the user requirements can be different (e.g. counting cars vs. counting only
red cars). Efficient domain adaptation requires a module that can change the
network activations with minimal effort (that is, minimal number of trainable
parameters and very few training data). Thus, for the adapting stage, we in-
corporate residual adapter modules [28] to specialize the GMN to such needs.
Adapting to the new counting task then merely involves freezing the majority
of parameters in the generic matching network, and training the adapters (a
small number of extra parameters) on the target domain with only a few labeled
examples.

2.1 Embedding

In this module, a two-stream network is defined for transforming raw RGB im-
ages into high-level feature encodings. The two streams are parametrized by
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separate functions for higher representation capacity:

v=¢(z;61) f=1v(x;02)

In detail, the function ¢ transforms an exemplar image patch z € R%3x63%3 to
a feature vector v € R %212 and 1 maps the full image x € RT*XW*3 to
a feature map f € RH/8xW/8x512 Both the vector v and feature maps f are
L2 normalized along the feature dimensions. In practice, our choices for ¢(-;61)
and v (+;02) are ResNet-50 networks [15] truncated after the final conv3_x layer.
The resulting feature map from the image patch is globally max-pooled into the
feature vector v.

2.2 Matching

The relations between the resulting feature vector and maps are modeled by
a trainable function v(-;63) that takes the concatenation of v and f as input,
and outputs a similarity heat map, as shown in Figure 2. Before concatenation,
v is broadcast to match the size of the feature maps to accommodate the fully
convolutional feature, which allows for efficient modeling of the relations between
the exemplar object and all other objects in the image. The similarity Sim is
given by

Sim = y([broadcast(v) : f];03)
where “” refers to concatenation, and ~(-;603) is parametrized by one 3 x 3
convolutional layer and one 3 x 3 convolutional transpose layer with stride 2 (for
upsampling).

2.3 Training Generic Matching Networks

The generic matching network (consisting of embedding and matching modules)
is trained on the ILSVRC video dataset. The ground truth label is a Gaussian
placed at each instance location, multiplied by a scaling factor of 100, and a
weighted MSE (Mean Squared Error) loss is used. Regressing a Gaussian allows
the final count to be obtained by simply summing over the output similarity
map, which in this sense doubles as a density map.

During training, the exemplar images are re-scaled to size 63 x 63 pixels,
with the object of interest centered to fit the patch, and the larger 255 x 255
search image is taken as a crop centered around the scaled object (architecture
details can be found in Table 1. More precisely, we always scale the search image
according to the bounding box (w,h) of the exemplar objects, where the scale
factor is obtained by solving s x h x w = 632. The input data is augmented with
horizontal flips and small (< 25°) rotations and zooms, and we sample both
positive and negative pairs. In all subsequent experiments, the network has been
pre-trained as described here.
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Module Exemplar Patch Image to Count Output Size
(N x 63 x 63 x 3) (N x 255 x 255 x 3)
conv, 7 X 7, 64, stride 2 conv, 7 X 7, 64, stride 2 N x 32 x 32 x 64
N x 128 x 128 x 64
max pool, 3 x 3, stride 2 |max pool, 3 x 3, stride 2
[conv,1x 1,64 ] [conv,1x 1,64 ]
conv,3 x 3,64 | X3 conv,3 x 3,64 | X3 N x 16 x 16 x 256
|conv, 1 x 1,256 |conv, 1 x 1,256 IV 6464 x 256
Bmbedding[ T ony 1 x 1,128 [conv, 1 x 1,128]
conv,3 x 3,128| x 4 conv,3 x 3,128| x 4 N x 8 x8x 512
|conv, 1 x 1,512] |conv, 1 x 1,512] N 32 % 32512
Global Maxpool No Operation N x1x1x512
N x 32 x 32 x 512
Vector Broadcasting (32 x 32) No Operation N x 32 x 32 x 512
N x 32 x 32 x 512
Feature Map Concatenation N x 32 x 32 x 1024
Matching Relation Module
conv, 3 x 3,256
N x 64 x 64 x 256
convt, 3 x 3,256
Prediction
[conv,SxS,l] N x 64 x64x1

Table 1: Architecture of the generic matching networks. “convt” refers to con-
volutional transpose with stride 2.

Once trained on the tracking data, the model can be directly applied for
detecting repetitions within an image. We show a number of example predic-
tions in Figure 3. Note here, several interesting phenomena can be seen: first, as
expected, the generic matching network has learned to match instances beyond
a simplistic level; for instance, the animals are of different viewpoints, the bird
in the fourth row is partially occluded, and the persons are not only partially
occluded, but also in different shirts with substantial appearance variations; sec-
ond, object overlaps can also be handled, as shown in the airplane cases; third,
although the ImageNet training set is only composed of natural images, and
none of the categories has a similar appearance or distribution to the HeLa
cells, the generic matching network succeeds despite large appearance and shape
variations which exist for cells. These results validate our idea of building a class-
agnostic counting network. However, it is crucial to be able to easily adapt the
pre-trained model to further specialize to new domains.
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Input Prediction Input Prediction

Fig. 3: Similarity predictions of the generic matching network on the video valida-
tion set, and on an unseen dataset of HeLa cells. The exemplar patch is marked
with a red square. Images are padded with the mean value and the resolution
has been changed for visualization purposes. As expected, the generic matching
network has learned to match instances beyond a simplistic level; for instance,
the animals are of different viewpoints, the matched bird in the fourth row is
partially occluded, and the people are in different colored shirts. More interest-
ingly, it acts as an excellent initialization for objects from unseen domains, even
in the presence of large appearance and shape variation in the case of HeLa cells.
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2.4 Adapting

The next objective is to specialize the network to new domains or new user
requirements. We add residual adapter modules [28] implemented as 1 x 1 con-
volutions in parallel with the existing 3 x 3 convolutions in the embedding mod-
ule of the network. During adaptation, we freeze all of the parameters in the
pre-trained generic matching network, and train only the adapters and batch
normalization layers. This results in 178K trainable parameters out of a total
network size of 6.0M parameters, only 3% of the total.

2.5 Discussion and relation to prior work

Object counting poses certain additional challenges that are less prominent or
non-existent in tracking. First, rather than requiring a single maximum in a
candidate window (that localizes the object), counting requires a clean output
map to distinguish multiple matches from noise and false positives. Second,
unlike the continuous variation of object shape and appearance in the tracking
problem, object counting can have more challenging appearance changes, e.g.
large degrees of rotation, and intra-class variation (in the case of cars, both color
and shape). Thus, we find the approaches used in template matching (SSD or
cross-correlation [6,9,22]) to be insufficient for our purposes (as will be shown in
Table 4). To address these challenges, we learn a discriminative classifier v(-; 63)
between the exemplar patch and search image, an idea that dates back to [23].

The residual adapters [28] are added only to the embedding module, but we
train the batch normalization layers throughout the entire network. Marsden et
al. [25] also use residual adapters to adapt a network for counting different
objects. However, they place the modules in the final fully connected layers in
order to regress a count, whereas we add them to the convolutional layers in the
residual blocks of the embedding module, such that they are able to change the
filter responses at every stage of the base model, providing more capacity for
adaptation.

3 Counting Benchmark Experiments

As a proof of concept, the generic matching network is visually validated as a
strong initialization for counting objects from unseen domains (Figure 3). To
further demonstrate the effectiveness of the general-purpose GMN, we adapt
the network to three different datasets: VGG synthetic cells [20,21], HeLa phase-
contrast cells [3], and a large-scale drone-collected car dataset [16].

Each of these datasets poses unique challenges. The synthetic cells contain
many overlapping instances, a condition where density estimation methods have
shown strong performance. The HeLa cells exhibit significantly more variation
in size and appearance than the synthetic cells, and the number of training
images is extremely limited (only 11 images); thus, detection-based methods with
handcrafted features have shown good results. In the car dataset, cars appear in



Class-Agnostic Counting 9

various orientations, often within the same image, and can be partially occluded
by trees and bridges; there is also clutter from motorbikes, buildings, and other
distractors (Figure 6). As shown in Hsieh et al. [16], state-of-the-art models for
object detection produce a very high error rate.

3.1 Evaluation Metrics

The metrics we use for evaluation throughout this paper are the mean absolute
counting error (MAE), precision, recall, and F; score. To determine success-
ful detections, we first take the local maximums (above a threshold T") of the
predicted similarity map as the detections. T is usually set as the value that
maximizes the F; score on a validation set. Note that, since multiple combina-
tions of recall and precision can give the same Fy score, we prioritize the recall
score. Following [3], we then match these predicted detections with the ground
truth locations using the Hungarian algorithm, with the constraint that a suc-
cessful detection must lie no further than a tolerance R from the ground truth
location, where R is set as the average radius of each object.

3.2 Synthetic fluorescence microscopy

The synthetic VGG cell dataset contains 200 fluorescence microscopy cell images,
evenly split between training and testing sets. We follow the procedure proposed
by Lempitsky and Zisserman [21] of sampling 5 random splits of the training
set with N training images and N validation images. Results in Table 2 and
Figure 4 show that our method is not restricted to detection-based counting,
but also performs well on density estimation-type problems in a setting with
high instance overlap. Note that, we compare with methods that are highly
engineered for this dataset.

’Method ‘ MAE ‘ Precision ‘ Recall ‘ F1-score
Xie et al.[34] 29+0.2 - - -
Fiaschi et al.[12] 32+0.1 - - -
Lempitsky and Zisserman [21]| 3.5 £ 0.2 - - -
Barinova et al.[5] 6.0 £ 0.5 - - -
Singletons [3] 51.2 £ 0.8 [98.87 £ 1.52{72.07 £ 0.85|83.37 = 1.20
Full system w/o surface [3] 5.06 £ 0.2 |95.00 £ 0.7591.97 £ 0.43|93.46 £ 0.15
Ours 3.56 £ 0.27|99.43 £+ 0.05(82.50 £ 0.15/90.18 £ 0.07

Table 2: Results for the synthetic cell dataset. All methods are trained on the
N = 32 split. Standard deviations are calculated using 5 random splits of training
and validation sets and 5 randomly sampled exemplar patches per image. Note
here, the exemplar patches are sampled from images in the training set, and
different exemplar patches have negligible effect on performance.



10 E. Lu et al.

True count: 254 Prediction: 252

True count: 142 Prediction: 142

Fig. 4: Example of counting results on synthetic cell images. For each pair of
images, left: original image, and right: the network’s predicted heat map, which
is summed to give the estimated count.

3.3 HeLa cells on phase contrast microscopy

The dataset contains 11 training and 11 testing images. We follow the train-
ing procedure of [3] and train in a leave-one-out fashion for selecting hyperpa-
rameters, e.g. detection threshold 7. Results are shown in Table 3. As shown
in Figure 5, our method performs well in scenarios of large intra-class varia-
tions in shape and size, where SSD and cross-correlation would suffer. Overall,
our GMN achieves comparable results to the conventional methods with hand-
crafted features, despite the training dataset being extremely small for current
deep learning standards.

3.4 Cars

We next demonstrate the GMN’s performance on counting cars in aerial images.
This drone-collected dataset (CARPK) consists of 989 training images and 459
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[Method | MAE

| Precision | Recall | Fi-score |

95

Correlation clustering [36] - - -

Singletons [3] 2.36 £ 0.67(93.70 & 0.20|91.94 £+ 0.72|92.81 £+ 0.35
Full system w/o surface [3]]3.84 + 1.44|98.51 + 1.16|95.76 + 0.27|97.10 £ 0.27
Ours 3.53 £ 0.18]96.05 £ 0.04{94.22 £ 0.06]95.12 £ 0.05

Table 3: Results for the HeLa cell dataset. We calculate MAE using the detec-
tion counts, since the instances are well-separated. Our standard deviations are
calculated using 5 randomly sampled exemplar patches per image. Note here,

the 5 exemplar patches are sampled from images in the training set; different
exemplar patches have negligible effect on performance.

Prediction: 171
Matches: 168

True count: 85

Prediction: 84
Matches: 84

Fig.5: Example detection results on the HeLa cell test set. Correct detec-

tions (based on Hungarian matching) are marked with a green ‘+’, false positives
with a red ‘x’, and missed detections with a yellow ‘o’.
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testing images (nearly 90,000 instances of cars), where the images are taken
from overhead shots of car parking lots. The training images are taken from
three different parking lot scenes, and the test set is taken from a fourth scene.
We compare our network to the region proposal and classification methods in
Table 4.

In the experiments, we train two GMN models with augmentation: one on
just three images (99 total cars) randomly sampled from the training scenes,
which achieves state-of-the-art results, and one on the full CARPK training set,
which further boosts the performance by a large margin.

[Method | T [MAE[RMSE] Recall [Precision
*YOLO [16,29] - 148.89| 57.55 - -
*Faster R-CNN [16,30] - |47.45| 57.39 - -
*Faster R-CNN (RPN-small) [16,30] - 124.32| 37.62 - -
1One-Look Regression [16,26] - 159.46| 66.84 - -
*Spatially Regularized RPN [16] - 123.80| 36.79 | 57.5% -
Template matching (Sum of Squared Distances)| - |49.8 | 59.7 |20.0% | 29.1%
Ours (3 images, 99 cars) 2.5136.71| 44.16 [60.65%| 93.91%
Ours (3 images, 99 cars) 2 122.32| 28.72 |71.32%| 90.23%
Ours (3 images, 99 cars) 1.75|17.32| 22.81 |74.16%| 87.87%
Ours (3 images, 99 cars) 1.5(13.38| 18.03 | 76.1% | 85.1%
Ours (full dataset) 2.75119.66| 25.12 |78.61%| 97.0%
Ours (full dataset) 2.5 (14.36| 19.01 | 83.2% | 96.0%
Ours (full dataset) 2 |8.38|11.55 |87.46%| 93.4%
Ours (full dataset) 1.75|7.48| 9.9 |88.4% | 91.8%

Table 4: Mean Absolute Error (MAE), Root Mean Squared Error (RMSE), Re-
call and Precision comparisons on the CARPK dataset. The “*” indicates that
the method has been fine tuned on the full dataset, and the “{” indicates that
the method has been revised to fit the dataset, as described in [16]. We show
our method trained on 3 images and on the full dataset, with varying thresholds
T. We calculate MAE using 5 randomly sampled exemplar patches per image,
and the final counts are obtained from local maximums (counting by detection).
Note here, the exemplar patches are sampled from images in the training set,
and different exemplar patches have negligible effect on performance. Standard
deviation is not reported in this table, but can be easily computed following the
previously reported manner.

When determining counts based on local maximums, we note it is possible
that our model outperforms the previous detection-based methods due to false
positives and false negatives “canceling” each other, making the counting error
very low. Thus, we investigate effects of the threshold T' (as defined in § 3.1)
on selecting detections from candidate local maximums, and report results for
several values of T. Note that, by varying this hyperparameter, we are able to
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Predicted count: 113 Predicted count: 127

Fig. 6: Sample results on the CARPK dataset. Top row: original images. Bottom
row: predicted detections. Correct detections are marked with a green ‘+’, false
positives with a red ‘x’, and missed detections with a yellow ‘o’. Many of the
missed detections are dark cars in shadow, which upon inspection are difficult
for even a human eye to discern.

explicitly control the precision-recall of our model. While calculating recall and
precision, we consider a detection to be successful if it lies within 20 pixels (de-
termined based on the mean car size) of the ground truth location. The recall
reported for the region proposal methods in Table 4 is calculated by averaging
across scores from using various IoU thresholds, as described in [16].

As shown in Table 4, the MAE is calculated with 5 randomly sampled exem-
plar patches per image, and the final counts are obtained by counting local max-
imums (detection-based counting). Note here, the exemplar patches are sampled
from images in the training set, and different exemplar patches have negligible
effect on performance. We can see that even with a very high precision (model
trained on the full dataset, with 7" = 2.75), our model can still outperform the
previous state-of-the-art by a substantial margin (counting error: MAE=23.8 vs
MAE=19.7). Further decreasing the threshold yields higher recall at the expense
of precision, with our best model achieving a counting error of MAE=T7.5.

3.5 Discussion

From our experiments, the following phenomena can be observed:
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First, in contrast to previous work, where different architectures are designed
for density estimation in scenarios with significant instance overlap (e.g. VGG
synthetic cells) and for detection-based counting in scenarios with well-separated
objects (e.g. HeLa cells and cars), the GMN has the flexibility to handle both
scenarios. Based on the amount of instance overlap, the object counts can sim-
ply be obtained by taking either the integral in the former case, or the local
maximum in the latter, or possibly even an ensemble of them [17].

Second, by training in a discriminative manner, the GMN is able to match in-
stances beyond the simplistic level, making it more robust to large degrees of
rotation and appearance variation than the baseline SSD-based template match-
ing (as shown in Table 4).

Third, in the cases where training data is limited (11 images for HeLa cells, 3 for
cars), the proposed model has consistently shown comparable or superior perfor-
mance to the state-of-the-art methods, indicating the model’s ease of adaptation,
as well as verifying our observation that videos can be a natural data source for
learning self-similarity.

4 Shanghaitech Crowd Counting

To further demonstrate the power and flexibility of counting-by-matching, we
extend it to the Shanghaitech crowd counting dataset, which contains images of
very large crowds of people from arbitrary camera perspectives, with individuals
appearing at extremely varied scales due to perspective.

We carry out a preliminary implementation of our method on the Shang-
haitech Part A crowd dataset. Inspired by the idea of crowd detection as repet-
itive textures [1], we conjecture that it is possible to ignore individual instances
and match the statistics of patches instead; e.g. the statistics of patches with 10
people should be different from those with 20 people.

We take the following steps: (1) Using the ground truth dot annotations,
we quantize 64 x 64 pixel patches into 10 different classes based on number of
people, e.g. one class will be 0 people, another 5 people, etc. (See Figure 7 for
an example.) (2) Following the idea of counting-by-matching, we train the self-
similarity architecture to embed the patches based on the number of people, i.e.
if patches are sampled from the same class, the model must predict 1, otherwise
0. (3) We run the model on the test set using a sample of each class from the
training set as the exemplar patch, with the final classification made by the
maximum response.

Compared to other models that are specifically designed to count human
crowds (e.g. CNNs with multiple branches), we aim for a method with the po-
tential for low-shot category-agnostic counting. Our preliminary experiments
show the possibility of scaling the counting-by-matching idea to human crowd
datasets.
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Fig. 7. Example of how different patches are classified. Patches marked by the
same color square belong to the same density class. As can be seen, the significant
textural differences between the classes enables a network to learn to classify
different densities.

[Method [MAE[RMSE]

tZhang et al. [35]|181.8| 277.7
MCNN-CCR [37]|245.0| 336.1

MCNN [37] 110.2| 173.2
ic-CNN [27] 69.8117.3
Ours 95.8 | 133.3

Table 5: Preliminary results on Shanghaitech Part A (lower is better). Patches
chosen based on validation set performance. The “{” result is from paper [37].

5 Conclusion

In this work, we recast counting as a matching problem, which offers several
advantages over traditional counting methods. Namely, we make use of object
detection video data that has not yet been utilized by the counting community,
and we create a model that can flexibly adapt to various domains, which is a form
of few-shot learning. We hope this unconventional structuring of the counting
problem encourages further work towards an all-purpose counting model.
Several extensions are possible for future works: first, it would be interesting
to consider counting in video sequences, rather than individual images or frames.
Here the tracking analogue takes on an even greater significance as a counting
model can take advantage of both within-frame and between-frame similarities,
second, a carefully engineered scale-invariant network with more sophisticated
feature fusion than the GMN could potentially improve the current results.
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Conclusion

Here we summarize the main contributions of this thesis and its impact thus far
(Section 8.1). We then discuss ongoing and potential extensions to this work

in Section &.2.

8.1 Achievements and Impact

Grouping people with their correlated effects. In Chapter 3, we introduced
a novel method for the new task of decomposing a video into layers containing one or
more people and their correlated visual effects. The method overfits a neural network
to a single video and requires no human annotation, instead taking advantage of the
deep image prior property of CNNs to separate the scene elements. We additionally
train a CNN that converts human keypoints to UV maps using pseudo-ground truth
labels generated from an existing dataset and our own data (our ‘keypoint-to-UV
network’). Our method first preprocesses the video to automatically detect and
track the keypoints of all people and converts them to UV maps using the pretrained
keypoint-to-UV network. We demonstrated the quality of the layer decomposition
by using the layers to produce a variety of editing effects: removing individual
people, retiming them (slowing / speeding up motions, and aligning the jumps of

individuals), and duplicating people. We tested our method on videos containing
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complex scene elements, such as water splashes, trampoline deformations, and group
running. The code was open-sourced on Github and has been starred over 100

times in the 8 months since it has been released.!

Grouping objects with their correlated effects. In Chapter 4, we built upon
our work in Chapter 3 to present a method that can produce layers for any object
class, not solely humans. We accomplished this generalization by showing that UV
geometry is not a necessary input to the network, and that it can be replaced by
rough binary object masks and precomputed optical flow to provide correspondence
in lieu of geometry. We additionally introduced flow-based losses to provide greater
temporal coherence and improved layer separation, which we showed in ablation
studies. We demonstrated results on a wide range of object classes, including animals,
vehicles, and sports equipment. We additionally generated editing effects using
our predicted layers, including stroboscopy, color manipulation, and background
replacement. This work was selected for oral presentation at the Conference on
Computer Vision and Pattern Recognition, and the code has been released on
Github.? The code has been starred over 450 times in the 2 months since release,

demonstrating its value to the research community.

Self-supervised video object segmentation. In Chapter 5, we presented a
method for densely tracking object segments in video, and trained the model
in a fully self-supervised manner, i.e. without requiring any human annotation.
The model incorporates an efficient memory module which enables it to overcome
difficult occlusions of the tracked object. Our method significantly outperformed
the state-of-the-art self-supervised methods on multiple standard benchmarks,
narrowing the gap with supervised methods, and displaying better generalization
ability to unseen object classes than supervised methods. The code and trained

model have been released on Github, and the repository® has been starred 247

!The code is available at: https://github.com/google/retiming/.
2The code is available at: https://github.com/erikalu/omnimatte/.
3The code and trained model is available at: https://github.com/z1ai0/MAST.
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times in the 14 months since release. The paper has garnered 42 citations in
the same amount of time. Several subsequent works have since improved on our
state-of-the art results [A. A. Jabri et al. ; J. Xu and X. Wang ], indicating

interest in this research area.

Self-supervised moving object discovery. In Chapter 6, we presented a self-
supervised method for discovering and segmenting moving objects in video. The
model operates solely on precomputed optical flow inputs; it decomposes the input
into two optical flow layers, one representing the background motion and the other
representing the foreground object motion. The method performs at par or better
than previous self-supervised methods on existing benchmarks, while running an
order of magnitude faster. We additionally demonstrate our model’s ability to
segment challenging camouflaged objects by exploiting motion cues rather than
misleading RGB information. The code has been open-sourced* and has been
starred over 100 times within the first 3 months of its release. An abbreviated
version of the paper received the Best Paper Award at the Workshop on Robust
Video Scene Understanding: Tracking and Video Segmentation at the Conference

on Computer Vision and Pattern Recognition.

Class-agnostic counting. In Chapter 7, we take a brief detour from video
understanding and instead use videos as a source of training data for an unlikely
task: counting. While existing methods are designed to count a specific object class,
we observe that humans are able to easily count objects of never-before seen object
classes. Thus we propose the first class-agnostic counting method, which we pretrain
on video data labeled for tracking. The model is able to quickly adapt to new
domains (such as cell biology) using small amounts of labeled data, despite having
been pretrained on visually distinct data (Imagenet Video [Russakovsky et al. ).

This work has been cited 38 times and has inspired follow-up work such as SIMCO

4The code is available at: https://github.com/charigyang/motiongrouping.
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[Godi et al. ], and Dwibedi et al. , which applies the same principle towards

counting repeated actions in video. The code has been open-sourced on Github®.

8.2 Future Work

8.2.1 Faster Omnimatte

The Omnimatte method optimizes the parameters of a neural network to overfit to
a single video. The method requires several hours to produce a result for a single
video—roughly 2 hours for a video with 1 object and 82 frames, and this number

increases with the length of the video and number of objects.

Data-Driven Omnimatte. One avenue to improving the performance is to train
a single network on a corpus of videos to perform the layer decomposition in a single
feed-forward pass. To apply a pretrained model to a new video requires significant
restructuring of the network and inputs: rather than inputting a single layer’s
object mask and outputting the RGBA for that layer, the network will need to
observe the original video frames. Thus the layer separation cannot rely on the deep
image prior property, as in the original Omnimatte work. The network will require
some form of supervision or information bottleneck to encourage a meaningful
decomposition of the RGB frames into individual object layers. One option is
to run the original Omnimatte method on a large corpus of videos, and use the
layer results as pseudo-ground truth to train a supervised generalized Omnimatte.
This data may be supplemented by synthetic training data. Large video object
segmentation datasets such as YouTubeVOS [N. Xu et al. ] and YouTubeVIS
[Yang et al. | contain manually annotated object segments which can be used
to generate synthetic layers. Synthetic effects such as shadows can be simulated and
composited along with the object segment, and can be designed to be correlated

in shape and movement with the original object.

5The code is available at: https://github.com/erikalu/class-agnostic-counting.
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Omnimatte with learned gradient descent. Another avenue for improving
the performance of the Omnimatte method is a hybrid approach between the original
optimization-based Omnimatte method and the previously proposed data-driven,
single feed-forward pass method. We can aim for a small number of test-time
optimization steps by training a model to predict several gradient updates to the
Omnimatte network, similarly to the method used in Flynn et al. to speed
up the original work on multi-plane images (depth layers) [T. Zhou et al. .
Flynn et al. replace the gradient descent updates with a deep network that
predicts the parameter updates. This deep network is trained on many examples,
thus allowing for a learned prior on the model parameters. Their method results
in convergence in just a few iterations, making it much faster than the original
work by T. Zhou et al. . We can apply this framework to the Omnimatte

method to obtain similar improvements in speed.

8.2.2 End-to-End Training

This thesis considered several fundamental problems in computer vision, including
object discovery, object segmentation, and layer decomposition for videos. One
interesting direction is to unify these various self-supervised components into a
single system that can be trained self-supervised end-to-end. Furthermore, while
depth does not fall under the scope of this thesis, incorporating depth estimation
and prediction in future work can further improve results. A unified system
which performs a range of visual processing tasks such as depth estimation, object
segmentation, and layer decomposition, and is trained in a self-supervised manner,

would provide an elegant solution to fundamental computer vision problems.
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