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Abstract— Human motion provides rich priors for training
general-purpose humanoid control policies, but raw demon-
strations are often incompatible with a robot’s kinematics and
dynamics, limiting their direct use. We present a two-stage
pipeline for generating natural and dynamically feasible motion
references from task-space human data. First, we convert
human motion into a unified robot description format (URDF)-
based skeleton representation and calibrate it to the target
humanoid’s dimensions. By aligning the underlying skeleton
structure rather than heuristically modifying task-space targets,
this step significantly reduces inverse kinematics error and
tuning effort. Second, we refine the retargeted trajectories
through progressive kinodynamic trajectory optimization (TO),
solved in three stages: kinematic TO, inverse dynamics, and
full kinodynamic TO, each warm-started from the previous
solution. The final result yields dynamically consistent state
trajectories and joint torque profiles, providing high-quality
references for learning-based controllers. Together, skeleton
calibration and kinodynamic TO enable the generation of
natural, physically consistent motion references across diverse
humanoid platforms.

I. INTRODUCTION

Humanoid robots promise to operate in human-centered
environments, performing tasks that require rich whole-
body coordination, dexterous contact interaction, and agile
locomotion. Human motion datasets [1] provide a rich source
of coordinated behaviors that can serve as motion priors
for training humanoid control policies. Recent retargeting
methods [2], [3] have shown that human demonstrations
can be converted into natural-looking humanoid motions
by mapping human keyframes to robot inverse kinematics
(IK) targets, which can then be robustly tracked by con-
trollers trained with reinforcement learning (RL) [4], [5],
[6]. However, most existing retargeting tools model human-
robot morphology mismatch using root-link-centered task-
space scalings and per-keyframe local offsets [3] that are
inconsistent with the underlying skeletal structure, often
requiring substantial IK objective tuning. Moreover, most
retargeting pipelines are purely kinematic [2], [3], [7], so
the resulting references can be dynamically infeasible. Using
such references for RL forces the policy to both track
the motion and compensate for physical inconsistencies,
increasing the training difficulty.

To address these challenges, we propose a two-stage
pipeline that improves both kinematic and dynamic fidelity.
First, instead of root-to-keyframe scaling and keyframe local
offsets, we generate a human skeletal URDF from task-space
motion and calibrate it to the target robot dimensions. Unlike
prior human skeleton calibration strategies [2] which are
often limited to SMPL [8], our URDF calibration applies
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Fig. 1: Experimental results of highly dynamic side flip
tracking on Unitree G1.

to any human motion format with an implicit skeleton,
improving IK quality while reducing tuning efforts.

Second, we formulate a kinodynamic TO problem to
recover dynamically feasible motion references from the cal-
ibrated kinematic sequence. Rather than solving this highly
nonlinear and nonconvex kinodynamic TO problem [9] in
one shot, we tackle it progressively in three stages: kinematic
TO, inverse dynamics, and full kinodynamic TO. Each stage
uses the optimal solution of the previous stage as an initial
guess, gradually introducing kinematic and dynamic consis-
tency. The resulting trajectories provide not only dynamically
valid state trajectories but also corresponding torque profiles,
which serve as strong supervision for downstream RL-based
tracking policies. This is especially beneficial when training
highly dynamic motions like the side flip in Fig. [T}

Our approach bridges human demonstration, model-based
TO, and learning-based control. By disentangling kinematic
alignment, dynamic feasibility recovery, and robust control
policy learning, we improve both motion quality and training
efficiency. In summary, our main contributions are as follows.

o A general algorithm that generates and calibrates a hu-
man URDF from task-space motion, enabling physically
interpretable human-to-robot geometric alignment and
improved IK retargeting quality.

e A progressive kinodynamic TO framework that gradu-
ally refines retargeted motions into kinematically and
dynamically feasible humanoid trajectories.

o An integrated pipeline that produces high-quality mo-
tion and torque references for RL training, bridging
kinematic retargeting, dynamics enforcement through
TO, and motion tracking controller training through RL.



II. RELATED WORK
A. Human Motion Retargeting

Retargeting human motions to humanoid robots is essen-
tial for leveraging human motion datasets in robot learning
and control. A central challenge arises from the morpho-
logical differences between humans and robots, including
discrepancies in link lengths and kinematic structures.

One line of work addresses this issue through simplified
task space modifications that are incompatible with the
underlying skeleton structure. GMR [3], for example, applies
root-to-keyframe scalings and per-keyframe local offsets to
human motion in task space before using it as IK targets.
While effective within a limited range of configurations, this
approach is inherently local. For example, the dimension
mismatch caused by a taller and wider shoulder and a
shorter arm should be corrected by making the spine and
shoulder links longer and the arm links shorter. If following
GMR’s method and correcting it by root-to-arm scaling,
even on the same robot, different joint configurations will
result in a different optimal scaling factor, making it not
calibratable. GMR solved this issue by adding keyframe
orientation tracking when the position references are off,
which increases the need to calibrate nontrivial keyframe
orientation offsets from human to robot, and adds IK tuning
efforts.

An alternative strategy is to calibrate the underlying human
skeletal model to better match the robot dimensions. PHC [2]
optimizes the shape parameters of the human model SMPL
to align it with the dimensions of the robot, thus producing
task-space references that are more consistent with the target
robot. However, the SMPL [8] shape parameters are derived
from principal component analysis (PCA) on the shapes of
human bodies. Although they are well-suited for representing
realistic human body variations, calibrating them to robot
dimensions, which are often outside the human distribution,
can introduce undesirable artifacts, such as asymmetric limb
proportions, spine distortions, or inconsistent foot geometry.

In contrast, our method directly calibrates the human
URDF generated from task space human motion, which are
not only more physically interpretable and accurate but also
more generalizable to diverse human motion formats with an
implicit skeleton structure other than SMPL.

B. Model-Based Trajectory Optimization for Humanoids

Model-based trajectory optimization (TO) serves as a cor-
nerstone for generating dynamically feasible motions in high-
dimensional humanoid systems. These methods formulate
motion generation as a constrained optimization problem,
enforcing physically grounded dynamics constraints rang-
ing from simplified centroidal dynamics [10] to full order
Lagrangain dynamics [9]. With careful engineering, such
optimization problems can be used to control humanoid
robots in real time using solving methods such as Differential
Dynamic Programming [11], [12] and Sequential Quadratic
Programming [9], [13].

Despite their success, classical model-based TO pipelines
typically rely on carefully hand-crafted reference trajectories.

These references include but are not limited to predefined
base link pose and velocity trajectories [9] and foot swing
trajectories and contact schedules [12]. Designing such ref-
erences is non-trivial in that it requires substantial domain
expertise, manual tuning for each robot morphology, and
often task-specific adjustments. Moreover, because these
references are hard coded rather than optimized, the resulting
motions may appear overly regularized or conservative, lack-
ing the variability, expressiveness, and subtle coordination
patterns observed in natural human movements. As a result,
even when dynamically feasible, the generated behaviors can
be perceptually unnatural.

In contrast, our work starts from natural human motion
references and refines them through model-based kinody-
namic TO. We treat human demonstrations as rich priors
and use TO to enforce robot-specific dynamics, contact
feasibility, and actuation limits. This shifts the role of trajec-
tory optimization from motion design to motion refinement,
enabling dynamically consistent humanoid behaviors that
retain the structure and naturalness of human movement
while satisfying the physical constraints.

C. Reinforcement Learning for Robust Motion Tracking

Reinforcement learning (RL) has become a dominant
paradigm for humanoid control due to its ability to learn
feedback policies that are robust to modeling errors, distur-
bances, and contact uncertainties. However, RL-based con-
trol faces two persistent challenges: policies trained purely
from task rewards may converge to unnatural motions, and
training high-dimensional humanoid policies typically re-
quires large amounts of data and computation [4].

To improve training efficiency and motion quality, prior
works commonly adopt one of the following two strategies.
A first approach uses model-based TO to synthesize dynam-
ically feasible reference trajectories, and subsequently trains
RL policies to track them [14], [15]. Although this reduces
exploration difficulty and accelerates convergence, the ref-
erence motions remain shaped by handcrafted objectives,
contact schedules, and heuristic design choices, inheriting
the same naturalness limitations as pure TO methods. A sec-
ond approach directly feeds kinematically retargeted human
motions into RL as tracking references [16], [17], [18]. This
significantly enhances motion naturalness by leveraging hu-
man demonstrations, but because kinematic retargeting does
not enforce dynamics constraints, the RL policy must im-
plicitly correct dynamics infeasibility. Consequently, motion
correction and policy learning become entangled, increasing
the difficulty of training.

In contrast, our approach bridges these paradigms. We first
retarget natural human motion to the robot kinematics and
then refine it through kinodynamic TO to enforce dynamics
consistency. The optimized motions are subsequently used
as references for RL training. This preserves the structural
naturalness of human demonstrations while ensuring physical
plausibility prior to policy learning. Moreover, our kinody-
namic TO provides joint torque references that are unavail-
able in purely kinematic retargeting pipelines, offering richer
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Fig. 2: Retargeting framework.

supervision and further reducing learning complexity.

IITI. INVERSE KINEMATICS WITH URDF CALIBRATION

Fig. 2] provides an overview of our Skeleton-Parameter
Aligned Retargeting framework with Kinodynamic trajec-
tory optimization (SPARK), which consists of an upstream
inverse-kinematics (IK) stage and a downstream trajectory-
optimization (TO) stage. In the IK stage, we convert task
space human motion into a human URDF and a human
generalized coordinate trajectory (Sec. [lI-A). We then cal-
ibrate the human URDF to the target robot dimensions
(Sec. [lII-B)), and replay the generalized coordinates on the
calibrated URDF to generate task space references for IK
(Sec. [MI-C), producing a robot motion reference in robot
generalized coordinates. In the TO stage, we refine this
trajectory by removing kinematic artifacts via kinematic TO
(KTO; Sec. and dynamic artifacts via inverse dynamics
(ID; Sec. and kinodynamic TO (KDTO; Sec. [V-D).

A. Human URDF and Generalized Coordinates Generation

Human URDF Generation: Human skeletons and hu-
manoid robots typically differ in both the number of links
and their dimensions. To enable reliable retargeting, we
first convert a human skeleton motion sequence into a
human URDF and a generalized-coordinate trajectory, and
then calibrate the human URDF to match the target robot
dimensions. Replaying the generalized coordinates on the
calibrated URDF yields high-quality task-space references
(Sec. that are consistent with the robot morphology.

The conversion workflow is illustrated in Fig. |3} A human
skeleton motion sequence provides the pose of each bone
frame B; (i € {1,..., Npame}) With respect to the world
frame Y. In the URDF, we create one link £; per bone
B; and construct the model from a rest pose specified
by the motion file. The rest pose is typically a standing
configuration with vertical legs and an upright torso; arm
configurations may vary but should remain left-right sym-
metric. If a suitable rest pose is missing, we define one prior
to URDF construction.

The coordinate-frame-related notations in this paper are
as follows: For any three frames A, B,C, “p_45 denotes the
position vector from the origin of frame A to the origin of
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Fig. 3: Coordinate frame definitions of human skeleton and
the corresponding human URDF in rest pose. While the
human bone frames B; are often aligned to the specific bones,
we align the URDF link frames £; to a user-defined aligned
frame A with the same orientation as the robot URDF root
link to facilitate URDF calibration.
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frame B, expressed in frame C. R 45 denotes the rotation
matrix that takes in a vector v expressed in B and returns
the same vector expressed in A, i.e. Av = RypBv. It is
also the relative rotation of frame B with respect to frame
A. & a5 denotes the quaternion corresponding to R 45.

In the rest pose r, we set each link origin to match the
corresponding bone origin, i.e., pwe,[r] = pwas,;[r]- We
then rotate each link frame to coincide with the orientation
of a user-defined aligned frame .4, which has the same
orientation as the robot URDF root link to facilitate the
URDF calibration in Sec. This alignment simpli-
fies both URDF generation and calibration: the local rest-
pose relative translations “ip, £, [r] become identical to the
global relative translations expressed in A, i.e., “'pr, c;lr] =
Apc, £, [r]. Consequently, constructing the URDF reduces to
computing these relative translations from the world-frame
rest-pose bone positions "W pyy. [r] using

“iproc,[rl =pe.c, ]
=Riy4 Vowe, 1] = Vowelr]) D)
= Ryy4 (Vpws, [rl = Vpws,[r]) -

Human Generalized Coordinate Generation: We define
the generalized coordinates of the human URDF at timestep
k as Quman[k] = Vowe, [K]; we, [K]; d1[k]; - .5 o, (K],
where "V pyy, is the root-link position, &y, is the root-link
quaternion, and ¢, (n € {1,...,N,}) are the Euler angles
of the n-th spherical joint. These quantities are computed as

Vowe, (k] = S0 P, [K], (2a)
Ewe, [k] = quat (R, [k])
= quat (RWB1 [k]RBllll) ) (2b)

¢nlk] =euler (Re, r, [K])

= euler (Rginﬁi" Rz, 5, [FIRs,, Ljn) , (20)

in

where s;0¢ 1S the root position scaling factor to be calibrated



Fig. 4: Rest pose key frame calibration of human URDF to
humanoid robot dimensions. We match the link lengths for
arms regardless of their absolute positions, and the absolute
positions for the remaining key frames. We also calibrate the
orientation offsets for end effectors if the robot has enough
degree of freedom to track end effector orientations.

in Sec. quat(-) converts rotation matrix to quaternion,
and euler(-) converts rotation matrix to euler angles. R, ¢,
is the relative rotation of the i-th link frame with respect to
the corresponding bone frame, which can be computed under
rest pose as

Rz, = Rp,alr] = Riys, [FIRwa. 3)
B. Human URDF Calibration

We calibrate the human URDF to the target humanoid di-
mensions by matching keyframes in the respective rest poses.
Fig. f] shows an example of the rest pose configurations
and key frame definitions when calibrating human URDF
to Unitree G1. The robot rest pose (typically the neutral
configuration with zero joint angles) should be a standing
pose compatible with the human-URDF rest pose convention.
The arm configuration may differ, since we only calibrate
arm lengths. We decompose calibration into five groups:
End Effector Calibration: We calibrate the local position
and orientation offsets of end effectors such as wrists and
ankles from the human URDF to the robot URDF so that
their absolute poses can be tracked. If the robot wrist has
fewer than three rotational degrees of freedom, its orientation
cannot be tracked exactly; in this case, we omit the wrist-
orientation calibration. In our IK formulation, end effectors
are the only frames with orientation targets, since orientation
offsets for intermediate links are generally ambiguous.
Arm Calibration: We select three keyframes on each arm
(shoulder, elbow, and wrist) and calibrate the shoulder—elbow
and elbow—wrist link lengths. Because human and robot rest
poses can differ substantially in arm configuration, we do
not calibrate the full 3D relative translations. Instead, we
estimate a scalar length scaling factor Siengmn for each segment
through the following

Slength = ||pr0b0tH2 / thuman”g s 4

where ||Probot||, 18 the arm length of the robot and || Phuman |5
is the arm length of the human.

Leg Calibration: We choose three keyframes on each leg
(hip, knee, and ankle) and calibrate the absolute hip—knee
and knee—ankle translations in the human URDF to match
the robot URDF.

Main Body Calibration: We select five keyframes on the
main body (one waist frame, two shoulder frames, and
two hip frames). Because the torso contains additional
intermediate links, we correct their dimensions using an
affine transformation. In the Unitree G1 example shown in
Fig. ] where the robot URDF root frame and all human
URDF frames have their x axes pointing forward and z axes
pointing upward in the rest pose, this affine transformation
includes an xz shear and independent scalings along y and
z. The orientation synchronization was done by the aligned
frame A introduced in Sec. To calibrate the rest pose
transformations of all links between £; and £; in the human
URDF, we find their corresponding links R;, R ; in the robot
URDF, and calibrate the affine transformation A using

1 0 kg
0 0 s,

where k, is the xz shear factor and s,, s, are the scaling
factors along the y and z directions. We then apply the cali-
brated transform to any intermediate link relative translation
Pz, c.» where L, and L, are links between £; and L;,
using

PL,. L, corrected = APLmL‘n . (6)

Setting £; to the waist frame and £; to a shoulder frame

calibrates all links between waist and shoulders. Likewise,
setting £; to the waist frame and £; to a hip frame calibrates
links between waist and hips.
Root Position Scale Calibration: After calibrating leg and
main body dimensions, we need to calibrate the root position
scaling factor s, in (2a) so that stance legs are still sticking
on ground after leg dimensions have changed. The calibration
can be done using

_ corrected
Sroot = ’ ’ P Lo Lankie

2 / Hpﬁrootﬂankle H2 I (7)

corrected f o
where p7P7* - and pg,,, £, are the corrected and original

root-to-ankle vector respectively.

C. Inverse Kinematics (IK)

After URDF calibration (Sec. [[II-B), we replay the human
generalized-coordinate trajectory in (2)) on the calibrated hu-
man URDF to obtain task-space references for all keyframes.
Because calibration aligns the reference geometry with the
target robot morphology, these task-space references can be
tracked reliably. We solve IK for the generalized coordiantes
q of the humanoid robot at each timestep via

NEE 5 memc 9
min > IR(@) [y + D 16P(@)[3y,
i=1 =1
2
+llay = ayomlty,, ©

s.t. qj,min < q; < qj,max
Vj,minAt < q; — qj,prev < Vj,maxAta



where ||e||%v := e’'We denotes a W-weighted squared
{5 norm. The objective minimizes position errors dp over
all Nyame keyframes and orientation errors JR only over
the Ngg end effectors. We omit orientation targets for in-
termediate links, since their orientations are determined by
the connected keyframe positions. This avoids calibrating
ambiguous intermediate-link orientation offsets. If a robot
wrist has fewer than three rotational degrees of freedom,
we also drop wrist-orientation tracking. Finally, we enforce
joint position and velocity limits and regularize towards the
previous solution gy to reduce jitter near singularities.

IV. PROGRESSIVE KINODYNAMIC TO
A. General TO Formulation

Given the IK retargeting result qjx and the contact labels
from the human motion, we further apply kinodynamic
trajectory optimization (KDTO) to obtain humanoid motions
that are feasible both kinematically and dynamically. Di-
rectly solving KDTO is difficult due to the problem’s high
dimensionality and nonlinearity, so we adopt a progressive
pipeline with three stages: (i) kinematic TO (KTO; Sec.
to correct contact kinematics and self-collisions, (ii) per-
timestep inverse dynamics (ID; Sec. [V-C) to produce a
good initialization for second-order dynamic quantities, and
(iii) a final KDTO stage (Sec. that jointly optimizes
kinematics and dynamics. Both KTO and KDTO can be
written in the following general form:

X[O:N]{r&li[g:N_l] lirack (X[0 : N) + lreg(x[0 : N],uf[0: N —1])
st x[k + 1] = £ (x[k], u[k)) (9a)
g(x[k]) <0
h (x[k],u[k]) <0 (%9b)
Xmin < X[k] < Xmax
Umin < ulk] < Umax- (9¢)

The exact definitions of the decision variables, costs and
constraints differ between KTO (Sec. and KDTO
(Sec. [V-D), and are defined in the corresponding sub-
sections. In general, the decision variables are the system
states x and inputs u. The objective consists of a motion-
tracking term lyack (%[0 : N]) and a smoothing regularizer
leg(x[0 : N],ul0 : N — 1]). The constraints include the
system dynamics (Oa), general inequality constraints (9b),
and box constraints (O9c) on states and inputs. Constraints
involving time index k4 1 apply for all k € {0,..., N —1};
all others apply for k € {0,...,N}.

B. Kinematic TO (KTO)

Decision Variables: For KTO, the system state is x = [q; V],
comprising the robot generalized coordinates q and gener-
alized velocities v, and the system input is the generalized
acceleration u = a. We initialize KTO using the IK solution:
Qguess = dix- We then obtain vguess and aguess via finite
differences.

Cost Function: The KTO tracking cost IXTQ penalizes task-

track
space pose errors dp;,dR,; and task-space velocity errors

0v;,dw; for all Np,me keyframes used in IK, with targets
computed from the IK solution qpz and vyx. The regular-
ization term lgo penalizes generalized accelerations a to
smooth the trajectory.

N N(nlm
g =Y. lopi(q ||w + [|0R (alk) 3w, +
k=0 =0
||5v2-< [] [J)H%vv+H5wi<q[k1,v[k]>u%vw (10a)
K10 = Z alk] |3y, (10b)

Double-Integrator Dynamics Constraint: The KTO dy-
namics use a semi-implicit double integrator that maps
generalized accelerations a to states (q, v):

qlk + 1]
vk + 1] = v[k] +

=qlk] ® vk + 1] At

a[k] At, (b

where @ denotes the additive group operation (to handle
configuration manifolds).

Kinematic Contact Constraints: A key role of KTO is to
enforce consistent contact kinematics. We impose three sets
of constraints:

Dswing,z = 0, (12a)
Diirst contact,z = 0

Riirst contact,z2 = 1 — €, (12b)
Veontact = 0

Weontact = 0. (12¢)

The swing-foot-above-ground constraint (12a) enforces a
nonnegative swing-foot height pgying, .. The first-contact-on-
ground constraint sets the contact-foot height to zero
at the first contact timestep and approximately aligns the foot
with the ground by constraining Rfirst contact,z> = 1 — €, where
€ is a small slack to avoid numerical infeasibility (we use
¢ = 10™%). Finally, the holonomic contact constraint
enforces zero linear and angular velocities Veontact, Weontact
at the contact foot. Together, these constraints keep the
swing foot above the ground and establish holonomic surface
contact for the stance foot.

Self Collision Avoidance Constraint: We formulate self-
collision avoidance constraints on a point-to-point basis. At
any timestep k, for each collision pair (p,, p;) € C (with 4, j
denoting collision-point indices), we enforce that the distance
between p; and p; exceeds a minimum separation d(; ;y, min:

Ipi(alk]) — pj(alkDlly > di.j),min-

This formulation extends naturally to sphere-to-sphere con-
straints by increasing d; j) min by the sum of radii.

Joint Position and Velocity Limits: The KTO box con-
straints include joint-position limits and joint-velocity limits:

(13)

g5, min S q; [k] S q;j,max;

14
V., min < Az} [k] < Vj max- ( )



C. Inverse Dynamics (ID)

At each timestep, we fix the generalized coordinates and
velocities to the KTO optimum (qgrq, Vikro) and solve
inverse dynamics (ID) as a single-timestep quadratic program
(QP).

Decision Variable: ID optimizes the generalized acceleration
a, joint torques 7;, and contact wrenches w. The KTO-
optimal acceleration agr, serves as both the tracking ref-
erence and the initialization for a.

Cost Function: The ID objective tracks the KTO-optimal
acceleration agp, while minimizing joint torques 7; and
contact wrenches w:

2 2 2
P = ldallw, +lIilw,, +Iwlw, - (15)

Lagrangian Dynamics Constraint: The ID dynamics con-
straint uses the full-order Lagrangian rigid body dynamics
of a floating-base system:

Nfoo(
M(q)a + H(q,v) = [3 } Y T@w. (6)
=1

Contact Wrench Constraints: When a foot is in swing
phase, its contact wrench must vanish, i.e. Wyying = 0.
When a foot is in contact phase, the 6D wrench of a foot
W = [fa; fy; f2; Ta; Ty; 72| satisfies the Contact Wrench Cone
(CWC) constraint [19], which can be written as:

|fe| < puf-, ‘fy| <upf., f2>0
o] SY fo, ITy| < X f

Tz, min é Tz S Tz, max>

7)

Tz,min = _:U/(X +Y)fz + |wa - :U/T$| + |Xfy - /’LTU‘ )
Tz max — +/"L(X + Y)fz - |Yf:n + :U’TCE| - |Xfy + MTy(‘l’S)

where X and Y are the length and width of the foot support-
box, and p is the friction coefficient.

Contact Foot Zero Acceleration Constraint: In (12), the
contact-foot velocity is constrained to zero, which implies
zero contact-foot acceleration. However, because ID treats
generalized acceleration a as a decision variable and does
not explicitly include (I2), the resulting solution aj, may
violate this zero-acceleration condition. We therefore enforce
it explicitly as:

Jconlact(q)a + jconlact(cb V)V =0. (19)

Torque Limits: The ID is subjected to joint torque limits:

(20)

Tj,min S T S Tj,max-

D. Kinodynamic TO (KDTO)

Decision Variable: The KDTO state is x = [q; v; a], which
includes generalized coordinates, velocities, and accelera-
tions, and the input is u = [7;; w], which includes joint
torques and contact wrenches. Since KDTO is highly non-
linear and nonconvex, we warm-start it using the KTO and ID
solutions. Specifically, we initialize generalized coordinates
and velocities with KTO: qguess = Agro and Vguess = Viros

and initialize accelerations, torques, and contact wrenches
with ID: aguess = a1y, Tj,guess = T;ID, and Wgyess = Wip-
Cost Function: The KDTO costs share the same tracking
term as KTO ((KPTO = [KTO) " yith a regularization term

track track
N-1
e =Y 6alk]llwy, + 575Ky, + 6wkl
reg - Wa J W.,.j Wy *
k=0

(2D
The regularization term encourages generalized accelerations
a, joint torques 7;, and contact wrenches w to stay close to
the ID solutions ajp, 77 p, and wip,
Constraints: The KDTO constraints combine the KTO con-
straints with the ID constraints. For dynamics, we enforce
both the discrete-time double-integrator constraint (TI)) and
the rigid-body dynamics constraint (T6) at each timestep.
For contact, we include the kinematic contact constraints
, the zero-wrench constraint for swing foot, and the
CWC constraint for stance foot. Self-collision avoidance
follows (T3). Finally, we impose joint position and velocity
limits (T4) and joint-torque limits (20).

V. RESULTS AND ANALYSES

This section evaluates the key components of our pipeline
through three sets of experiments. First, we quantify how
URDF calibration improves IK retargeting accuracy on mul-
tiple humanoid platforms in Sec.[V-A] Next, we study motion
editing in Sec. using forward jumping as a case study,
and compare KDTO against raw edits and KTO. Finally,
we demonstrate the advantage of KDTO for highly dynamic
motions such as the side flip shown in Fig. [T] in Sec. [V-C]
where recovering dynamic feasibility and optionally provid-
ing torque references accelerates the RL training process.

A. Effect of URDF Calibration on IK

As discussed in Sec. prior retargeting methods such
as GMR [3] model human-robot morphology differences
using task-space root-to-keyframe scalings and per-keyframe
local offsets that are not consistent with the underlying skele-
tal structure. Calibrating these scaling and offset parameters
is therefore intertwined with tuning the IK cost, which makes
the approach difficult to generalize across large variations
in source human body shape and motion. When applied
to datasets with substantial diversity in human shapes and
motions, such as AMASS [1], it can fail in corner cases
such as Fig. [5] where the reference matches along one axis
(width) but is incorrect along another (height).

Our calibration of URDF resolves this issue by correcting
the dimensions of the actual human skeleton. Once the target
robot and the human-motion format are fixed, the same
calibration logic can be applied to large datasets containing
human skeletons of various dimensions. Because the cali-
brated task space targets are structurally consistent with the
robot, we do not need to impose orientation tracking on
intermediate links, and the IK position and orientation track-
ing weights can be set uniformly to one. This substantially
reduces the IK tuning effort. We benchmark the IK mean
per-body position error Eypppe on the AMASS ACCAD



Fig. 5: IK Comparison between GMR (left) and URDF
Calibration (right).

TABLE I: IK Eppppe [cm] Comparison between GMR and
Our URDF Calibration on AMASS ACCAD Dataset over
Multiple Robots.

Retarget Method Gl H1 T1 PMO1  Kuavo 4Pro
GMR 937 1253 659 951 19.50
URDF Calibration  1.60  4.40 1.85 247 4.71

dataset [1] when retargeting to Unitree G1 [20], H1 [21],
Booster T1 [22], Engine Al PMO1 [23], and Kuavo 4Pro [24].
Table [] shows that URDF calibration yields significantly
lower Eppbpe than GMR, with improvements of 82.9% on
G1,64.9% on H1, 71.9% on T1, 74.0% on PMOL1, and 75.8%
on Kuavo 4Pro.

B. Motion Editing

Collecting human demonstrations is costly, so editing
existing motions is an appealing way to synthesize additional
training data and broaden hardware coverage. However, naive
edits can introduce kinematic discontinuities and dynamic
infeasibility, making the resulting references difficult to track.
TO can mitigate these artifacts and improve reference quality.
Here we use forward jumping as a case study. We apply two
kinds of edits to it: (i) increasing the jump height shown
in Fig. [6} (ii) connecting it with an initial and terminal
standing phase for safe hardware deployment. Fig. [7] reports
RL learning curves of the mean per-body position tracking
error Eyphpe When using references from the raw edit, KTO,
and KDTO. We train motion-tracking policies following
BeyondMimic [18] in IsaacLab [4] on Unitree G1 [20].
Jump Higher: Simply scaling the vertical position to obtain
a higher jump is insufficient, because a larger apex height
also requires a longer flight time under the same gravity. We
therefore scale the foot z-height by 4x and adjust the time
discretization At based on the resulting change in center-
of-mass height. We measured that this height edit increases
the maximum center-of-mass height by 1.4x, so we scale
the time by v/1.4. Instead of directly scaling At, which
degrades the accuracy of TO integration, we interpolate the
reference to /1.4 times the original frequency while keeping
At unchanged. The right subfigure of Fig. [7] shows that

"
Baseline | \

Fig. 6: Unitree G1 performing a forward jump. The left case
is the baseline, and the right one is edited to jump higher.
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Fig. 7: Comparison of RL Ep,ppe learning curves of jumping
motion editing when the reference motions are provided by
raw edit, KTO, and KDTO.

KDTO achieves a substantially lower final tracking error
than KTO and the raw edit. This highlights that when
edits affect dynamics-relevant quantities such as gravitational
acceleration, recovering a dynamically feasible trajectory
with KDTO is important for high-quality tracking.
Connect Motions: The jumping motions cannot be deployed
directly on hardware because they start and end with nonzero
velocities. A simple workaround is to repeat the first and last
frames so that the reference is static at the beginning and end
of the execution. This edit introduces velocity discontinuities
at the transitions between standing and jumping, which
TO can smooth out. We apply this edit to all hardware
experiments. The left subfigure of Fig. [7] shows the learning
curves for this edit applied to the baseline case where the
jump segment itself remains unmodified. KTO improves the
convergence speed, and the gap between KTO and KDTO is
small. All three variants reach similar final tracking errors,
suggesting that this edit introduces only minor dynamic
artifacts in our setting.

C. Highly Dynamic Motion Tracking

The advantage of recovering dynamically feasible trajec-
tories with KDTO is most pronounced for highly dynamic
motions, such as the side flip motion shown in Fig.[T] Beyond
producing a kinematically consistent trajectory, KDTO also
yields joint torque references that can accelerate policy
learning. In Fig. El we compare Eppppe learning curves for
side-flip tracking under three reference variants. The KTO
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Fig. 8: Comparison of RL Eyphpe learning curves of side flip
tracking when the reference motions are provided by KTO,
KDTO, KDTO+T.

and KDTO runs use the standard BeyondMimic [18] reward,
while KDTO+T adds an exponential joint torque tracking
term r; tracking the optimal KDTO joint torques 7/xpro.
which is defined as

rr; = exp (Tjmse/0)

1
Nj
This term encourages joint torques T; to track KDTO-
optimized torques T; xpro. Here, 7; msg is the mean-squared
normalized torque error, with ./ denoting element-wise di-
vision. INV; is the number of joints and 7} yax is the torque
limit. As shown in Fig. [§] the KTO learning curve plateaus
for roughly 500 iterations before converging, as training
struggles near the most challenging flip timestep when the
robot is inverted. In this regime, KTO must simultaneously
learn to track the difficult motion while correcting dynamics
infeasibility. By contrast, KDTO exhibits a much shorter
plateau because the reference motion is already dynamically
feasible, and KDTO+T converges even faster thanks to the
additional guidance from the torque-tracking reward.

(22)

TjMSE = H (75— Tf,KDTo) -/"'J%maXH; :

VI. CONCLUSION

In this paper, we presented a pipeline for transferring task
space human motion to humanoid robots with no per-motion
tuning. We first introduced a URDF calibration procedure
that aligns human skeletal dimensions with the target robot
prior to reference generation, producing task-space targets
that are kinematically consistent with the robot morphology.
This structural alignment substantially reduces the need for
manual IK weight adjustment and orientation-offset tuning.

We then investigated the role of dynamics consistency
in tracking edited and highly dynamic motions and demon-
strated that KDTO recovers dynamically feasible trajectories
and provides additional joint torque references, which im-
prove both learning efficiency and tracking performance.
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