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Fig. 1. We reconstructed and simulated a sequence of parkour actions from the dynamic-view video, in which the camera tracks the moving subject.

We propose a new method that reconstructs 3D human motion from in-the-
wild video by making full use of prior knowledge on the laws of physics.
Previous studies focus on reconstructing joint angles and positions in the
body local coordinate frame. Body translations and rotations in the global
reference frame are partially reconstructed only when the video has a static
camera view. We are interested in overcoming this static view limitation to
deal with dynamic view videos. The camera may pan, tilt, and zoom to track
the moving subject. Since we do not assume any limitations on camera move-
ments, body translations and rotations from the video do not correspond
to absolute positions in the reference frame. The key technical challenge is
inferring body translations and rotations from a sequence of 3D full-body
poses, assuming the absence of root motion. This inference is possible be-
cause human motion obeys the law of physics. Our reconstruction algorithm
produces a control policy that simulates 3D human motion imitating the
one in the video. Our algorithm is particularly useful for reconstructing
highly dynamic movements, such as sports, dance, gymnastics, and parkour
actions.
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1 INTRODUCTION

Video is an easily accessible source for learning human motor skills.
In computer graphics and vision, many researchers have endeavored
to estimate human poses and reconstruct 3D human motion from
video. Despite the inherent limitation of 2D video (depth ambigu-
ities and occlusion), the quality of 3D poses estimated using deep
convolutional networks trained with extensive training datasets has
been significantly improved [Kanazawa et al. 2018, 2019; Kocabas
et al. 2020; Pavllo et al. 2019].

Current state-of-the-art algorithms often reconstruct a sequence
of 3D human poses without body translation and rotation in the
global reference frame. Body translation and rotation are estimated
only when the video has a static camera view. We are interested in
overcoming this static view limitation to deal with dynamic-view
videos. The camera may pan, tilt, and zoom to track the moving
subject. Body translations and rotations estimated from dynamic-
view videos do not correspond to absolute positions in the reference
frame. The key technical challenge is inferring body translations and
rotations from a sequence of 3D human poses under the assumption
that the root motion is unavailable. This inference is possible because
human motion obeys the laws of physics.

In this paper, we present a new framework that can reconstruct
3D human motion from in-the-wild video making full use of physics
prior based on deep reinforcement learning (DRL). Our algorithm
learns a control policy (a.k.a. physics-based controller) that gener-
ates 3D human motion that matches the one in the video, in the
light of the hints about interactions between the character and the
environment given by the user. This indirect reconstruction has sev-
eral advantages. The reconstructed 3D motion is always physically
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plausible since the motion is generated through physics simulation.
The learned policy can Il in missing information, such as the lack
of root motion, unknown scene arrangement, and imperfect pose
estimation.

We are particularly interested in highly dynamic human motion,
including sport, dance, and parkour movement. The subject in the
video may run through, grab, step on, and jump over objects while
the camera tracks the subject. Our algorithm reconstructs both
plausible scene arrangement and consistent human movementin the
scene simultaneously. Speci cally, our main contribution includes:

We build a new system architecture that combines a 2D pose
estimator, a 3D pose estimator, and a policy learning algo-
rithm to reconstruct 3D human motion and scene arrange-
ments simultaneously from dynamic-view video.

We present a sliding-window algorithm that handles a series
of human-object interactions robustly and e ciently while
maintaining the global consistency in scene arrangement.
The contact between the human body and objects is the most
important visual cue to understand 3D human motion. We
train a deep contact estimator that detects foot-object contacts
in dynamic-view video.

2 RELATED WORK
2.1 Monocular Pose/Motion Estimation

In computer vision, pose estimation techniques from monocular
video have remarkably advanced with the use of Convolutional
Neural Networks (CNNs), especially ResNet [He eR8l16]. Toshev

et al. [2014] used a cascade of CNNs to regress the coordinates of

each joint and estimate a pose in a holistic manner, instead of using
the traditional part-based model approaches. Tompson et al. [2014]
jointly train a CNN and a graphical model that output a heat-map. In
the follow-up studies, di erent network architectures were explored
to enhance the performance of pose estimation [Chen e@all 8;

He et al 2017; Newell et aR016; P ster et al2015; Wei et al2016].

Cao et al. [2019] used a bottom-up approach, which detects each

joint rst and then nds a skeleton, to estimate multi-person poses
in real-time.

3D pose estimation has been studied based on the 2D poses esti
mation techniques described above. Mehta et al. [2017] proposed a
real-time, CNN-based framework which regresses 2D and 3D poses
on a per-frame basis and generates globally stable 3D poses through

skeleton tting. Pavllo et al. [2019] estimated smooth poses from
monocular video using temporal convolution networks. Monszpart
et al. [2019] presented a framework to recover human motions
from a monocular video and infer scene placements by detecting
human-object interactions. As large datasets [lonescu e2@l3;
Sigal et al2010] consisting of 3D motion capture data along with

a temporal encoder to predict nearby poses given a sequence of
images. Kocabas et al. [2020] developed a VIBE framework, which
also leverages adversarial learning to construct a motion discrimina-
tor from large motion datasets [Mahmood et &019]. Meanwhile,
Kolotouros et al. [2019] proposed a collaborated method between a
regression-based and an iterative optimization-based approaches.
Optical motion capture has long been considered as the best way
to acquire high-quality human motion data, although optical capture
systems are costly and cumbersome to setup. Video-based motion
capture is emerging as an easily accessible, low-cost, attachment-
free alternative. Xu et al. [2018] used CNNs to estimate human
performance and non-rigid surface deformation in everyday cloth-
ing. A series of studies [Habermann et 2019, 2020; Xu et.&1018]
commonly employed template meshes to capture surface details
as well as human performance. Xiang et al. [2019] captured 3D
body poses as well as facial expression and hand gesture. Shi et
al. [2020] focused on maintaining skeletal consistency over time.
Most of previous studies assumed that the video is a static shot with
a xed camera setting [Habermann et.£2019; Mehta et aR020; Shi
et al 2020; Xiang et aR019; Xu et al2018], camera parameters are
known [Vondrak et al 2012], or camera calibration is required [Wei
and Chai 2010].

2.2 Physics-Based Simulation and Control

Physics-based character simulation and control have been a long-
standing challenge in computer graphics. Early approaches relied
on state machines and feedback rules [Hodgins efl8B5; Yin et al
2007], data-driven tracking mechanisms [da Silva eR8I08; Lee

et al 2010; Sok et aP007], and model-based optimization [Kwon
and Hodgins 2017; Liu et a&2012]. Recently, deep reinforcement
learning (DRL) methods have been successfully adopted to the con-
trol of physically-simulated articulated characters. The represen-
tation power of deep networks achieved accurate control in high-
dimensional continuous state/action spaces and successfully simu-
lated various human actions, such as locomotion [Schulman et al
2015; Yu et aR018], stepping stones [Xie et &020], basketball drib-
bling [Liu and Hodgins 2018], putting on clothes [Clegg et 2018],
carrying objects [Merel et al2020], and even ballet dance [Yuan

and Kitani 2020]. Peng et al. [2018a] learned a control policy that
allows a simulated character to mimic realistic motion capture data.

This imitation learning algorithm has further been improved to deal
with interactive control [Bergamin et al2019; Park et a2019], body

shape variations [Won and Lee 2019], and diverse behaviors [Peng
et al. 2019; Won et al. 2020].

2.3 Motion Reconstruction Leveraging Physics
Motion reconstruction from monocular video is an ill-posed prob-

2D videos are available, 3D pose estimation can be formulated as lem. Leveraging law of physics can be an e ective way to resolve

a standard supervised learning problem without intermediate 2D
joint estimation steps. Recently, end-to-end 3D pose estimation ap-

ambiguity inherent in the problem.
In computer vision and computer graphics elds, many researchers

proaches which directly infer a 3D pose from a single image or a have employed physics-based approaches to resolve the issues such
video were studied. Kanazawa et al. [2018] estimated a 3D pose and as foot skating, occlusion, and implausible motion when human mo-

a body shape simultaneously from a single image by adopting an tions are reconstructed from images or videos. Vondrak et al. [2008]
adversarial prior which distinguishes the estimated result from real used a physics simulation as a temporal prior in Bayesian Itering
human data. In the follow-up study, Kanazawa et al. [2019] trained for human motion tracking. A series of studies leveraged physics for
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Fig. 2. System overview.

human motion tracking and contact estimation [Brubaker and Fleet 3 OVERVIEW

2008; Brubaker et a2007, 2009]. Wei et al. [2010] optimized 3D The overview of our system is shown in Figure 2. Our system takes
poses at keyframes and generated in-between poses by interpola-5 video clip and a simulated character model as input. We also pro-
tion. They used physics-based interpolation to eliminate ambiguity  yjge an environment model consisting of a set of simple geometric
caused by occlusion. Rempe et al. [2020] exploited physics-basedpyimitives, such as boxes. The initial size and location of each prim-
motion optimization to prevent reconstruction artifacts, such as jtjye are given by the user. The scene geometry arrangement is
foot-ground penetration and unbalanced body leaning. They also  estimated while reconstructing 3D human motion interacting with
trained a network to identify foot-ground contact timing from video.  the geometry primitives.
Shimada et al. [2020] developed a similar system comprised of afoot ¢ system consists of a 2D pose estimator, a 3D pose estimator,
contact predictor, 2D and 3D pose estimators, and a physics-based 3 contact estimator, a policy learner, and a scene geometry builder.
motion optimizer. The learned pose estimators predict joint positions in 2D screen
Our approach falls into another category of reconstruction meth-  coordinate and 3D body coordinate systems. The contact estimator
qu that estimate control policies generating desired human mo- predicts when and where body-object contacts occur. Our deep
tion through forward dynamics simulation. Vondrak et al. [2012]  poicy learner takes all joints and contact information to learn motor
used a silhouette likelihood to optimize a physics-based controller. gyills and scene arrangement in the global reference coordinate

They demonstrated the robustness of their controller on slopes and system. The global position and orientation of the skeletal root are
uneven terrain by changing environment conditions. Yuan and Ki- automatically recovered while learning motor skills.

tani [2018; 2019] proposed pose estimation methods that reconstruct
physically plausible 3D human motion from videos Imed with a
head-mounted wearable camera. They used generative adversarial 4 POSE AND CONTACT ESTIMATION
imitation learning [Yuan and Kitani 2018] and reinforcement learn- We employed pre-trained 2D/3D pose estimators: The OpenPose
ing [Yuan and Kitani 2019] for recovering control policies. Recently, framework [Cao et al2019] for predicting 2D poses and VIBE [Ko-
they proposed residual force control to mitigate the dynamics mis- cabas et al2020] for reconstructing 3D poses from video frames.
match between the simulated character and the real human [Yuan These pose estimators are trained using large training datasets
and Kitani 2020], and demonstrated agile human motions such as and their performance depends on the size and distribution of the
ballet dance moves. Peng et al. [2018b] combined 2D/3D pose esti-datasets. Highly-dynamic human motions we wish to reconstruct
mators and a policy learner to reproduce dynamic motor skills from  from the video exhibit challenging poses that deviate signi cantly
2D video. They successfully reconstructed highly dynamic human from the distribution of common poses in the datasets. Pose estima-
motions, such as back ip and cartwheel, assuming empty environ- tion sometimes fails when the target pose is leaning or upside-down.
ment and/or static camera views. Our system is built on top of these To address this issue, we run the 2D pose estimator overd0 ,
prior studies and designed to deal with two technical challenges, 180, and 270 rotated versions of each video frame to select the pose
dynamic camera viewing and scene arrangements, which have not output, as done in previous work [Peng et &018b]. We choose the
been addressed yet. best result based on temporal coherence and the con dence value
of 2D joint estimation. When 3D pose estimation fails, the missing
poses are lled in by performing linear interpolation. Estimated 3D
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