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Abstract— This work presents a motion retargeting approach
for legged robots, aimed at transferring the dynamic and agile
movements to robots from source motions. In particular, we
guide the imitation learning procedures by transferring motions
from source to target, effectively bridging the morphological
disparities while ensuring the physical feasibility of the target
system. In the first stage, we focus on motion retargeting at
the kinematic level by generating kinematically feasible whole-
body motions from keypoint trajectories. Following this, we
refine the motion at the dynamic level by adjusting it in the
temporal domain while adhering to physical constraints. This
process facilitates policy training via reinforcement learning,
enabling precise and robust motion tracking. We demonstrate
that our approach successfully transforms noisy motion sources,
such as hand-held camera videos, into robot-specific motions
that align with the morphology and physical properties of the
target robots. Moreover, we demonstrate terrain-aware motion
retargeting to perform BackFlip on top of a box. We successfully
deployed these skills to four robots with different dimensions
and physical properties in the real world through hardware
experiments.

I. INTRODUCTION

Legged robots are steadily making their way into human
society for their ability to walk alongside humans. As these
robots become more prevalent in everyday settings, there is
growing interest in generating natural and subtle motions
beyond standard walking [1, 2]. In this context, imitation
learning (IL) has emerged as an effective tool for generating
natural motion by imitating prerecorded or hand-crafted
motions [3]. For example, safe and attentive behaviors of
robotic assistance dogs can be developed by imitating the
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(a) Original motion (b) Unitree Go1

(c) Unitree AlienGo (d) Unitree B2

Fig. 1: (a) A hand-crafted HopTurn motion was kino-
dynamically retargeted using our method and executed on
the (b) Unitree Go1, (c) AlienGo, and (d) B2 robots, each
with different dimensions and physical properties.

motions of a service dog captured in a video, where the dog
carefully approaches the elderly without causing disruption.

The main challenge of motion imitation lies in overcom-
ing the morphological and dimensional differences between
source and target systems [4, 5]. Specifically, when imitating
prerecorded animal motion, the disparity between the animal
actor and the robot in morphological and physical properties
hampers the direct transfer of the motion at the joint trajec-
tory levels. To address this issue, motion imitation involves a
process known as motion retargeting, which adjusts the target
motion to ensure compatibility with the size and morphology
of the target robotic system.

Existing motion retargeting methods can transfer and adapt
source motions for target systems but often produce kino-
dynamically infeasible motions. These infeasible motions can
result in sub-optimal mimicking behaviors or even complete
failure in imitation [6, 7]. Additionally, the application of
these methods is generally limited to motion data that
includes whole-body movements with global body pose
information. Consequently, this limitation restricts the use
of motion data with an unknown coordinate frame, such as
animal movements captured by a hand-held camera.

Our work aims to generate physically feasible reference
motions to facilitate streamlined and successful learning of
control policies that imitate the expressiveness and agility in
source movements, as shown in Fig. 1. More specifically,
we aim to develop a motion retargeting method that enables
transferring motion data lacking global body pose informa-
tion and with an unknown origin point to target robotic



(a) Overview

(b) Spatial motion retargeting (c) Temporal motion retargeting

Fig. 2: (a) Our STMR method consists of SMR and TMR stages to generate kino-dynamically feasible motion. (b) In the
SMR stage, a kinematically feasible whole-body motion in absolute coordinates is generated, but only keypoint motion
is given in local coordinates. (c) In the TMR stage, the temporal aspect of the motion is optimized, and a dynamically
feasible motion is generated. As the resulting motion is physically feasible, it can guide the training of control policy toward
successful deployment in the real world.

systems.
To this end, we proposespatio-temporal motion retarget-

ing (STMR), which transfers baseless keypoint trajectories
to the target robot as shown in Fig. 2a. The motivation
of our approach is to break down motion retargeting prob-
lems into two subproblems in space and time domains,
respectively. In more detail, STMR generates whole-body
motion with two sequential processes, namelyspatial motion
retargeting(SMR) andtemporal motion retargeting(TMR).
SMR retargets motion at a kinematic level. By regulating
kinematic artifacts of foot sliding and foot penetrations, SMR
enables the generation of whole-body motion from videos
by reconstructing it from baseless keypoint trajectories, as
depicted in Fig. 2b. On the other hand, TMR, as illustrated
in Fig. 2c, focuses on re�ning the motion subject to dynamics
constraints and further deforms the motion in the temporal

domain to generate a dynamically feasible motion. This
step is particularly crucial for motions that involve �ight
phases, as motions in Fig. 1, where variations in robot size
and actuation power should lead to differences in mid-air
duration. In the �nal step, a feedback control policy is trained
through reinforcement learning (RL), guided by a kino-
dynamically feasible reference motion to ensure accurate and
robust tracking when deployed on real robots.

To demonstrate the ef�cacy of our approach, we conducted
extensive experiments with distinct motions across various
quadrupedal robot platforms and compared the results with
three baseline methods for motion imitation. Additionally,
we quantitatively show that motions generated by our STMR
method are free of foot sliding and preserve contact sched-
ules. We also showcase that STMR can generate whole-body
motion from the relative movement of keypoints and contact
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schedules, which we refer to as baseless motion. Finally, we
demonstrate that a learned control policy can be successfully
deployed in the real world on four robots—Unitree Go1,
Unitree Go2, AlienGo, andB2—each with different dynamic
properties and dimensions.

In summary, we propose STMR, which generates a kino-
dynamically feasible motion from keypoint trajectories de-
scribed relative to an unknown reference coordinate frame
and facilitates successful IL. The key contributions of our
work are summarized as follows:

1) We introduce spatial and temporal motion retargeting
(STMR) that transfers motion by adjusting in both
spatial and temporal dimensions to ensure the physical
feasibility of motion imitation.

2) We present a novel nested optimization framework for
temporal motion retargeting, which integrates a model-
based controller as an internal process to optimize
motion timing.

3) We experimentally show that the motion optimized by
STMR leads to successful policy learning for real-
world deployment.

II. RELATED WORK

A. Motion imitation for quadruped robots

Developing a legged locomotion controller capable of
replicating the agile and natural movements of legged an-
imals has been a longstanding aspiration. To realize this
ambition, a body of research has explored the approach
of incorporating prerecorded animal motion or hand-crafted
motion animation into a legged locomotion control pipeline.

Several studies have demonstrated motion imitation with
a model-based legged locomotion control pipeline. Kang
et al. [1] employed a simpli�ed dynamics model and a
gradients-based optimization method to search for the control
sequence, including the footholds of robots, in order to
transfer the gait sequences that maintain the non-periodic
and irregular patterns of animal motion. Grandia et al. [8]
introduced a nested optimization approach for the retargeting
of animal motion by deriving sensitivities in the retargeting
parameters, with the goal of creating dynamically feasi-
ble target motions. These motions were then executed on
a quadruped robot using model predictive control. Zhang
et al. [9] presented a motion imitation pipeline that transfers
source motions obtained from videos using a pose estimator.
Additionally, they adopted the contact implicit trajectory
optimization technique to remove the requirement for explicit
contact information in the motions. Notably, Kang et al. [10]
demonstrated a model-based motion controller that follows
high-level joystick commands while preserving animal-like
walking styles by incorporating a data-driven motion plan-
ning algorithm into the legged locomotion control pipeline.

In another vein, imitation learning (IL) has also been
a vigorously explored area of research and represents a
promising strategy for imitating animal motions. Peng et al.
[11] introduced a reinforcement learning (RL) approach that
uses a reward function to align the state of a character

with prerecorded motion data, enabling the character to
perform actions such as walking, running, and dancing. This
methodology was further extended to real-world robotics
in later work, showcasing the execution of agile animal
movements on a quadruped robot [12]. More recently, the
adversarial motion prior (AMP) [13] method was introduced
for improved generality and applied for a quadruped robot
to walk in a real-world scenario [14]. Inspired by this, Li
et al. [15] adopted a similar approach to imitate rough and
physically infeasible reference torso motions.

Shifting the focus to animal motion imitation, some stud-
ies combine model-based optimal control (MBOC) and IL
by leveraging MBOC demonstrations to train RL policies,
resulting in dynamic and agile quadruped motions [16, 17,
18, 6, 7]. Notably, Fuchioka et al. [17] employed of�ine
trajectory optimization (TO) to generate complex reference
motions such as quadruped back�ipping and executed these
motions using a feedback controller trained with IL. Sim-
ilarly, Kang et al. [18] introduces on-demand reference
motion generation through optimal control for ef�cient and
robust IL across various quadruped gait patterns. Liu et al.
[19] utilized DDP to re�ne motion skills led by policy
training.

In this work, we utilize prerecorded animal motion data
and hand-crafted animations to replicate the agile and natural
movements observed in animals. Similar to the work by
Fuchioka et al. [17], Kang et al. [18] and Liu et al. [19],
our approach enhances motion imitation by using MBOC
to generate optimal control and state data for streamlined
IL. However, the difference is that we not only optimize
the control and states of the robot but also adjust the target
motion, including temporal deformation.

Additionally, we demonstrate that our method can retarget
motions obtained from videos. This is similar to the work
of Zhang et al. [9] in that we re�ne motions obtained from
pose-estimators according to the robot's dynamics. However,
our proposed method differs in that it reconstructs the base
trajectory of the robot in the global frame by incorporating
contact plans, instead of relying on noisy base positions given
by the pose-estimator.

B. Motion retargeting

In the context of motion imitation, overcoming the mor-
phological differences between the source and target systems
is essential to replicate motion from a system with distinct
con�gurations. In this regard, motion retargeting plays a
crucial role by adapting the source motion to be compatible
with the target system.

The most intuitive motion retargeting methods often in-
volve utilizing supervised learning with paired motion data
between two source and target con�gurations. In line with
this methodology, Yamane et al. [20] employed a Gaussian
process latent model to map human motions to a character
directly. Seol et al. [21] presented a technique of blending
the retargeted motion with the nearest motion data point to
ef�ciently learn the mapping for motion retargeting. More
recently, a mixture of experts were trained on a paired dataset
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to generate real-time quadruped motions [22]. Meanwhile,
Choi et al. [23] proposed a semi-supervised learning ap-
proach that constructs a latent space of collision-free poses
and uses non-parametric regression to enable real-time mo-
tion retargeting in the real world. While these methods may
appear straightforward, it is important to note that they often
require a laborious data collection process, posing challenges
in scaling the data for numerous con�gurations.

Alternatively, another line of work focuses on retargeting
motions at the kinematic level by transferring the movement
of keypoint trajectories. The work by Choi and Ko [24] is
among the �rst to utilize inverse kinematics (IK) for motion
retargeting by following the keypoint trajectories. Choi and
Kim [25] further advanced this approach by modifying key-
point trajectories and employing IK to evaluate the deformed
motion.

Building upon this foundation, the transfer of keypoint
trajectories was further explored using unsupervised learning
approaches. Villegas et al. [26] leveraged the differentiability
of forward kinematics to transfer motions between human-
like characters by matching keypoint movements with ad-
versarial loss. Similarly, the work by Li et al. [27] utilizes
keypoint-wise feature loss and adversarial loss to retarget
humanoid motions to non-humanoid characters. Aberman
et al. [28] introduced a concept of the common skeleton to
construct an intermediate latent space shared among different
kinematic structures using unsupervised learning. Choi et al.
[29] proposed a self-supervised learning framework to ensure
a safe motion retargeting process, wherein pseudo-labels
were acquired through optimization-based motion retargeting
approaches.

While the kinematic motion retargeting methods men-
tioned previously can generate visually convincing motions,
incorporating system dynamics can signi�cantly enhance the
physical feasibility of motions and streamline their deploy-
ment to real robots. Tak and Ko [30] introduced the dynamic
motion retargeting �lter to regularize motion with Zero-
Moment Point (ZMP) constraints for legged �gures. Fol-
lowing this, Al Borno et al. [31] employed linear quadratic
regulator (LQR) search trees, and Rouxel et al. [32] used
a whole-body optimization under kino-dynamic constraints
to track keypoint trajectories of the source motion. As
previously mentioned, Grandia et al. [8] employed a nested
optimization approach with MBOC to ensure the dynamical
feasibility of the retargeted motions.

In this paper, we transfer trajectories of local positions of
keypoints from a source motion while preserving the contact
schedule of the motion. Throughout this process, we account
for both the kinematics and dynamics of the target system
to generate physically feasible motions. Speci�cally, our
method prevents kinematic artifacts (e.g., foot sliding) while
adhering to the system's dynamics and physical constraints.
Notably, we re�ne the motion in the temporal domain by
adjusting the time scale. In our experiments, we demonstrate
that this temporal optimization generates dynamically fea-
sible motions, successfully transferring motions to a target
system with signi�cantly different dimensions.

III. PRELIMINARIES

This section describes two established methods, namely
the Unit Vector Method (UVM) [25] and Differential Dy-
namic Programming (DDP) [33]. Since our proposed method
produces physically feasible movements by re�ning a target
motion at kinematic and dynamic levels, these techniques are
utilized as subprocesses: UVM for kinematic-level motion
retargeting and DDP for dynamic-level motion retargeting.

A. Unit vector method

The UVM retargets a source motion by preserving the
directional unit vector between two adjacent keypoints that
move along with the target robot. While this method does not
guarantee the kinematic feasibility of the retargeted motion,
we use it as a subprocess to generate an initial reference for
whole-body motion.

Consider a robot whose joint position is denoted as� 2
RM and keypoint position asp 2 RN � 3, whereM and N
are the numbers of joints and keypoints, respectively. The
Unit Vector Method aims to obtain joint position� given
the keypoint positions of the source system, denoted assrcp.

Let us de�ne a parent indexP(j ) for j th keypoint with
respect to the kinematic tree. The unit directional vector
betweenj th keypoint and its parent can be described as
ej = ( p j � pP ( j ) )=dj wheredj := kp j � pP ( j ) k is constant
as two keypoints lies on rigid link. By scaling the directional
vectorej with target link lengthtrgdj , the keypoint position
of the target systemtrgp is obtained as

trgp j = trgpP ( j ) + trgdj
srcej : (1)

Subsequently, the joint position� is obtained by solving
inverse kinematics:

� = IK(trgp1:N ):

B. Differential Dynamic Programming

Differential Dynamic Programming (DDP) is an effec-
tive approach for �nding control inputs that achieve user-
de�ned objectives while satisfying the system dynamics
model and physical constraints. As the proposed retargeting
problem involves �nding dynamically feasible motions, we
utilize DDP as an internal subprocess for dynamic-level
motion retargeting. Speci�cally, we utilize an Iterative Linear
Quadratic Gaussian (ILQG) [34], a variant of DDP.

We denote the state of the robot asx, the control input
asu, and the dynamics of the robot asf . The discrete-time
dynamics ati th step is described asx i +1 = f (x i ; u i ): The
primary goal of DDP is to �nd the optimal control inputs,
u0:h � 1, and states,x0:h , given the target states,�x 0:T , under
the system dynamics,f . This can be represented as Eq. 2
where we minimize the objective function comprising the
sum of the running costl i and the �nal costl f :

min
x 0: h ; u 0: h � 1

h� 1X

i =0

l i (x i ; u i ; �x i ) + l f (xh ; �x h )

s.t. x i +1 = f (x i ; u i ):

(2)
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We de�ne the optimal value function (also known as the
optimal cost-to-go) ati th step as follows:

� V i (x) = min
x i : h ; u i : h � 1

h� 1X

j = i

l (x j ; � u j ; �x j ) + l f (xh ; �x h )

s.t. x j +1 = f (x j ; u j )

x i = x:

According to the Bellman optimality principle, the rela-
tionship between the optimal value function ati and i + 1
steps can be expressed as

� V i (x) = min
u

[l i (x ; u) + � V i +1 �
f (x ; u)

�
]: (3)

Furthermore, we de�ne the state-action value functionQi ,
which is derived by perturbing the state-action pair(x i ; u i )
around the minimum:

Qi (� x ; � u) = l i (x + � x; u + � u) � l i (x ; u)

+ V i +1 (f (x + � x; u + � u)) � V i +1 (f (x ; u)) :

For brevity, we drop the step-indexi and useV 0 for V i +1 .
Then, we expandQ with second-order approximation with
the coef�cients

Qx = lx + f T
x V 0

x (4a)

Qu = lu + f T
u V 0

x (4b)

Qxx = lxx + f T
x V 0

xx f x + V 0
x � f xx (4c)

Quu = luu + f T
u V 0

uu f u + V 0
x � f uu (4d)

Qux = lux + f T
u V 0

xx f x + V 0
x � f ux (4e)

where the subscripts denote differentiation. With this approx-
imation, the optimal control modi�cation� � u is obtained as

� � u = � Q� 1
uu (Qu + Qux � x ); (5)

and by ignoring the second order derivative of the dynam-
ics (i.e. f xx ; f uu ; f ux ), each coef�cient can be recursively
obtained with

� V (i ) = �
1
2

Qu Q� 1
uu Qu (6a)

Vx (i ) = Qx � Qu Q� 1
uu Qux (6b)

Vxx (i ) = Qxx � Qxu Q� 1
uu Qux : (6c)

For more detailed derivations, we refer the readers to the
previous work by Mayne [33].

IV. PROBLEM FORMULATION

In this section, we introduce essential notations to formu-
late thespatio-temporal motion retargeting(STMR) prob-
lem. In the latter part of this section, we effectively solve the
proposed STMR problem by decoupling it into two stages:
spatial motion retargeting (SMR) and temporal motion retar-
geting (TMR). In essence, the SMR problem addresses only
the kinematic aspects, while the TMR problem considers the
dynamics of the target robotic system.

(a) Temporal deformation

(b) Temporal motion retargeting

Fig. 3: The overview of temporal motion retargeting (TMR)
is illustrated. (a) Temporal deformation involves splitting
the motion into equal segments and scaling with temporal
parameter� . (b) Using acquisition functionA , the temporal
parameter� is sampled for temporal deformation and scored
by model-based control.

A. Notations

Consider a robot withM joints whose joint position is
denoted as� 2 RM . The base position of the robot is
denoted aspb 2 R3, and base orientation represented with
quaternion is denoted ash 2 H whereH is unit quaternion
space. The generalized coordinate of the robot is de�ned by
stacking these values denoted asq = [ pb; h; � ]. Similarly,
we write linear, angular, joint velocity asv 2 R3; w 2 R3,
and _� 2 RM , respectively. The time derivative of generalized
coordinate is accordingly de�ned as_q = [ v ; w ; _� ] and the
state of the robot is de�ned asx = [ q; _q]T .

We denote the keypoint positions asp 2 RN � 3 andN is
the number of keypoints. Speci�cally, we focus onN = 16
keypoints consisting of four hips, thighs, knees, and feet.
These values are speci�ed for each frame, with the maximum
frame index denoted byT. For instance, the position of
the j th keypoint in thei th frame is denoted asp i

j , where
j 2 [1; 2; :::; N ] and i 2 [0; 1; 2; :::; T ]. Furthermore, we
de�ne foot index � (�) to represent position of four feet as
p � (1) ; p � (2) ; p � (3) ; p � (4) .

We write forward kinematics as FKj , which mapsq to
the global position of thej th keypoint asp j = FKj (q),
and its jacobian matrix asJ j , where J j = @(FKj (q ))

@q 2
R(M +6) � 3. We note that, in the subsequent chapter, we
abuse the forward kinematic notation without the subscript
asp = FK(x) to denote a mapping between the full statex
and the concatenated keypoint positionsp, for brevity.
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B. Spatio-temporal motion retargeting

As the keypoint trajectoryp is acquired from an arbitrary
quadruped actor, it can be physically infeasible for the target
robot to track. Furthermore, the keypoint trajectoryp may
not contain the base movement required for whole-body
imitation. To this end, we propose STMR, which regenerates
the physically feasible whole-body motion by optimizing
both spatial and temporal dimensions.

Let us de�ne the temporal parameters as� 2 RS that scale
the keypoint motion along the time axis, which we refer to as
temporal deformation, as shown in Fig. 3a. More speci�cally,
we divide the source motion intoS segments and temporally
scale each segment by the factor corresponding to each
component of� . We de�ne this operation as the temporal
deformation functions� (t), which maps control time to
the corresponding time in the source motion. Through this
operation,T frames of keypoint trajectories correspond toT�

control time steps. Additionally, we de�ne the linear inter-
polation function, LI(t; p0:T ), which computes the keypoint
positions at continuous timet 2 R by linearly interpolating
the keypoint trajectories. Therefore, LI(s� (tk ); p0:T ) gives
the keypoint positions atkth control time step, which serves
as control targets.

Then, we formulate an optimization problem as described
in Eq. 7 where search for the optimal temporal parameters
� � , control sequence� u0:T � � , and robot states� x0:T � � .

min
u 0: T � ;x 0: T � ;� 2I

1
2T�

T �X

k=0

kFK(x k ) � LI
�
s� (tk ); p0:T )

�
k2

Q

s.t. x k+1 = f (x k ; uk );

h(x k ; uk ) � 0;

geq(x k ) = 0 ;

gin(x k ) � 0;

(7)

where,tk is the control time atkth time step andI is the
prede�ned bound for the temporal parameters� .

In the STMR problem, the system is constrained by the
dynamicsf and other physical constraintsh, such as torque
limit, Coulomb friction cone constraints, so on. Additionally,
we introduce foot constraintsgeq and gin that prevent foot
sliding and ground penetration, while enforcing identical
contact timing to the original motion. The details of the foot
constraints will be described in Section V-A.

It is worth noting that the STMR problem involves trans-
forming the target motion to make it feasible for the robot
to imitate rather than simply tracking the motion. Therefore,
the retargeted motion should be constructed to preserve the
semantic meaning of the original motion. For that reason,
we deform the motion in the bounded temporal regionsI to
preserve the overall expressiveness of the motion.

Solving this optimization problem is challenging due to
its complexity, which involves nonconvex objectives and
constraints. To address this, we divide this problem into two
subproblems: spatial motion retargeting (SMR) and temporal
motion retargeting (TMR). This decomposition simpli�es the
problem, even though it remains nonconvex, as detailed in

the following sections.

C. Spatio-Temporal decoupling

Due to the challenges mentioned earlier, we decompose
the STMR problem into separate spatial and temporal com-
ponents. With this approach, we sequentially determine map-
pings for each component through a two-stage optimization
process.

In the �rst stage, the SMR stage, we focus on the kine-
matics of the motion. Starting from the STMR problem in
Eq. 7, we exclude the dynamicsf and temporal parameters
� , concentrating on the kinematic feasibility of the position-
level stateq by enforcing the foot constraintsg. We search
for kinematic feasible states�q by minimizing the objective
function under the foot constraintsg, as shown in Eq. 8.
Speci�cally, foot constraints are applied to prevent foot slid-
ing and penetration while ensuring identical contact timing.
We refer the reader to Section V-A for more details on these
foot constraints.

min
q 0: T

1
2T

TX

i =0

kFK(q i ) � p i k2
Q

s.t. geq(q i ) = 0 ;

gin(q i ) � 0

(8)

Following this, we compute the trajectory of keypoints
corresponding to�q as�p = FK( �q). We then perform temporal
deformation withs� on the newly obtained keypoint trajec-
tory. Finally, we solve TMR problem, presented in Eq. 9,
to search for the optimal temporal parameters� � , control
sequence� u0:T � � and resulting states� x0:T � � :

min
u 0: T � ;x 0: T � ;� 2I

1
2T�

T �X

k=0

kFK(x k ) � LI
�
s� (tk ); �p0:T )

�
k2

Q

s.t. x i +1 = f (x k ; uk );

h(x k ; uk ) � 0;

geq(x k ) = 0 ;

gin(x k ) � 0

(9)

Note that the TMR problem encompasses a �nite-horizon
optimal control problem (OCP), which �nds the optimal
control sequence to track the given reference states under
dynamics. By ignoring the temporal parameter� , the TMR
problem reduces to OCP with the goal of tracking the
reference keypoint trajectoryp0:T . From this insight, we
reformulate this problem as a nested optimization problem
to reduce the complexity:

min
� 2I

0

B
B
B
B
B
B
B
B
B
@

min
u 0: T � ;x 0: T �

1
2T�

T �X

k=0

kFK(x k ) � LI
�
s� (tk ); �p0:T )

�
k2

Q

s.t. x i +1 = f (x k ; uk );

h(x k ; uk ) � 0;

geq(x k ) = 0 ;

gin(x k ) � 0

1

C
C
C
C
C
C
C
C
C
A
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(a) Baseline Method

(b) Spatial motion retargeting

Fig. 4: Illustration of baseline method and spatial motion retargeting (SMR). (a) The baseline method (i.e., Unit Vector
Method) can lead to kinematic artifacts such as foot sliding, foot penetration, and mismatched contact timing. (B) On the
other hand, SMR generates kinematically feasible motion by appropriately anchoring the foot position as~p.

As illustrated in Fig. 3b, we iteratively search for the optimal
set of � � , � x0:T � � and � u0:T � � . For each iteration of the
outer loop, we begin with a given value of� and solve
the inner optimization for the� x0:T � and � u0:T � . In the
next iteration, we update� and repeat the process until a
minimum is reached. The resulting robot state� x0:T � � serves
as the kino-dynamically retarged motion. More details on
TMR are discussed in Section VI.

Furthermore, it is worth noting that we solve this in-
ternal optimal control problem using the off-the-shelf sim-
ulator [35] using full dynamics modelf instead of the
reduced model. This approach makes introducing a new
target robot straightforward, enabling motion retargeting to
arbitrary quadruped robots. However, solving optimal control
with full dynamics modelf can be challenging because of
high-dimensional state space. In this paper, we utilize DDP
from Section III-B, which is known to be effective in such
scenarios [36].

V. SPATIAL MOTION RETARGETING

In this section, we provide more details on spatial motion
retargeting (SMR) that retargets motion at the kinematic
level. One simple way for kinematic motion retargeting is
the Unit Vector Method (UVM), as outlined in Section III-
A, that maintains the directional unit vector between adjacent
keypoints. However, this approach may introduce undesired
artifacts such as foot sliding or foot penetration. For instance,

Algorithm 1 Spatial Motion Retargeting

1: q0  IK q0

2: ~p  PROJECTGROUND(FK(q))
3: IK _q  DIFFERENTIATE( IK q1 ; IK q0)
4: for i = 1 to N do
5: IK _q  DIFFERENTIATE( IK q i ; IK q i +1 ; � t )
6: if not ANY(ci ) then . Flight phase
7: if ANY(ci � 1) then
8: v exit  POLYFIT(BASEPOSITION(q0: i ))
9: BASEVELOCITY( IK _q)  v exit

10: v exit  v exit + g� t
11: ~q  INTEGRATE(q i � 1 ; IK _q; � t)
12: repeat
13: J  GETJACOBIAN(q)
14: _q  SOLVEQP(J; q; ~q; c; K ) . Eq. 14
15: q i  q i + � _q
16: until _q < _q thres

17: for j = 1 to 4 do
18: p � ( j ) = FK(q) � ( j )

19: if p � ( j ) z < HEIGHTMAP(p xy
� ( j ) ) then

20: ci
j  True

21: if ci
j and not ci � 1

j then . At the new contact segment
22: ~p j  PROJECTGROUND(p � ( j ) )

Fig. 4a illustrates that transferring a walking trajectory by a
short-legged robot to a long-legged robot leads to unnatural
foot sliding and penetration. Additionally, the UVM cannot
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