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Fig. 1: A collection of video-to-robot motion-transfer demonstrations on the Unitree Gol quadrupedal robot on hardware (left
three) and the Atlas humanoid robot in simulation (right two). From left to right: a dog reaching for a water feeder with one
of its front feet, a house cat pacing, a trained dog performing a Cardiopulmonary Resuscitation (CPR) exercise on its human
partner, a human stretching his body and limbs, and a human demonstrating a jumping-jack exercise.

Abstract—We present SLoMo: a first-of-its-kind framework
for transferring skilled motions from casually captured “in-the-
wild” video footage of humans and animals to legged robots.
SLoMo works in three stages: 1) synthesize a physically plausible
reconstructed Kkey-point trajectory from monocular videos; 2)
optimize a dynamically feasible reference trajectory for the robot
offline that includes body and foot motion, as well as a contact
sequence that closely tracks the key points; 3) track the refer-
ence trajectory online using a general-purpose model-predictive
controller on robot hardware. Traditional motion imitation for
legged motor skills often requires expert animators, collaborative
demonstrations, and/or expensive motion-capture equipment, all
of which limit scalability. Instead, SLoMo only relies on easy-
to-obtain videos, readily available in online repositories like
YouTube. It converts videos into motion primitives that can
be executed reliably by real-world robots. We demonstrate our
approach by transferring the motions of cats, dogs, and humans
to example robots including a quadruped (on hardware) and a
humanoid (in simulation). Videos are available at https://slomo-
www.github.io/website.

Index Terms—ILegged Robots, Computer Vision for Automa-
tion

I. INTRODUCTION
NE of the grand challenges in robotics is to enable
human- and animal-level agility for legged robots by
directly imitating their natural counterparts. This motion-
imitation procedure typically involves three steps: extracting
motion primitives from videos or image sequences, processing
motion primitives to ensure they are within the physical
limits of the robot and, finally, executing those movements
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on robot hardware. Prior work on motion imitation relies on
marker-based, multi-camera motion-capture (MoCap) systems,
limiting the diversity of captured movements. An end-to-end
motion-transfer solution that takes in raw video data and
executes novel behaviors on real-world robots has, so far,
remained elusive.

In this paper, we leverage recent advancements in neu-
ral rendering and reconstruction, trajectory optimization, and
model-predictive control to build, to the best of the authors’
knowledge, the first successful general framework for trans-
ferring human and animal motion skills captured by a single,
moving camera to robot hardware. The framework, illustrated
in Fig. 2, contains three modules: 1) a reconstruction pipeline
that produces physically plausible 3D key-point trajectories
from casual video footage; 2) a trajectory optimizer that solves
for dynamically feasible robot state, control, and contact-force
reference trajectories that closely mimic the key-point trajec-
tories while respecting the physical limitations of the robot;
and 3) a model-predictive controller (MPC) that runs at real-
time rates on robot hardware to track reference trajectories.
An important feature of our approach is explicit reasoning
about contact interactions between the robot and environment
at every stage of the framework, ensuring that offline reference
trajectories can be safely executed on hardware and that the
online MPC is robust to contact-timing and model mismatch.
Additionally, model-based trajectory generation and control
methods allow us to maintain explainability in each stage of
the pipeline — something difficult to achieve with current
black-box reinforcement learning (RL) approaches. Finally,
our work also differs from prior works in its generality across
robot morphology; our 3D reconstruction pipeline, trajectory
optimizer, and MPC are all robot agnostic — enabling motion
transfer from humans to humanoid robots and from animals
to quadrupedal robots within a single, unified framework.
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Fig. 2: The SLoMo algorithm: (a) Stage 1: Process visual RGB inputs and generate body and foot trajecRfie3his
reconstruction considers physics but does not produce a trajectory that is dynamically feasible on the target robot. (b) Stage
2: Solve for open-loop robot state, control, and contact-force reference trajectories that imitate the 3D reconstruction while
obeying robot dynamics and contact constraints. (c) Stage 3: Track the reference trajectory on robot hardware while managing
model and contact-timing mismatch and disturbances.

Our speci ¢ contributions are: for imitating diverse, in-the-wild motion skills from easily-
A general-purpose motion-transfer framework, SLoMdiccessible videos. _ _
for enabling legged robots to mimic human and animal Alternatively, markerless motion capture has become in-
motions from casual videos creasingly popular in recent years [6]-[8]. For example, [6]
A novel of ine reference-trajectory and contact-sequendaulilt a multi-view video-capture system to capture and recon-
generation technique that ensures physical feasibility Struct human motion. Although those systems capture whole-
End-to-end experimental demonstrations transferring apedy movement without using markers, they still require an
imal behaviors to a quadruped robot on hardware afgroor studio with hundreds of synchronized cameras, making
human motions to a humanoid robot in simulation it chaIIenging to generalize to in-the-wild targets and behav-

This paper is organized as follows: We review relatei&’rs'_some recent works [9], [10] Iearn data-driven models to

literature in Section II. Our methodology is introduced in Sedredict full body movements from a single monocular camera.
tion Ill. Results of simulation and hardware experiments afé2Wever, they heavily rely on carefully-constructed template

reported in Section IV. Finally, we summarize our conclusiorf3°de!s (e.g., SMPL [11]) and do not generalize well to in-

and discuss directions for future research in Section v.  the-wild videos or non-human subjects.
Recent advances in differentiable rendering [12], [13] and

Il BACKGROUND AND RELATED WORK robust dense point tracking (e.g. optical ow [14], [15] and
: DensePose [16]) have enabled test-time optimization of dense

In this section, we review related literature on humagyrface structure and motion given real-life videos [17], [18].

and animal motion capture, trajectory optimization througBuilding on these prior algorithms, our work performs key-

contact, and online control for legged robots. point trajectory tracking of human and animal motions in
3D from a single, moving camera video without assuming a
A. Human and Animal Motion Capture prede ned shape template.

To study human and animal body movements, MoCa ) S
systems have been widely adopted in the movie industry aé)d Trajectory Optimization through Contact
research labs [1]-[3]. An optical MoCap system typically Trajectory optimization is a powerful tool for designing
consists of multiple high-resolution cameras whose positiodgnamic behaviors for robotic systems. Given an initial guess,
and orientations are precisely measured through a sophisitgjectory optimization formulates a nonlinear program (NLP)
cated calibration process. Multiple cameras can observe aondolve for an optimal control sequence under robot dynamics
triangulate the positions of markers, which can be mountedid environmental constraints. This technique has been a ma-
on human or animal subjects. Although some MoCap datasgiscomponent of important breakthroughs in legged autonomy
have been made publicly available [3], obtaining novel motian recent years [19]-[22].
sequences remains a challenge. Despite these shortcoming®ne of the hardest problems in planning and control for
most existing works in motion imitation [4], [5] rely onlegged robots is reasoning about contact forces and timing
MoCap data. Marker-based MoCap systems have inhererdly feet make and break contact with the environment, pro-
limited capture volume and are very sensitive to camera cagicing discontinuous impact events. A common approach for
guration changes, making outdoor usage extremely dif culmodeling rigid-body contact interactions is to formulate the
and unreliable. MoCap systems also typically cost tens dynamics as a linear complementarity problem (LCP) [23],
hundreds of thousands of dollars. All of these factors limj24], which solves for the next system state under impact and
the diversity of environments and targets that can be studiiittion constraints. These LCP dynamics can be enforced as
with a MoCap system. We aim to develop a low-cost solutioronstraints in trajectory optimization methods [25], [26].
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If the contact schedule is prede ned [20], the dynamichB'-E I: A comparison between recent motion imitation
can be written as a hybrid system with known transitioff€thods for legged systems
times. This method, commonly referred to as hybrid trajec-
tory optimization [27], [28], can be solved quickly and is

[42] [4] [43] [44] [5] | SLoMo

. . - . . Single RGB Camera 7 7 3 7 3
effective for periodic gaits on at terrain. This approach has Ngo Manual Label 3 7 3

7

: 3 3 3
also enabled diverse locomotion behaviors on robot hardware Robot Hardware 7 3 3 3 3 3
through motion-template libraries that can then be combinedSySttmAgnostic 3 7 7 7 7 3

and tracked online to form long-horizon locomotion behaviors _ .
over challenging terrains [22]. [36], [37]. RL has also been successfully applied to animal

In contrast, if the contact schedule cannot be determinigitation from motion capture reference data on a quadrupedal
a priori, the contact interactions must be sohiewplicitly, robot [4]-
resulting in a much larger and more challenging nonlinear !N this work, we adopt a general-purpose contact-implicit
optimization problem [29], [30]. This method is referred tdMPC (CI-MPC) algorithm [35], capable of controlling both
as contact-implicit trajectory optimization [25], [26]. Reliablyduadruped and humanoid robots, and pair it with a low-
solving contact-implicit trajectory optimization problems tdevel joint-space controller based on IK and PD feedback for
high accuracy is challenging even in ofine settings, anfardware execution. Our contact-implicit MPC formulation
the solution can be sensitive to model mismatch. Sevef@n reason about contact timing and forces in real time,
previous studies have aimed to improve numerical accura@fabling robust tracking of complex behaviors.

[26], convergence properties [29], or robustness to contact
model uncertainty [31], [32].

In this work, we reason about contact interactions in eac
stage: During 3D reconstruction, we roll out reconstructed Imitating motion primitives from nature can be an effective
motions in a differentiable simulator [33], where contacstrategy for producing natural-looking robot behaviors while
is approximated with a spring-damper model. In trajectogvoiding tedious, manual trajectory design. Researchers have
optimization, we enforce rigid-body contact dynamics usingfudied various approaches for mimicking human motions
LCP constraints [26]. Finally, during online tracking, we solv§45], [46]. For example, learning-from-observation (LFO) con-

a simplied contact-implicit problem that can fully reasonverts MoCap motion sequences into reference motion prim-

. Motion Imitation

about contact mode timing. itives that can be tracked by a zero-moment point (ZMP)
controller, which enables a humanoid robot to graciously
C. Online Control for Legged Robots perform traditional Japanese dance routines [47].

Online feedback control has been widely studied for both Recently, imitation learning has been used to produce
quadrupedal [20] and bipedal [34] robots in recent yearghimal-like movements for animation [42]. [4], [44], [48]
MPC [20], [35] and RL [36], [37] have emerged as populademonstrated imitated motions where the sim-to-real gap was
approaches for executing dynamic locomotion behaviors érdged through online adaptation on a quadrupedal robot.
legged systems. Similarly, model-based imitation [5], [43] has also produced

Different from of ine trajectory optimization, MPC typi- animal-like locomotion on a real-world quadrupedal robot
cally uses a simpli ed model and only solves a nite-horizorusing hybrid trajectory optimization, where foothold locations
variant of the optimal control problem to achieve real-timand timing were predetermined by thresholding MoCap data.
performance. Notably, [20] uses a heuristic foothold locatiohhese prior works rely on marker-based motion capture to
scheduler and solves a convex quadratic program (QP) fwquire motion priors. [44] uses RGB videos but still relies on
desired stance-foot forces. This method achieves robust lostanual labeling to acquire trajectories. As discussed in Section
motion without any of ine computation. A lower-level whole-II-A, these methods have some major limitations. Recent
body controller (WBC) [38] or inverse kinematics (IK) is thervideos from Boston Dynamics [41] demonstrate impressive
used to map the MPC solution into the robot joint spaceobot dancing through complicated choreography design, char-
At the motor level, a hand-tuned proportional-derivative (PC3cter animation, and robot trajectory optimization procedures;
controller is used to track this joint-level trajectory on th@n expensive, time-consuming process.
robot. The ofine trajectory optimization and online MPC In robot manipulation, recent work [49], [50] takes essential
pipeline have enabled several impressive real-world robsteps towards acquiring in-the-wild robotic skills from real-
behaviors, such as quadruped jumping [39], [40], humanoierid RGB videos through reinforcement learning. The key
parkour [22], and even coordinated heterogeneous muti-rolilmgight from these two studies is that computer-vision tech-
dance routines [41]. nigues can now process widely-available human and animal

Model-free RL aims to learn a feedback control policyfootage into representations that can be very effective priors
typically represented by a deep neural network, by collectifigr acquiring robotic skills. In this work, we tackle the
experience in a simulated environment or the real world. Theoblem of imitating locomotion skills by extracting target
learned policy is optimized by maximizing a reward functiomotions from videos using 3D reconstruction. Different from
using gradient descent algorithms. Similar to model-basedevious RL-based imitation methods that only consider robot
pipelines, recent RL methods also rely on hand-tuned lokinematics, we use optimal control methods that allow us to
level PD controllers to execute behaviors in the real workekplicitly reason about dynamics.
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We propose a simple and cost-effective method: synthesize
legged robot motion primitives directly from casual RGB
videos without manual labels and leverage a model-based con-
troller for robust execution on robot hardware. Additionally,
we demonstrate that our control strategy generalizes acré$3. 3: The physics-informed 3D reconstruction pipeline:
guadruped and humanoid robots. Moreover, the model-badgifferentiable rendering from a monocular video (left) and
approach allows us to interpret the output trajectories addferentiable physics simulation (right) update key-point mo-
explicitly reason about hardware limitations like torque limitstion estimates (middle). Solid red and green arrows represent

rendering and physics-roll-out costs; dashed arrows are corre-
IIl. V IDEO-TO-ROBOT MOTION TRANSFER sponding gradients.

In this section, we present the SLoMo algorithm for robothe neural blend-skinning model warps 3D points of the new
motion imitation from in-the-wild videos: Section Ill-A (Fig. €N guration to the default con guration, which can then be
2 (a)) describes the 3D reconstruction pipeline for generatiH§ed © query the visual properties of the object. We further
physically-plausible key-point trajectories from casual footagBarameterize the joint anglé€g= MLP  (t) and SE(3) root-
Section III-B (Fig. 2 (b)) explains the ofine trajectory- link transformatlonC_B = MLP (t). Then, after training, the
optimization problem used for constructing dynamically fero-level set otl given by
sible robot reference trajectories and foot-contact sequences (d:c)= MLP  (W(X)) ©)
that mimic key-point movements. Section IlI-C (Fig. 2 (c))

details the contact-implicit MPC algorithm [35] for tracking'@Presents the surface of the object at time _
the optimal reference online. Differentiable Volume Rendering: In addition to the object

shape model, we train another parameterized background
scene model similar to Eq. (1). The shape and scene models
can then be used together to differentiably render images given
Given videos of a target animal or human, our goal is t§ camera's view transformation and intrinsic parameters [52].
estimate its kinematic key-point trajectory in the world COOYdWe achieve this by performing ray Casting for each image pixe|
nates. Similar to prior work [17], [18], [51], we simultaneously. For all 3D points along the ray within a given distance
reconstruct articulated shapes and kinematic skeleton trajegnge, we use Eq. (3) to query their 3D color and density
tories, connected by a blend skinning model. To reconstrugid perform a weighted average to compéitép), the pixel
physically plausible trajectories, we set up a physics-informeggjues on the rendered image, including 2D color and object
optimization by coupling differentiable rendering costs witkjlhouette. We further render optical ow fromto t + 1 by
an additional physics-roll-out cost. warping and projecting the queried points from the current
We de ne thex(t) 2 RN to be the estimated key-pointcon guration to the next frame con guration.
trajectory, whereN is the total number of key-pointg, 2 Rendering Cost We compare the expected color, object sil-
f1:::Tg to be discrete time steps, afidto be the number houette, and optical ow of pixels; (p) on the rendered image
of frames in a given video. with the input video observations at tinte The observation
Shape Model: We use a Multi-Layer Perceptron (MLP)c,(p) comes from basic image-processing and segmentation
parameterized by to represent the visual properties of thenethods [14], [53]. A rendering cost function is de ned as:
default state of the object: X X
Lrender = k& (p) ci(p) k? 4)
(d;c)= MLP  (X); 1) t p
whered 2 R is the assigned signed distance an@ R® is We use its gradients to update the model parameters
the color at each poirX 2 R3. The points that have distanceand with the Adam optimizer [54].
d = 0 are on the surface of the object. This representationPhysics Roll-Out Cost Using only the rendering cost,
is similar to a neural radiance eld (NeRF) [13] except wéhe trained shape model can generate motions from the same
remove the view dependence of color. view point [18]. However, these motions are often physically
Kinematic Skeleton Model To model the motion of the unrealistic due to piece-wise scale ambiguity at each individual
subject animal or human, we use a prede ned target kinemafigtch [55] — a common issue for reconstructing monocular
skeleton model consisting @& rigid links andN spherical Vvideos. For example, a dog can be up close and oating in the
joints, among which a root link is selected to de ne their or far away and on the ground. Both are equally valid from
model's location and orientation in space. For simplicity, wéhe same monocular visual evidence, but only the latter obeys
utilize joint locations as key points (Fig. 3). The key-poinphysics. To resolve this ambiguity, we introduce a physics-roll-
trajectory x(t) can be calculated using forward kinematicsut cost in the optimization problem to encourage a physically
When the skeleton changes con guration, the object's shapiusible rendering solution.
should deform and move along with the skeleton. This motion Treating the key-point skeleton as a oating-base multi-
is described by a neural blend-skinning mowé&l(X ) [18] as rigid-body system, we denote its generalized coordinates as
an MLP parameterized by: q(t) . During differentiable rendering, using the latest param-
eters and , we can generate a reference trajectqyft)
Wi (X) = MLP (X;Q;G;1): (2) witht 2 f1:::Tg. Then, in a differentiable simulator [33],

A. Physics-Informed Reconstruction from Casual Videos
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