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Abstract—Humanoid robots are designed to perform diverse
loco-manipulation tasks. However, they face challenges due to their
high-dimensional and unstable dynamics, as well as the complex
contact-rich nature of the tasks. Model-based optimal control
methods offer flexibility to define precise motion but are limited
by high computational complexity and accurate contact sensing.
On the other hand, reinforcement learning (RL) handles high-
dimensional spaces with strong robustness but suffers from ineffi-
cient learning, unnatural motion, and sim-to-real gaps. To address
these challenges, we introduce Opt2Skill, an end-to-end pipeline
that combines model-based trajectory optimization with RL to
achieve robust whole-body loco-manipulation. Opt2Skill generates
dynamic feasible and contact-consistent reference motions for the
Digit humanoid robot using differential dynamic programming
(DDP) and trains RL policies to track these optimal trajectories.
Our results demonstrate that Opt2Skill outperforms baselines that
rely on human demonstrations and inverse kinematics-based refer-
ences, both in motion tracking and task success rates. Furthermore,
we show that incorporating trajectories with torque information
improves contact force tracking in contact-involved tasks, such as
wiping a table.

Index Terms—Humanoid and bipedal locomotion, reinforce-
ment learning, whole-body motion planning and control.

I. INTRODUCTION

HUMANOID robots possess inherent advantages in achiev-
ing human-like behaviors [1]. Their anthropomorphic

morphology makes them well-suited for human-centered envi-
ronments and offers the potential to learn from human loco-
manipulation behaviors, such as transporting bulky objects,
making safe contact with the environment, and performing agile
skills such as jumping. Controlling humanoid robots, however,
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still faces challenges due to their high-dimensional, underactu-
ated nature and the complexities of contact-rich interactions.

Model-based methods that rely on an accurate model for
control have been foundational in enabling humanoid skills.
However, their reliability in multi-contact scenarios often limits
them to behaviors with simple, pre-defined contacts. In con-
stract, model-free RL that trains skills from scratch achieves
robustness to complex contact modes even with environment
uncertainties. However, it requires heavy reward tuning to reg-
ulate the policy behavior and to cross the sim-to-real gap.
As a result, providing RL with a reference has become a
mainstream approach. For example, learning loco-manipulation
by imitating human motions has shown success on humanoid
hardware [2], [3], [4]. However, acquiring such data in high
quality and for diverse tasks still poses a challenge. Furthermore,
these datasets require motion retargeting, and the retargeted
motions may not always be kinematically or dynamically fea-
sible, limiting the robot’s ability to imitate the original motions
effectively, and potentially losing behavior versatility to some
extent. Other than using human data, complementing RL with
model-based methods for whole-body control of legged robots is
also a growing trend [5]. Along this line, learning dynamically-
feasible whole-body motions from model-based methods to
achieve diverse humanoid loco-manipulation tasks remains an
open problem.

This presents Opt2Skill, a scalable learning pipeline that
transforms whole-body reference motions from trajectory op-
timization (TO) into humanoid loco-manipulation skills via
sim-to-real RL. Our approach leverages differential dynamic
programming (DDP) [6], [7] to generate whole-body motions
that obey the robot’s dynamics and task requirements. Using
Opt2Skill, We train RL policies to accurately track these optimal
and dynamically feasible motions. Opt2Skill enables a diverse
set of loco-manipulation tasks, including bulky-object handling,
door traversing, desk-object manipulation, and locomotion over
uneven terrains such as stairs, as shown in Fig. 1. Our study in-
dicates that Opt2Skill outperforms policies trained with human
data or inverse-kinematics-based references in both tracking
accuracy and task success rate. We further show that incorpo-
rating joint torque information improves contact force tracking
in contact-rich scenarios. Finally, Opt2Skill policies transfer
successfully to hardware without online trajectory adaptation.
The contributions of this study are listed as:
� This work represents the first step to adopting full-order-

dynamics-based TO to guide RL that achieves humanoid
loco-manipulation tasks.
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Fig. 1. The proposed Opt2Skill framework enables a Digit humanoid robot
to perform various loco-manipulation tasks by mimicking optimal model-based
reference trajectories in real-world scenarios.

� We show that full-body TO provides higher-quality motion
data than mocap and IK baselines, leading to better motion
tracking accuracy and task success. We further demonstrate
that joint torque information—only available from TO—
enhances tracking performance in contact-rich scenarios.

� We demonstrate the capability of our framework via suc-
cessful sim-to-real transfer across diverse humanoid loco-
manipulation tasks, including multi-contact whole-body
manipulation and robust locomotion over stairs and in
outdoor environments.

II. RELATED WORK

A. Model-Based Trajectory Optimization for Humanoids

Model-based motion planning has been crucial in advancing
the capabilities of dynamic humanoid robots, enabling accurate
loco-manipulation behaviors [1]. A popular model-based ap-
proach formulates motion planning as an optimal control prob-
lem (OCP), incorporating adjustable objectives and constraints
to generate versatile motions [8].

Model predictive control (MPC) widely uses OCP for motion
planning in an online receding horizon fashion. However, due
to the computation constraint, MPC for humanoids predomi-
nantly uses various simplified models [9], [10], which result
in conservative motions [11]. MPC that incorporates full-body
models [12], [13] or kino-dynamic models [14], [15] still require
high computational power and precise contact state feedback,
which poses challenges for whole-body planning in real-time,
contact-rich loco-manipulation tasks. Alternatively, TO can syn-
thesize high-quality trajectories that are tracked by whole-body
controllers. However, model-based whole-body controllers are
sensitive to uncertainty in robot dynamics and environment
contacts.

While model-based optimization approaches offer the advan-
tage of precision, flexibility, and systematic motion generation
for legged robots, they remain a challenging problem for hu-
manoid whole-body loco-manipulation tasks due to the robot’s
complex, high-dimensional dynamics and the contact-rich, ver-
satile nature of these tasks.

B. Reinforcement Learning for Humanoids

Reinforcement learning (RL) enables real-time whole-body
control of humanoid robots, offering robustness to environmen-
tal uncertainty [16], [17]. RL policies are trained through direct

interactions with the environment, providing a straightforward
training paradigm that learns from scratch without requiring
pre-planned motions. However, such RL training often suffers
from poor data efficiency. Furthermore, policies learned from
scratch can produce unnatural motions [18] and require signifi-
cant efforts in reward shaping.

To address these challenges, RL-based motion imitation has
been widely explored to enable humanoid loco-manipulation
skills [2]. Compared with RL learned from scratch, motion
imitation simplifies reward tuning and improves data efficiency,
yet results in natural motions. Therefore, there is a growing
trend in combining learning-based approaches with motion
references for whole-body control of legged robots [5], [19].
Motion references come from various sources. While manually
designed references can yield compelling behaviors [17], [20],
[21], they are often task-specific and do not generalize to diverse
or versatile motions. Human motion capture data is another
primary source [1], and has been successfully transferred to
humanoid hardware via RL-based imitation [3], [22], enabling
versatile teleoperation [4] and autonomous skills [23]. However,
a significant embodiment gap remains between humans and
humanoids, necessitating nontrivial motion retargeting to adapt
human movements to robot morphology. Thus, the embodiment
gap may limit robot’s ability to faithfully imitate original whole-
body motions and reduce behavioral versatility.

To address these challenges, recent studies have begun us-
ing model-based TO to generate data for motion imitation.
Model-based TO produces high-quality motion data by ensuring
that trajectories adhere to robot dynamics and other physical
constraints, such as joint torque limits. TO-based motion im-
itation has been widely employed on quadrupeds [5], [24],
[25]. For humanoids, various TO models have been leveraged,
including single rigid-body model [26], centroidal dynamics
model [27], kino-dynamic model [28], and full-order-dynamics
model [29], [30]. However, most studies focus on only locomo-
tion [31]. Instead, this work focuses particularly on humanoid
loco-manipulation. To achieve this, our TO specifies not only
the lower-body leg motions but also the upper-body contact
sequence for object manipulation using full-order dynamics.
Therefore, our reference trajectories are no longer restricted to
periodic motions, highlighting the capability of learning versa-
tile behaviors. Moreover, our work is the first to demonstrate
hardware success in policies learned from full-order-dynamics-
based TO on a humanoid robot. For loco-manipulation tasks, the
high fidelity of the full-order model is beneficial as it eliminates
retargeting and is easier to obtain compared to teleoperation.
Furthermore, full-order motion data includes joint torques, dis-
tinguishing it from other sources such as human motion capture
or reduced-order motion. We demonstrate that joint torque in-
formation is critical for learning high-dimensional contact-rich
skills.

This work adopts a full-order-dynamics-based TO to guide
RL. A closely related study is [25], which also uses TO-
based torque supervision for RL. However, our approach differs
in several important aspects: we focus on whole-body loco-
manipulation using a 30-DOF bipedal humanoid, while [25]
focuses on quadrupedal locomotion with an 8-DOF Solo8 robot;
we generate trajectories using a full-order dynamics model,
whereas they use a simplified rigid-body model; and our work
includes extensive simulation and hardware evaluations across
seven diverse tasks, along with quantitative analysis of sim-to-
real transfer, the impact of torque/force reference information,
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Fig. 2. Overall structure of the Opt2Skill framework. (a) We first generate structured, dynamically feasible reference trajectories using trajectory optimization
with contact constraints, torque limits, and task-specific objectives. (b) Each trajectory contains joint angles, joint velocities, body position, orientation, linear and
angular velocities, and dynamic-relevant quantities such as joint torques and interaction forces. (c) These trajectories serve as supervision signals to train RL policies
that predict joint-level targets, tracked by a low-level PD controller. The resulting policies internalize control strategies grounded in model-based optimization
while remaining reactive and robust to disturbances, sensor noise, and dynamics variability, enabling direct deployment to real hardware.

and comparisons to other motion sources such as inverse kine-
matics and human demonstrations.

III. METHODS

Opt2Skill aims to develop an RL-based whole-body con-
troller that enables a humanoid robot to track model-based
optimal trajectories. These trajectories contain valuable torque
reference that enables a high success rate in multi-contact
loco-manipulation tasks. The overall framework is illustrated
in Fig. 2. We begin by generating dynamically feasible and
task-specific motions using DDP in Crocoddyl [32]. These
trajectories serve as high-quality reference motions that encode
contact-rich dynamics, torque limits, and task-solving strategies.
We generate a diverse set of such trajectories offline and use
them to guide the training of RL policies that directly predict
joint-level target positions. By leveraging physically consistent
references, the policy learns robust control strategies that track
diverse reference motions sampled offline and transfer effec-
tively to real hardware.

A. Whole-Body Trajectory Optimization

Consider the standard floating-base model of a humanoid
robot, with an unactuated 6-DoF base and a set of n-DoF
fully-actuated limbs. The equations of motion are given by:

M(q)v̇ +C(q,v) =

[
0

I

]
︸︷︷︸
B

u+ J�
c Fc (1)

where q =
[
qb;qj

]
∈ R

nq and v =
[
vb; q̇j

]
∈ R

nv are the
generalized coordinates and velocities, partitioned into base (b)
and joint (j) components. The base coordinatesqb =

[
pb;θb

]
∈

SE(3) include base position and orientation represented as unit

quaternion, while the base velocities vb =
[
ṗb;ωb

]
∈ se(3)

are linear and angular velocities in the body frame. M(q) is
the joint-space mass matrix, and C(q,v) captures the nonlinear
effects. u ∈ R

nj is the joint torque command, Jc(q) is the
contact Jacobian, and Fc is the stacked contact reaction force
vector. Given this whole-body dynamics, the TO formulation for
generating a whole-body trajectory is written as:

min
x,u

N−1∑
k=0

(
‖y[k]− ŷ[k]‖2Q + ‖u[k]‖2R

)
+ (2a)

‖y[N ]− ŷ[N ]‖2Qf

subject to

(Dynamics)

{
M(q)q̈+C(q, q̇) = Bu+ J�

c Fc

M(q)q̇+ −M(q)q̇− = J�
c Λ

(2b)

(Contact)

{
Jcq̈+ J̇cq̇ = 0
Jcq̇

+ = 0
(2c)

(Limits) qj ∈ J ,u ∈ T (2d)

(Friction) Fc ∈ F(μ,q) (2e)

where the decision variables include the full-body state vector
x =

[
q; q̇

]
∈ R

nq+nv and the joint torque u. The task space
variables y = Φ(q) and ŷ are defined based on the specific
task. In (2b), the hybrid dynamics constraint includes either
the continuous whole-body dynamics (first row), or the impact
dynamics (second row), where Λ denotes the contact impulse,
and q̇− and q̇+ are instantaneous velocities before and after the
impact. Following (2b), the contact constraints (2c) is added for
the stance or impact foot assuming a rigid contact, while a zero
force is applied to the non-contact foot. Joint limit J , torque
limit T , and friction cone F with coefficient μ are imposed as
constraints in (2d)–(2e).

Considering computational efficiency, we employ a DDP-
based method implemented in Crocoddyl [32] to solve whole-
body optimization. To define the desired trajectory ŷ in (2a),
we use task-specific strategies. For tasks requiring precise foot
tracking, such as walking or stair climbing, we specify ŷ[k]
at each timestep to enforce desired end-effector trajectories.
For more flexible behaviors, such as box pickup or desk-object
manipulation, we define sparse subgoals and allow the opti-
mizer to generate smooth transitions toward those targets. In all
cases, task-specific costs and contact schedules are predefined
to produce feasible motions under full-body dynamics. The
optimized trajectories include joint and base states, torques, and
end-effector motions, which are extracted as reference data for
downstream policy training.

To support robust policy learning across a wide range of
loco-manipulation behaviors, we generate reference trajecto-
ries for diverse tasks, including walking, stair climbing, object
pickup, drawing, and desk-object reaching. For each task, we
systematically vary key motion parameters such as gait phase,
contact mode, walking speed, foot clearance, center of mass
position, and target object location. Leveraging the flexibility of
our TO framework, we can efficiently sample these parameters
to produce large datasets of motions. Unlike methods based
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solely on human demonstrations or heuristic design, our ap-
proach generates dynamically feasible trajectories, which con-
tain critical dynamics-relevant properties such as joint torques
and interaction forces that are often missing from kinematic
demonstrations. Detailed task-specific definitions of ŷ and tra-
jectory examples are presented in Section IV.

B. RL-Based Imitation of Dynamically Feasible Trajectories

We leverage TO to generate reference motions that satisfy
full-body dynamics, contact constraints, and torque limits. These
trajectories include joint torques and contact forces, which are
critical for learning contact-rich loco-manipulation skills. We
incorporate this information directly into the policy observa-
tions and reward design, helping the policy learn robust and
transferable whole-body behaviors.

During training, one trajectory is randomly sampled at the
start of each episode to initialize the environment and serve as
the reference for computing tracking rewards. We train separate
policies for each loco-manipulation task, each using its own
TO-generated trajectory dataset. At deployment, the policy is
provided with partial references from a new offline-generated
TO trajectory tailored to the specific test scenario, without
reusing training data or running TO online.

While DDP (used within TO) produces dynamically feasible
nominal trajectories, it is rarely employed directly for control
due to modeling inaccuracies, contact uncertainties, and high
computational cost in real-time settings. To address this, we
leverage RL policies that track these trajectories and adapt to
real-world disturbances during execution.

1) Problem Formulation: We formulate the control problem
as an RL problem under a Markov Decision Process (MDP),
defined by the tuple M = (S,A,P,R, γ), with state space S ,
action space A, transition dynamics P , reward function R, and
discount factor γ. At each timestep t, the agent observes a state
st ∈ S , selects an action at ∼ π(a|st), receives a reward rt, and
transitions to a new state st+1 ∼ P(·|st, at). In real-world de-
ployments, the agent operates under partial observability due to
sensor noise and unobservable environmental factors, resulting
in a Partially Observable Markov Decision Process (POMDP).
The policy π(a|ot) must act based on noisy and incomplete
observations ot ∈ O, which are incomplete projections of the
true state st. Our goal is to learn an optimal policy π that
maximizes the expected discounted return E[

∑T
t=0 γ

trt], where
the reward encourages accurate tracking of reference trajectories
generated via TO.

We train the RL policy in the MuJoCo Playground simula-
tor [33] using an Actor-Critic (AC) architecture optimized by
Proximal Policy Optimization (PPO) [34]. Both the actor and
critic networks are composed of a Multi-Layer Perceptron MLP
with hidden sizes of [512, 512, 256, 256]. Each policy is trained
for fewer than 300 million steps, requiring under 7 hours on a
single NVIDIA RTX4090 GPU.

2) Imitation Policy: To enable robust deployment on real
hardware, the agent must make decisions based on noisy sensor
measurements rather than true state information. To address this
challenge, we adopt an asymmetric actor-critic framework [35],
where the critic has access to privileged state information in
simulation, while the actor observes only noisy proprioceptive
inputs available during deployment.

The observation space for the critic is defined as ocritic =
[scpt ; scrt ], where the privileged proprioception scpt is
[pb

t , θb
t , ṗb

t , ωb
t , gt, qj

hist, q̇j
t, pe

t , ahist, Fc
t , ut, Kp, Kd],

TABLE I
REWARD COMPONENTS AND WEIGHTS

TABLE II
DOMAIN RANDOMIZATION PARAMETERS

which includes the humanoid body translation pb
t , orien-

tation θb
t , linear velocity ṗb

t , angular velocity ωb
t , pro-

jected gravity gt (a proxy for base orientation), a history
of N = 10 past motor joint positions sampled every δ = 4

timesteps, qj
hist = [qj

t,q
j
t−δ, . . . ,q

j
t−(N−1)δ] (i.e., 50 Hz sam-

pling from a 200 Hz control loop), motor joint velocities
q̇j
t, end-effector position (relative to the torso) pe

t , a history
of N past actions sampled with the same schedule, ahist =
[at−1,at−(1+δ), . . . ,at−(1+(N−1)δ)], contact force Fc

t , joint
torque ut, and the PD gains Kp, Kd. The reference state scrt

is defined as [p̂b
t , θ̂

b

t , ˆ̇p
b
t , ω̂

b
t , q̂

j
t, ˆ̇q

j
t, p̂

e
t , F̂

c
t , ût], where the

hat (̂·) denotes reference trajectory information.
The observation space for the actor is defined as

oactor = [sapt , sart ], where the noisy proprioception sapt is
[˜̇pb

t , ω̃
b
t , g̃t, q̃

j
hist,

˜̇qj
t, ahist], where the tilde (̃·) indicates noisy

sensor measurements. The actor also receives partial reference
information sart = [ˆ̇pb

t , ω̂b
t , q̂j

t, F̂c
t , ût]. The actor receives

partial references to ensure generalization and avoid reliance
on noisy or redundant inputs such as global base states or
end-effector poses, while the critic has access to full privileged
information for stable value estimation.

The action space of the control policy represents offsets from
a default standing pose to specify target positions for the 20 actu-
ated joints. These targets are fed into a PD joint torque controller,
which computes torque as ut = Kp(at + qj

dflt − qj
t)−Kdq̇

j
t.

Here, qj
dflt denotes the default standing joint positions, and qj

t

and q̇j
t are the measured joint positions and velocities. Our

control policy runs at 200 Hz, while the internal PD controller
operates at 1 kHz in simulation (during training) and 2 kHz on
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hardware (during deployment). No explicit filtering is applied
between the policy output and the PD control loop. In hardware,
we use the same PD gains as in simulation and send torque
commands directly to the robot.

3) Reward Functions, Domain Randomization, and Curricu-
lum: We design reward functions to guide the robot to track
TO-based reference motions and accomplish diverse tasks across
various scenarios. The rewards consist of two parts (inspired by
[2], [36]): task and regularization rewards, as detailed in Table I.
The task rewards guide the humanoid to track commands such
as target velocity, end-effector positions, pickup targets, and
contact events for loco-manipulation. Our approach leverages
the advantages of the Crocoddyl TO solver to explicitly generate
parameterized foot trajectories with controllable step height and
timing. These structured, dynamically feasible references im-
prove end-effector tracking and eliminate the need for heuristic
reward shaping.

In addition, task rewards such as joint torque and contact force
tracking improve the policy’s ability to maintain stable contact
and adapt to variations in contact conditions during contact-rich
loco-manipulation. Regularization rewards promote smooth,
physically plausible, and energy-efficient motions by penalizing
large torques and abrupt actions, improving robustness and
facilitating sim-to-real transfer.

To facilitate sim-to-real transfer, we apply domain random-
ization during training, including robot dynamics, observation
noise, control delays, and external disturbances, inspired by [36]
and summarized in Table II. We also employ a noise curriculum
that gradually increases observation noise and penalty strength.
This helps the policy learn more stably in early stages and
improves generalization in later stages.

IV. RESULTS

A. Robot System

Digit is a general-purpose bipedal humanoid robot developed
by Agility Robotics. It weighs approximately 48 kg and has 30
degrees of freedom (DoF), including 20 actuated joints—four
in each arm and six in each leg. Passive joints in the ankle
and shin are connected via leaf spring four-bar linkages. The
toe joints (pitch and roll) are indirectly actuated through rods
driven by two motors. We use a high-fidelity physics-based
simulator from Agility Robotics to evaluate the trained policies
before hardware deployment. The simulator provides realistic
dynamics and physical properties of Digit and shares many
features with the hardware.

B. Comparison With Different Datasets

To evaluate the effectiveness of Opt2Skill, we compare our
TO method against two alternative motion sources:
� Human-retargeted motions (Human): Obtained by extract-

ing end-effectors and torso motions from human demon-
strations, with joint angles obtained through Quadratic
Programming (QP)-based IK.

� IK-based trajectories (IK): Generated from hand-designed
keypoint sequences (e.g., footstep and torso motion), con-
verted to joint angles via QP-based IK.

1) Dataset Generation: The human-retargeted dataset is se-
lected from the AMASS [37] motion capture dataset, where we
choose approximately 70 trajectories containing non-aggressive
forward walking motions. Before applying IK, we calibrate the
body shape parameters to align with the morphology of Digit. In

addition, we scale the torso speeds to match the new leg length.
The torso speed ranges from 0 to 1.5 m/s, with foot clearance
between 10 and 20 cm.

To ensure a fair comparison, both IK and TO datasets are
generated with matched speed and clearance ranges. The IK
dataset is created by specifying target keypoints (feet, hand,
torso) and solving IK at each timestep. The TO dataset uses the
same target keypoints but solves a whole-body trajectory using
DDP. Both the IK and TO datasets contain 2000 trajectories, all
generated on flat ground. While the human-retargeted dataset is
smaller due to difficulty in generating high-quality retargeted
trajectories for the robot, the range of motion parameters is
matched across datasets.

2) Evaluation Metrics: We evaluate both per-frame tracking
and long-term drift. Per-frame metrics include the mean joint an-
gle error Ejoint (rad), base linear velocity error Evel-x (cm/s), and
yaw angular velocity error Evel-yaw (rad/s). We also report hand
and foot end-effector tracking errors Eee-hand and Eee-foot (cm),
which reflect local task-space accuracy. To assess long-term
consistency, we report global drift metrics: the normalized final
base position driftEpos-x (%) along the walking direction relative
to the reference path length, and the average per-step drift in
lateral base position Epos-y (mm/step) and yaw orientation Eyaw
(mrad/step), which reflect accumulated deviations over time.

Additionally, to evaluate the adaptability of the learned poli-
cies and datasets to rough terrain, we compare their success
rates on two challenging scenarios: stairs with varying heights
and slopes with increasing inclinations.

3) Tracking Performance: Table III presents the tracking
performance of policies trained with different reference datasets.
We evaluate 20 trajectories per policy. TO and IK trajectories
are approximately 14 seconds long, while human trajectories
range from 5–6 seconds. The reported metrics are averaged over
the full trajectory duration. Overall, Opt2Skill achieves the best
tracking accuracy across most metrics.

Specifically, Opt2Skill achives an average hand tracking error
of 2.00 cm and foot tracking error of 5.23 cm. In contrast,
the human-retargeted policy shows higher errors of 4.25 cm
(hand) and 9.42 cm (foot), while the IK-based policy yields
5.47 cm (hand) and 5.24 cm (foot). Regarding long-term con-
sistency, Opt2Skill achieves the lowest global drift: 1.14% in
base position, 0.06 mm/frame laterally, and 0.02 mrad/frame in
yaw, clearly outperforming the human-retargeted and IK-based
policies. Although the IK-based policy achieves the lowest joint
angle error (Ejoint = 0.02 rad), its higher task-space tracking
errors indicate a fundamental discrepancy between kinematic
feasibility and dynamic consistency. These results show that
physical feasibility and task adaptability of TO-based references
contribute to both local tracking accuracy and long-term global
stability. A Wilcoxon signed-rank test confirmed statistically
significant differences in end-effector tracking performance be-
tween TO and IK/human datasets (p < 0.001 for both compar-
isons).

We further analyze Opt2Skill’s performance under different
observation history lengths (0, 5, 10, and 15 steps), as shown
in Table III. The results indicate that incorporating a short to
moderate observation history significantly improves tracking
accuracy, while overly long histories can deteriorate policy
performance. Overall, Opt2Skill with a 10-step history achieves
the best overall accuracy.

4) Task Success on Rough Terrain: Fig. 3 shows success
rates of the three policies across varying stair heights and slope
angles in the Agility simulator. For each policy and each terrain

Authorized licensed use limited to: Georgia Institute of Technology. Downloaded on March 08,2026 at 02:45:32 UTC from IEEE Xplore.  Restrictions apply. 

IEEE Robotics and Automation Letters (RA-L) paper, presented at ICRA 2026, Vienna, Austria. Cite as RA-L paper.



12266 IEEE ROBOTICS AND AUTOMATION LETTERS, VOL. 10, NO. 11, NOVEMBER 2025

TABLE III
TRACKING PERFORMANCE OF OPT2SKILL AND BASELINES (MEAN ± SE; LOWER IS BETTER)

Fig. 3. Success rate comparison across different terrains. Policies trained
on human-retargeted, IK-based, and TO-generated trajectories (with matched
parameters) are evaluated on stair heights (left) and slope angles (right).

setting, we conduct 10 trials with difference initial yaw angles
uniformly sampled from −25◦ to 25◦ to evaluate robustness
across diverse orientations (θ in Fig. 3). Using similar trajec-
tory parameters (base speed ∼ 1 m/s, foot clearance ∼ 0.2 m),
Opt2Skill consistently outperforms the human-retargeted and
IK-based baselines. Specifically, for stair climbing (Fig. 3, left),
it maintains high success rates up to 12 cm steps, while the
other policies drop sharply beyond 8 cm. Similarly, for slope
traversal (Fig. 3, right), Opt2Skill shows higher robustness at
steeper inclinations.

These results demonstrate that Opt2Skill-trained policies,
even without any task-specific test-time tuning, exhibit strong
robustness to varying terrain. This highlights the advantages of
training with offline-generated, dynamically feasible trajectories
compared to fixed human or purely kinematic references.

C. Evaluating the Role of Torque Information in Contact-Rich
Loco-Manipulation

We conduct additional simulation experiments to investigate
the effect of torque information in contact-rich tasks. Specif-
ically, we focus on a wiping task (see Fig. 2) that requires
controlled contact force between the end effector and a desk
surface. We evaluate four ablation baselines:
� Pos that tracks end-effector positions without any contact

or torque information in the observation or reward.
� Pos+F that adds reference contact force to the observation

and includes a contact force tracking reward.
� Pos+T that adds reference joint torques to the observation

and includes a torque tracking reward.
� Pos+F+T that adds both reference contact force and joint

torques in the observation, along with corresponding force
and torque tracking rewards.

We train all policies using 1400 TO-generated trajectories
with varying desk heights (0.85–0.95 m) and contact normal
forces (0–20 N).

1) Performance Analysis: To evaluate the effectiveness of
each policy, we conduct six groups of experiments with different
reference contact forces levels, ranging from 0 to 25 N. Each
group consists of 10 TO-generated trajectories with randomized
desk heights.

TABLE IV
TRACKING ERRORS UNDER DIFFERENT CONTACT FORCE REFERENCES

Fig. 4. Contact force profiles across all four policies under varying reference
force levels. Each subplot shows 10 trajectories per policy.

Table IV shows the contact force and right end effector
position tracking errors across varying contact force levels.
The Pos policy achieves the best position tracking across all
scenarios. This is expected, as it optimizes soley for position
accuracy without being constrained by contact or torque objec-
tives. However, it produces similar force patterns regardless of
the reference force and either fails to generate sufficient contact
force (Fig. 4(b)–(f)) or overshoots when no force is required
(Fig. 4(a)), due to lack of contact awareness.

Adding reference contact force to the observation and reward
in Pos+F improves average force tracking accuracy, but insta-
bility remains in certain conditions. For instance, in Fig. 4(b),
Pos+F fails to produce the desired 5 N contact force. In contrast,
Pos+T, which includes reference torques in the observation and
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Fig. 5. Snapshots of hardware experiments with data plots. (a) Flat-ground locomotion with accurate base position tracking. (b)–(c) Walking up a stair and a
ramp (∼ 19.5◦) with foot z-position plots indicating elevation. (d) Desk object reaching, with plots of end-effector tracking. (e) Box pick-up from one shelf layer
to another. Note that in (d) and (e), end-effector positions are expressed relative to the root. Dashed lines indicate the reference trajectories.

reward, shows improved contact force tracking (average error:
2.7 N) and better position tracking (average error: 2.9 cm) com-
pared to Pos+F (Table IV). While the reference force in Pos+F
helps the policy learn how much force to apply, the reference
torque in Pos+T provides dynamically grounded information
about when and how to apply it, resulting in more physically
consistent behavior.

Finally, Pos+F+T, which combines both reference contact
force and torque signals, achieves the best overall force track-
ing (Table IV). Its position tracking is also competitive with
Pos, and it exhibits the most stable force application across all
scenarios (Fig. 4). This highlights the complementary nature of
contact force and torque signals, and the critical role of refer-
ence torque in enabling generalizable, physically grounded con-
tact behaviors—information uniquely available in TO-generated
datasets but absent in IK or human datasets. Moreover, policies
trained with TO-generated references adapt when the environ-
ment deviates from nominal settings (e.g., table height). For
instance, with a trajectory defined for 0.95 m height and 15 N
contact force, the policy maintained wiping at 0.9 m and 1.0 m
table heights, achieving average forces of 9.6± 1.5 N and
21.3± 2.0 N, and tracking errors of 4.1± 1.6 cm and 4.5± 2.0
cm, respectively. A Wilcoxon signed-rank test confirmed sta-
tistically significant differences in both contact force and hand
position tracking errors between Pos+F+T and other baselines
across all force levels (p < 0.001).

The integration of force and torque signals significantly en-
hances tracking performance, a contribution we believe is es-
sential for high-fidelity imitation of complex dynamic skills.
However, we acknowledge this necessitates a more complex
pipeline that requires an offline TO stage prior to policy training.
We anticipate that future advances in sensing technology and
force estimation will simplify the data collection process, further
facilitating the adoption of such high-fidelity force signals.

D. Hardware Experiments

We demonstrate the sim-to-real performance of our Opt2Skill
through five hardware experiments. Snapshots of the tasks and
their corresponding data plots are shown in Fig. 5. We compare
the robot’s measured states with the corresponding references
to evaluate tracking performance. The robot states are obtained
from onboard sensors and estimated using the built-in state
estimator provided by Agility Robotics.

For locomotion tasks, Fig. 5(a) shows accurate base position
tracking in the x and y directions during flat ground walking.
We generate the reference trajectories by specifying a fixed gait
frequency, step length, and foot clearance, using cubic-spline
interpolation to compute desired foot trajectories ŷ described in

Section III-A. Fig. 5(b) and (c) show the foot height as the robot
successfully walks up a stair and a ramp. Notably, Opt2Skill
achieves rough terrain walking capability despite the reference
being designed only for flat ground scenarios. The robot also
maintains toe compliance when stepping on stair edges and ramp
slopes—enabled by low PD gains in the low-level controller.

Fig. 5(d) demonstrates a multi-contact whole-body manipula-
tion task, where the robot reaches for an object on a desk located
well beyond its support polygon. We generate these reference
trajectories via motion phases: (1) one arm moves to the target
position; (2) the elbow maintains contact with the desk; (3)
the opposite arm reaches the target position and returns; (4)
release elbow contact; (5) return torso and hands to the initial
pose. These target positions serve as the desired trajectories
ŷ in Section III-A. To achieve this, the legs coordinate with
upper-body motion to stabilize and enable the forward-reaching
behavior, reflecting the necessity of whole-body motion coordi-
nation. This example highlights the ability of Opt2Skill to handle
high-dimensional loco-manipulation tasks. In Fig. 5(e), the robot
squats down to pick up a box from a lower shelf and place it on
a higher one. Trajectories are generated by: (1) squat down; (2)
both arms reach and squeeze to grasp the box; (3) retract arms
slightly and stand up; (4) reach to the target and release; (5) return
torso and hands to the initial pose. During training, hand targets
range from [0.40,±0.10, 0.55] m to [0.50,±0.20, 1.70] m. In
deployment (Fig. 5(e)), the hands reach 0.49 m (lower) and
1.76 m (upper), indicating that the policy can handle moderate
variations beyond the training range.

The plots in Fig. 5(d) and (e) show the tracking performance
of both hand positions during these complex motion sequences.
In the desk object pushing task, Opt2Skill achieves an average
tracking error of 3.7 cm for the left hand and 3.8 cm for the
right. In the shelf box pick-up task, the errors are 3.6 cm for both
hands. Notably, a deviation along the y -axis occurs when the
robot makes contact with the box, caused by a size mismatch
between the reference and the real-world box (approximately
2cm in the y direction for each hand).

Additionally, we conduct four more real-world tasks: heavy
box pickup, pickup+walk, door opening, and drawing+wiping.
as shown in Fig. 6. In the first task, the robot squats down and
lifts a box weighing up to 4.9 kg. the trajectory is generated by
predefining grasping goals followed by lifting goals for both
hands. In the second task, the robot picks up a box from a
standing pose and then walks forward with it, using a trajectory
obtained by combining the pickup and locomotion tasks. In the
third task, the robot pushes open two heavy fire doors using both
arms while walking, with end-effector target positions added to
the locomotion trajectory. Finally, the robot uses its right hand
to draw various lines on a whiteboard and then wipes them off
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Fig. 6. Snapshots of hardware experiments demonstrating the pickup+walk,
door opening, box pickup and drawing+wiping tasks.

using its left hand, following a sequence of end-effector subgoals
constrained to a planar surface.

These results illustrate that our framework maintains com-
pliant contact, adapts effectively to environmental variations,
and enables the robot to perform everyday loco-manipulation
behaviors. All policies are trained using over 1000 reference
trajectories per task with randomized parameters, supporting
the versatility and generalization capability of the Opt2Skill
framework across diverse real-world scenarios.

V. CONCLUSION

In this paper, we present a TO-guided RL pipeline for hu-
manoid loco-manipulation. We show that the RL tracking per-
formance is affected by the quality of the motion reference.
The full-body-dynamics-based TO provides high-quality and
dynamically-feasible trajectories. Based on such trajectories,
motion imitation yields better tracking performance, especially
through the use of torque information. We demonstrate our
sim-to-real results on the humanoid robot Digit with versatile
loco-manipulation skills, including dynamic stair traversing,
multi-contact box manipulation, and door traversing.
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