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Abstract— Motion retargeting approaches often prioritize
kinematic similarity over whole-body dynamics, contact consis-
tency, and actuation limits, yielding references that are difficult
for reinforcement learning (RL) policies to reproduce, particu-
larly for contact-rich behaviors. We present a contact-implicit,
direct simulation-based multiple shooting (DSMS) framework
that transforms kinematically feasible references into dy-
namically feasible whole-body trajectories. By embedding a
differentiable simulator within a nonlinear program, DSMS
resolves contact, friction, impacts, self-collision, and joint limits
internally while enforcing tracking, actuation, and task con-
straints without prescribing a contact schedule or introducing
explicit contact constraints. Compared with existing retargeting
methods, DSMS accelerates motion-imitation RL training and
yields policies with high success rates and low tracking error.
We further demonstrate zero-shot sim-to-real transfer on the
Unitree G1 through command-conditioned contact-rich crawl-
ing and a highly dynamic 180-degree jump-turn. Additional
Material: shooting-for-contact.github.io.

I. INTRODUCTION

Reference motions derived from human demonstrations,
reduced-order models, and animation provide powerful pri-
ors for learning and control [1]. Recent reference-tracking
reinforcement learning (RL) and imitation learning (IL) have
demonstrated complex locomotion and whole-body behav-
iors from motion-capture, animation, and video-generated
trajectories [2]–[4]. However, the quality of the learned
controller depends strongly on the reference motion [5], [6].
Most retargeting pipelines prioritize kinematic correspon-
dence, mapping human pose or key-body poses onto the
robot while accounting for differences in morphology [7],
[8]. Although this method can produce visually plausible
motions, the resulting trajectories are often not dynamically
consistent with robot physics, contacts, or actuation limits—
limiting their applicability across diverse motions.

This dynamics mismatch is particularly problematic for
contact-rich behaviors, such as crawling, parkour jumping,
and rolling, during which the robot may use different body
parts for support and balance [9]. A kinematically retar-
geted motion may contain foot sliding, unrealistic ground
penetrations, self-collisions, or actions that require infeasible
torques and impulses. RL can sometimes compensate for
and robustify these defects, but it must then simultaneously
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Fig. 1: DSMS trajectory optimization solutions in simulation
(left) and their corresponding zero-shot hardware realizations
on the Unitree G1 (right), shown for velocity-conditioned
contact-rich crawling (top) and a 180◦ jump-turn (bottom).

discover a feasible realization of the motion and learn to sta-
bilize it. These characteristics make reward tuning difficult:
strong tracking rewards pull the policy toward an infeasible
reference, while weaker rewards allow the learned behavior
to deviate from the intended motion.

We propose a method for generating dynamically feasible
references for RL. Before policy training, trajectory opti-
mization transforms the original motion into a dynamically
consistent reference for the target robot. For contact-rich
behaviors, this optimization must also reason over contacts
that may not be known a priori, as well as handling hard
constraints such as friction cone and actuation limits. The
resulting policy can then focus on simply stabilizing around a
physically meaningful nominal trajectory rather than discov-
ering a trajectory from a dynamically inconsistent reference.

A. Related Works

Generating meaningful robot references is challenging be-
cause contact-rich humanoid motion is high-dimensional and
hybrid. Recent reference-based RL has enabled humanoid
robots to reproduce diverse locomotion and whole-body be-
haviors from human motion data [2], [3], [10]. However, such
motions are largely generated through kinematic retargeting
and geometric correspondence [11]. Other methods improve
this stage by allowing interaction-preserving constraints or
learned motion refinement [5], [12], [13]. Nevertheless,
morphology and actuation differences can produce artifacts
such as foot sliding and penetrations. Retargeting quality has
consequently been shown to strongly affect the robustness
and convergence of downstream tracking policies [12], [14].
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Several works explicitly improve the physical feasibility
of reference motions. Bi-level motion imitation alternates
between adapting the reference and optimizing the tracking
policy [15]. OmniTrack uses privileged policy rollouts to pro-
duce physics-consistent references [16]. DynaRetarget [17]
and DDR [18] employ shooting-based trajectory optimization
or sampling-based model-predictive control (MPC) within
simulations.

Nonlinear programs based on direct collocation [19] and
multiple shooting [20] have shown promise for stabilizing
highly dynamic and underactuated systems. However, in their
standard forms, these transcriptions do not resolve contact
implicitly and instead require prescribed contact modes or
explicit contact constraints.

Contact-implicit trajectory optimization (CITO) provides
an appealing basis for ensuring dynamic feasibility [21],
[22]. The optimizer is free to make or break additional
contacts as needed to achieve the task, ensuring full dy-
namic feasibility while staying close to a reference motion.
However, many CITO methods require explicit contact pairs,
complementarity relaxations, or contact-force variables [1],
[23]. Additionally, many CITO methods aim primarily at
MPC, where full convergence and tight constraints are com-
promised for speed [23], [24]. CITO commonly represents
unilateral contact through complementarity constraints and
smooth contact models [25]–[27]. Related shooting-based
methods require differentiable simulations for whole-body
MPC, while derivative-free methods such as predictive sam-
pling provide a simple alternative for contact-rich behavior
synthesis [28], [29]. More broadly, differentiable simula-
tors obtain useful sensitivities through regularized contact,
implicit differentiation of hard-contact solves, or analytical
differentiation of collision and friction [30]–[33].

B. Contributions

This work introduces a direct simulation-based multi-
shooting (DSMS) nonlinear program for dynamics-aware
retargeting of contact-rich humanoid motions. We use the
discrete transition map of a differentiable simulator as the
whole-body dynamics model, where contact reasoning, fric-
tion, self-collision, and actuation limits are internally handled
by the high-fidelity simulator, eliminating the need for a
traditional contact-implicit optimization problem setup.

The main contributions of the paper are as follows:
• A general direct simulation-based multi-shooting frame-

work for whole-body dynamics and contact-implicit
motion retargeting.

• A unified pipeline that transforms kinematically feasi-
ble trajectories into whole-body dynamically feasible
references and that synthesizes command-conditioned
periodic gait libraries from a few short motion clips.

• For motion-imitation RL, a numerical study of how
references generated with reduced-order, kinodynamic,
and our full-order optimization affect downstream pol-
icy training and tracking performance.

• Hardware demonstrations of (1) twist command-
conditioned contact-rich humanoid crawling under con-

strained spaces and rough terrain, and (2) a highly
dynamic 180◦ jump-turn motion.

II. PRELIMINARIES

A. Whole-Body Dynamics

We consider legged robots that achieve locomotion by
intermittently making and breaking contact with their en-
vironment. In particular, we are interested in contact-rich
behaviors in which the robot may use any part of its body
to generate motion.

We define the state as x := (q,v) ∈ TQ, where
q ∈ Q ⊆ Rnq denotes the generalized configuration and
v ∈ TqQ ⊆ Rnv the generalized velocity. The whole-body
(WB) continuous-time dynamics can be written as

M(q)v̇ +H(q,v) = Bτ + J⊤
c (q)λ, (1)

where M : Q → Rnv×nv is the mass–inertia matrix, H :
TQ → Rnv collects Coriolis, centrifugal, and gravitational
terms, B ∈ Rnv×nu maps actuator torques τ ∈ Rnu into
generalized coordinates, and λ ∈ Rnc denotes the stacked
contact-force coordinates acting through the contact Jacobian
Jc : Q → Rnc×nv . Here, nc is the total number of scalar
contact-force coordinates associated with all active contacts.

B. Differentiable Contact Dynamics

Rigid-body dynamics simulators compute contact forces
λ and advance the system dynamics (1) with a variety of
methods, including compliant models [30], complementarity
problems [34], convex optimization [35], and more [36].
Most simulators provide a discrete-time forward map

xi+1 = f(xi,ui). (2)

where xi and ui are the state and actuator command at the
ith simulation time step. A selected actuator interface maps
ui to the joint torque τi applied in (1), as detailed in Sec. III-
A. Depending on the simulator, this map may also capture
sticking and sliding contacts, impacts, joint-limit activation,
and other constraints within a single discrete transition.

We require that these forward dynamics are differentiable,
that is, the partial derivatives

∂f

∂x
,

∂f

∂u
(3)

are available. In this work, we use MuJoCo [30], which
leverages a convex differentiable contact formulation [37] to
provide these gradients via finite differences. However, our
framework is compatible with any differentiable simulator.

III. TRAJECTORY OPTIMIZATION

Our goal is to synthesize dynamically feasible whole-
body trajectories that track a desired reference. Importantly,
contact is not modeled explicitly in the optimization prob-
lem: no contact schedule or complementarity constraints are
prescribed. Instead, contact behavior is resolved implicitly
through the simulator dynamics (2).

The tracking terms are defined relative to a reference
trajectory Xref := (xref

0 , . . . ,xref
N ) that need not satisfy the



Fig. 2: Proposed multi-shooting trajectory optimization.

whole-body dynamics (1). The reference may come from
retargeted human motion-capture data, animation data, or a
reduced-order model (ROM), whose trajectories are dynam-
ically consistent only within the reduced representation.

A. Direct Simulation-based Multiple Shooting (DSMS)

We employ direct multiple shooting to transcribe the tra-
jectory optimization problem into a finite-dimensional non-
linear program (NLP). This transcription divides the horizon
into N intervals, treats the shooting-node states as decision
variables, and enforces continuity between independently in-
tegrated intervals through defect constraints. Shorter rollouts
and intermediate states reduce long-horizon sensitivity and
improve numerical robustness and convergence [38]. This
is particularly valuable for highly dynamic, underactuated
motions, whose open-loop behavior can be sensitive to early
control decisions.

We discretize the horizon [0, T ] into N shooting intervals
on the uniform grid

tk := k∆t, k = 0, . . . , N, ∆t :=
T

N
.

Let X := (x0, . . . ,xN ) collect the state variables at the
shooting nodes and let U := (ξ1, . . . , ξM ) collect M control
points, with ξj ∈ Rnu . These control points parameterize
the time-varying command signal through the map s :
[0, T ]× RMnu → Rnu , defined by

u(t) := s(t,U) =

M∑
j=1

βj(t)ξj . (4)

Here, {βj}Mj=1 is a prescribed set of basis functions, such
as a zero-order hold or piecewise-linear basis. The signal
u(t) denotes the actuator command, whereas τ (t) denotes
the joint torque entering (1). Depending on the actuator
interface, u(t) represents either a direct torque command or a
desired joint position tracked by a low-level PD controller.1

At shooting node k, the command is uk := u(tk). Using
shooting-node states X and spline control points U, we
transcribe the optimal control problem via direct multiple
shooting as an NLP:

min
X,U

J(X,U) (5a)

s.t. xk+1 = F(xk,uk), k = 0, . . . , N − 1, (5b)
g(xk,uk) ≤ 0, k = 0, . . . , N, (5c)
h(xk,uk) = 0, k = 0, . . . , N. (5d)

1Under torque control, the applied torque is τ (t) = u(t) and under
position control, the applied torque is τ (t) = Kp

(
u(t) − qjnt(t)

)
−

Kdv
jnt(t).

Here, the objective (5a) encodes tracking and regularization,
while the path limits and boundary or task constraints
are collected in (5c) and (5d). The flow map F in (5b)
integrates (2) from xk under u(t) during [tk, tk+1), with
the defect enforcing continuity between shooting intervals.
Internally, F chains S substeps of f with ∆tsim = ∆t/S.
Fine simulator steps resolve stiff contact dynamics, while
state variables only at the coarser shooting nodes keep the
NLP small. This is illustrated in Fig. 2. Because the simulator
directly defines the flow between shooting nodes, we refer to
this formulation as direct simulation-based multiple shooting
(DSMS).

B. Cost Function

The cost J(X,U) in (5a) is a weighted sum of state and
body tracking, together with input regularizers penalizing
torque effort and command rate.

With state error ek := xk ⊖ xref
k , the state tracking term2

penalizes the tangent space deviation from the reference,

ℓx(xk, k) = e⊤k Qx ek, (6)

with diagonal Qx ⪰ 0 weighting the configuration and
velocity errors.

In the style of the motion tracking objectives used in [2],
[3], we track the pose and twist of a set of key bodies B,
such as the feet, hands, and pelvis. For body b ∈ B, let yb

k

stack its pose and twist,

yb
k :=

(
pb
k, qb

k︸ ︷︷ ︸
pose

, vb
k, ωb

k︸ ︷︷ ︸
twist

)
, (7)

where these quantities are obtained by forward kinematics
from xk, and let yb,ref

k denote the same quantities on xref
k .

With body error ebk := yb
k⊖yb,ref

k , the body tracking term is

ℓy(xk, k) =
∑
b∈B

(
ebk

)⊤
Qye

b
k, (8)

with diagonal Qy ⪰ 0 weighting each body’s pose and twist
errors. Each body is tracked in either the world frame or the
frame of an anchor body such as the torso.

The terminal state and body tracking terms retain the same
form but with their weights scaled by γ > 1:

ℓfx(xN ) = γ ℓx(xN , N), (9a)

ℓfy(xN ) = γ ℓy(xN , N). (9b)

Because the state and body errors are defined in different
spaces—a generalized state space and a body-output space—
the two terms are complementary: body tracking enforces
task-relevant motion, while state tracking resolves kinematic
redundancy and regularizes the whole-body posture.

We regularize actuation with two terms. The first penalizes
torque effort on the realized torque τk,

ℓτ (xk,uk) = τ⊤
k Rτ τk, (10)

2Subtraction on a manifold is denoted by ⊖, accounting for the quaternion
component of the state.



(a) Limit cycle closure.

(b) Learning architecture.

Fig. 3: (a) A gait reference is closed into a command-constrained limit cycle: the planar pose advances by ∆z(c), while
w0 = wN enforces limit-cycle closure. (b) The commanded twist selects a phase-aligned gait from the library, and an
asymmetric actor–critic trains a reference-free policy from proprioception, command, and phase.

with diagonal Rτ ⪰ 0. We penalize the realized torque
rather than the raw command uk because the meaning of uk

depends on the actuator interface. The second term penalizes
the command difference ∆uk = uk − uk−1, promoting
smooth commands and suppressing chatter,

ℓ∆u(U) =

N−1∑
k=1

∆u⊤
k R∆u ∆uk, (11)

where diagonal R∆u ⪰ 0 and uk = s(tk,U).
Collecting the tracking and regularization terms, the ob-

jective J(X,U) in (5a) is

J(X,U) =∆t

N−1∑
k=0

[
ℓx(xk, k) + ℓy(xk, k) + ℓτ (xk,uk)

]
+ ℓfx(xN ) + ℓfy(xN ) + ∆t ℓ∆u(U), (12)

where the running terms are scaled by the timestep ∆t so
that their sum approximates the integral cost.

C. Receding Horizon Control

Full-horizon trajectory optimization solves the complete
reference trajectory from a fixed initial state in a single solve.
For highly dynamic humanoid motions, such as backflips and
forward rolls, we instead apply (5) in a receding-horizon
fashion, using repeated replanning to stabilize the rollout.
Each solve spans a moving reference window of H intervals
and duration TH = H∆t, shorter than the full trajectory.

At the j-th replanning time t̄j , we initialize the horizon
from the current simulated state and shift the reference
accordingly:

x0 = x(t̄j), xref
k = xref(t̄j + k∆t), (13)

for k = 0, . . . , H . We then solve the corresponding H-
interval instance of (5), execute the first ∆tctrl seconds of the
optimized command, advance the simulator, and repeat with
the shifted window. Concatenating the executed segments
produces a long rollout whose transitions are generated
directly by the simulator and therefore satisfy (1) by con-
struction, rather than only up to the defect tolerance in (5b).
Example motions are shown in Fig. 5.

D. Gait Synthesis

To demonstrate that the proposed optimization can enforce
constraints while preserving dynamic feasibility in contact-
rich motion, we use human motion-capture data of crawling.
Crawling involves frequent contacts with the hands, elbows,
knees, and feet, including sliding contacts. We synthesize a
library of periodic gaits, each realizing a prescribed average
base twist c := (vx, vy, ωz) ∈ R3. To cover the command
space, we use three motion-capture references: a forward
crawl, a backward crawl, and an in-place turn, together with
a static, zero-twist prone idle reference. Their corresponding
twist grids tile the full command space.

Starting from a nearly periodic gait reference with period
P , we solve the NLP (5) over a single gait cycle, using the
equality constraints (5d) to enforce limit cycle closure. To
formulate these constraints, we split the shooting-node state
as xk = (zk, wk) ∈ Z × W . The first component is the
planar base pose,

zk :=
(
pxy
k , ψk

)
∈ Z, (14)

containing the base horizontal position pxy
k and heading ψk,

with Z ∼= SE(2). The second component is the remaining
state,

wk :=
(
pzk, θk, qjnt

k , vk

)
∈ W, (15)

containing the base height pzk, yaw-invariant tilt θk, joint
positions qjnt

k , and generalized velocities vk.
The planar pose advances by the commanded displace-

ment, zN = z0 ⊕ ∆z(c),3 which enforces a prescribed
average base twist c. The remaining state satisfies w0 = wN ,
returning the height, tilt, joints, and velocities to their initial
values and enforcing periodicity. Together, these constraints
yield the limit cycle shown in Fig. 3a. Because closure
determines the cycle only up to a planar rigid transformation,
the tracking costs (6) and (8) anchor it to the gait reference,
fully determining the remaining degrees of freedom.

In addition to the cost (12), we add a no-slip term that
penalizes the horizontal velocity of each contact link while
it is planted. Because this term is a soft penalty rather than

3Addition on a manifold is denoted by ⊕ and accounts for the SE(2)
component of the state.



(a) (b) (c)
Fig. 4: Experimental demonstrations of (a) crawling forward and backward under height-constrained space, (b) crawling
under a height-constrained course with rough patches, and (c) crawling uphill on grass.

a hard constraint, it discourages unnecessary slipping while
permitting the sliding contacts required by crawling, without
excluding dynamically feasible solutions.

Repeating this procedure for a range of commanded twists
yields a library of command–gait pairs, in which each gait
trajectory Xgait

i is dynamically feasible under its correspond-
ing command ci:

L = {(ci,Xgait
i )}Ngait

i=1 . (16)

IV. REINFORCEMENT LEARNING

A. Motion Imitation

We use a motion-imitation framework to RL train policies
that reproduce generated reference motions [2]. Given a
reference trajectory from Sec. III-C, the policy learns to
reproduce it using per-frame body pose and twist rewards,
reference-state initialization, and adaptive frame sampling.

We use simulation deployment to evaluate how readily and
accurately each reference can be learned and reproduced:
a policy is trained on each reference and evaluated by
how reliably and accurately it reproduces the motion during
simulation rollouts. We use these results to compare dynamic
fidelity and retargeting methods in Sec. V-D.

B. Locomotion Controller

We train a single command-conditioned RL policy to track
the gait library L. Given a commanded twist c, the nearest
library trajectory provides the imitation target, allowing the
discrete library to serve as a continuous velocity-command
interface, as shown in Fig. 3b.

We use an asymmetric actor-critic with a reference-free
actor that observes signals available at deployment:

oact =
(
ĝ, ωbase, qjnt, vjnt, aprev, c, sin(ϕ), cos(ϕ)

)
.

(17)
These comprise projected gravity ĝ, base angular velocity
ωbase, joint positions and velocities qjnt,vjnt, previous ac-
tion aprev, commanded twist c, and a sinusoidal encoding
of the gait phase ϕ. During training, the critic additionally
observes the base linear velocity and gait reference:

ocrit =
(
oact, vbase, xgait(c, ϕ)

)
. (18)

Here, xgait(c, ϕ) is the reference state for command c at
phase ϕ. The actor therefore requires only proprioception,
command, and phase at inference.

The action a specifies joint-position offsets applied
through a PD controller. We use the prone idle posture as the

nominal pose, so zero action is valid and the policy learns
only residual corrections.

The reward consists of gait tracking, command tracking,
and regularization:

r = rgait + rtwist + rreg. (19)

Following [2], rgait tracks key-body poses and velocities,
together with the anchor position and heading. The anchor
target is propagated egocentrically by the reference twist and
re-based at each command change to preserve translation
and turning across gait cycles. Finally, rtwist tracks the
commanded base twist, while rreg penalizes action rate,
joint-limit violations, and self-collisions.

All trajectories in L share period P , so a phase clock ϕ
indexes the current imitation target. During an episode, re-
sampling c selects the nearest gait without resetting the phase
or robot state, while c = 0 selects the idle reference. At each
switch, we blend the outgoing and incoming references at
the shared phase while updating the command immediately,
enabling smooth transitions.

V. RESULTS

A. Implementation Details

We solve (5) using cyipopt, a Python interface to the
interior-point optimizer IPOPT [39]. At each iteration, the re-
sulting sparse KKT system is factorized with the HSL ma57
solver , which exploits the sparsity of the multiple shooting
Jacobian to reduce computational and memory costs. Be-
cause MuJoCo does not provide the second-order dynamics
derivatives needed to build the Lagrangian’s second-order
terms,4 we use the L-BFGS approximation to construct
curvature information from first-order gradients (3). Despite
the stiffness of the contact dynamics and the abrupt curvature
changes induced by contact creation and separation, this
approximation performs surprisingly well in practice.

We train RL policies for the Unitree G1 in mjlab [40]
with reference clips from the BONES-SEED human motion
dataset [41]. Policies are optimized with PPO via rsl rl,
using (512, 256, 128) actor and critic MLPs. Simulated
dynamics run at 200 Hz and the policy at 50 Hz, with
10 second episodes. For sim-to-real transfer, we randomize
base pushes, center-of-mass offsets, joint-encoder biases, and
contact friction.

4Second-order derivatives are available through automatic differentiation
in MJX, MuJoCo’s JAX-based reimplementation.
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Fig. 5: Simulation snapshots for dynamic contact-rich whole-body maneuvers: (a) humanoid backflip, (b) humanoid super hero
backflip, (c) quadruped jump-turn, and (d) humanoid side-rolling. Blue ghost visualizes dynamically infeasible references.

B. Hardware Deployment

Because each optimized reference is dynamically feasi-
ble by construction, the policies are trained on physically
achievable imitation targets rather than purely kinematically
retargeted motions. The resulting policies transfer zero-shot
to the Unitree G1 hardware without real-world fine-tuning.

We first deploy a motion imitation policy trained to repro-
duce a 180◦ jump-turn reference from a single rigid-body
(SRB) trajectory (Sec. V-D.1). The controller executes this
highly dynamic maneuver on hardware, rotating the robot
by approximately 180◦ during the jump and recovering to
a stable landing (Fig. 1). We next deploy the RL crawling
controller (Sec. IV-B) to evaluate contact-rich locomotion in
the real world. The robot is steered in real time through
commanded twists. Indoors, it crawls forward and backward
through a height-constrained space and along a height-
constrained course over rough patches, while outdoors, it
crawls uphill on grass (Fig. 4).

C. Locomotion Velocity Tracking

We evaluate velocity tracking in simulation by sampling
piecewise-constant twist commands and holding each com-
mand for three gait cycles. Fig. 6 compares the commanded
twist with the instantaneous (pelvis) velocity and its mean
over each command interval. Although the instantaneous
velocities exhibit large phase-dependent oscillations due to
the crawling gait, their cycle-averaged values follow the
commanded trends across vx, vy , and ωz , as intended.

D. Ablations and Method Comparison

We perform an ablation study and directly compare against
existing methods to assess both our method’s ability to
produce trajectories advantageous for motion-tracking RL
training and the performance of the resulting policies. All
policies are trained across five random seeds using default
mjlab motion-tracking settings [42], except that the termina-
tion gates and domain-randomization ranges are adjusted to
match those used for hardware deployment. Policy evaluation
is performed in a separate MuJoCo simulator featuring
asynchronous control and sensing as well as randomized
starting joint configurations. We report both RL training

Fig. 6: Commanded (dashed), achieved body-frame instan-
taneous velocity (actual), and average (mean) velocities as
the crawling policy tracks forward, backward, and turning
commands in one continuous run.

performance and sim-to-sim base pose tracking error5 and
joint tracking error.

1) Dynamic Fidelity Ablation: This ablation studies
DSMS efficacy when applied to trajectories generated using
ROMs of increasing levels of dynamic fidelity. We begin with
a backflip motion generated with an SRB ROM. Per-frame
inverse kinematics (IK) then provides a fully kinematically
feasible trajectory serving as a baseline for this ablation.
A kino-dynamic (KD) optimization is performed on this
trajectory to further refine the motion [43]. Finally, our
method can be applied at any stage to provide full dynamic
feasibility, before all trajectories are passed to RL training
for evaluation. The trajectory generated by SRB → DSMS
is shown in the backflip sequence of Fig. 5a.

Fig. 7 and Table I report the policy training performance
for each trajectory and the tracking accuracy of the resulting
policies. The two trajectories retargeted with DSMS converge
fastest—indicated by lower PPO action noise σ—and achieve

5Positional error component of the pose is normalized by the robot’s
height and the orientation error component by 180◦. Achieving low pose
error is challenging due to the lack of direct control of the robot’s
underactuated base and thus, makes for an interesting metric of study.



Fig. 7: Training performance of motions generated from the
ROM ablation, with variance (shade) across seeds.

TABLE I: ROM ablation sim-to-sim tracking accuracy.
Method Landed Success Joint Err. (rad)† Pose Err.†

SRB 0/75 0% – –
SRB→KD 0/75 0% – –
SRB→DSMS 75/75 100% 0.110± 0.006 0.155± 0.041
SRB→KD→DSMS 72/75 96.0% 0.144± 0.016 0.253± 0.139

σ denotes the PPO policy’s exploration noise scale; lower σ indicates
greater policy convergence.

Fig. 8: Training performance of super hero backflip motion
across various retargeting methods.

TABLE II: Retargeting method tracking error comparison.
Method Landed Success Joint Err. (rad)† Pose Err.†

OR 7/75 9.3% 0.157± 0.001 0.095± 0.014
BS 60/75 80.0% 0.195± 0.003 0.146± 0.027
DR 74/75 98.7% 0.237± 0.006 0.160± 0.077
DSMS 74/75 98.7% 0.159± 0.006 0.102± 0.046

† Errors only computed over successful landings.

the highest reward. Sim-to-sim deployment supports that,
under standard RL with minimal tuning, policies trained on
dynamically-feasible motions outperform those trained on
kinematic-only references.

2) Retargeting Method Comparison: We compare against
popular retargeting and optimization methods using a “super
hero backflip” (Fig. 5b) from BONES-SEED (BS) as a
shared reference motion. This flip features contact across the
arms, knees, and feet upon landing, as well as artifacts such
as unrealistic knee clipping into the ground. The BS baseline
is pre-retargeted to the G1, then dynamically retargeted with
DSMS and also retargeted with OmniRetarget (OR) and
DynaRetarget (DR) [5], [17]. Each resulting trajectory is
then used to train motion-tracking policies for evaluation,
as discussed previously.

As shown by the training curves (Fig. 8), the trajectory
optimized with DSMS again converges fastest, reaching an
average reward of 20 in ∼2000 iterations versus the ∼5000
required by its closest competitors—a 40-minute wall-clock
difference on an Nvidia RTX 4090. Given our method’s ∼12-
minute optimization time, this advantage is worthwhile even
before accounting for the runtime of competing methods.
The combined sim-to-sim tracking metrics (Table II) tell
the same story: DSMS attains the highest backflip success
rate, near-lowest tracking error, making it the only method to
consistently perform the hero backflip with accurate tracking.

TABLE III: Qualitative feature comparison across methods.

Attribute OmniRetarget DynaRetarget SPARK Ours

Kinematic Feas. ✓ ✓ ✓ ✓
WB Dyn. Feas. ✗ ✓ ✗ ✓
Contact-Implicit ✓ ✓ ✗ ✓
Arbitrary Const. ✗ ✗ ✓ ✓
Solver Seq. SOCP SBTO Unspecified IPOPT

E. Qualitative Capability Comparison

To augment our discussion of retargeting and trajectory
optimization approaches and situate DSMS among similar
approaches, we present Table III.

Here, whole-body dynamic feasibility refers to a trajectory
satisfying (1), while arbitrary constraints refers to a method’s
ability to enforce constraints of the form of (5c) and (5d).
Although all four methods provide kinematic feasibility,
they differ substantially in the physical and constraint-
handling ability. OmniRetarget achieves excellent kinematic
retargeting and often produces visually plausible trajectories,
but it sacrifices dynamic feasibility for kinematic accuracy.
SPARK shares this limitation, and although it can incorporate
arbitrary constraints, it is not contact-implicit: it relies on
holonomic constraints that require accurate contact detection
for the solver to function. DynaRetarget instead samples roll-
outs to incorporate dynamics and handle contact implicitly,
however, it’s not able to accommodate arbitrary constraints.

DSMS combines whole-body dynamic feasibility with a
contact-implicit formulation, enabling contact-rich motions
such as rolling and crawling without extensive tuning. It
also supports arbitrary equality and inequality constraints.
Our ablations further show that better-modeled trajectories
yield better downstream tracking controllers, underscoring
the importance of this approach.

VI. CONCLUSION

We presented a contact-implicit multi-shooting frame-
work for transforming kinematically feasible references into
dynamically feasible whole-body humanoid motions. By
using a differentiable simulator as the transition model,
the framework accounts for contact, friction, impacts, self-
collision, and actuation limits without requiring a prescribed
contact sequence or manual constraint setup. The resulting
reference trajectories improve downstream RL convergence



and tracking performance while enabling contact-rich and
dynamic behaviors such as crawling, jumping, backflip, and
side-rolling.

Future work will investigate alternative differentiable sim-
ulators and sampling-based optimization methods, automatic
discovery of contact-rich behaviors, and extension to addi-
tional robot morphologies.
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