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Mechanical Intelligence-Aware Curriculum Reinforcement Learning
for Humanoids with Parallel Actuation

Yusuke Tanaka'*, Alvin Zhu?3*, Quanyou Wang', Dennis Hong!

Abstract— Reinforcement learning (RL) has enabled sig-
nificant advances in humanoid robot locomotion, yet most
learning frameworks do not account for mechanical intelligence
embedded in parallel actuation mechanisms due to limitations
in simulator support for closed kinematic chains. This omission
can lead to inaccurate motion modeling and suboptimal policies,
particularly for robots with high actuation complexity. This
paper presents an end-to-end curriculum RL framework for
BRUCE, a kid-sized humanoid robot featuring three distinct
parallel mechanisms in its legs: a differential pulley, a 5-bar
linkage, and a 4-bar linkage. Unlike prior approaches that rely
on simplified serial approximations, we simulate all closed-chain
constraints natively using GPU-accelerated MJX (MuJoCo),
preserving the hardware’s physical properties during training.
We benchmark our RL approach against a Model Predictive
Controller (MPC), demonstrating better surface generalization
and performance in real-world zero-shot deployment. This
work highlights the computational approaches and performance
benefits of fully simulating parallel mechanisms in end-to-end
learning pipelines for legged humanoids.

I. INTRODUCTION

Humanoid robots have achieved significant advancements
in mobility and manipulation through various control strate-
gies, particularly Model Predictive Control (MPC) [1], [2]
and Reinforcement Learning (RL) [3], [4]. However, purely
learning-based approaches have yet to leverage the mechan-
ical intelligence embedded in robot designs fully [5]. In
particular, parallel mechanisms have been shown to offer
advantages such as higher combined motor output power,
reduced inertia, and greater transmission ratio [6], [7]. De-
spite benefits, the parallel mechanisms are less commonly
modeled in robotics physics simulations due to the challenges
of handling closed kinematic chains, where a single child
body is connected to more than one parent body [3].

Existing simulation frameworks often sidestep the com-
plexity of closed-chain systems by simplifying or approxi-
mating the parallel linkages as serial chains [8]. Such as-
sumptions undermine the natural mechanical intelligence in-
herent in the structure, requiring a lower-level controller that
handles the actual parallel mechanisms [5]. Consequently,
controllers trained or designed under these simplified condi-
tions cannot fully exploit the system’s real-world mechanical
properties. Furthermore, these approximations can lead to
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Fig. 1: BRUCE [2] hardware with three distinct parallel mechanisms, which
are simulated, and an RL policy is deployed on the hardware zero-shot.

inaccurate and suboptimal motion [5] in the simulation, as
well as an inability to simulate singularities, which is a
notable issue in parallel mechanisms [9].

This paper presents an end-to-end policy trained through
curriculum RL for a kid-size humanoid robot, BRUCE [2],
which features three distinct parallel mechanisms in each leg.
We incorporate constraint-based modeling of closed-chain
constraints in our simulation environment, ensuring that the
learned control policies capture the mechanical intelligence
that parallel linkages offer. This provides a pure end-to-end
control policy, where all action spaces directly correspond
to the physical hardware actuators. We further compare
the performance of these learned policies to that of the
MPC controller, examining the benefits and costs of parallel
linkage modeling in simulation and hardware deployments.

The main contributions of this work are:

o Simulating three distinct parallel mechanisms in the
simulation to account for closed kinematic chain con-
straints and analysis.

e A curriculum RL trained fully end-to-end locomotion
policy on a humanoid robot, BRUCE.

e A hardware validation and performance comparison
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against a baseline MPC.

By integrating parallel mechanism modeling directly into
the RL training process and evaluating the results in hard-
ware, this study highlights the importance and feasibility
of capturing the full mechanical dynamics of complex hu-
manoid robots, providing a way to embrace mechanical
intelligence in machine learning.

II. RELATED WORK
A. Parallel Mechanism Leg and Humanoid

Parallel linkage mechanisms have been widely adopted in
legged robotics thanks to their mechanical advantages, in-
cluding transmission and structural benefits, combined actu-
ator outputs, etc. [6]. These advantages have been leveraged
in agile dynamic [6], [10], [11] and power-intensive domains
[9], [12], enabling novel locomotion performance.

In humanoid robot leg designs, parallel linkages reduce leg
inertia and aggregate mass closer to the torso, approaching
the idealized single-mass spring-loaded inverted pendulum
model [7], [13]. Various research humanoid legged robots
have employed hybrid serial-parallel linkages [14] to realize
higher DoF in the leg [15], [16] or through tendon-driven
mechanisms [17]. Commercially developed humanoids (e.g.,
Unitree H1, Fourier GR1, and Optimus [5]) also utilize par-
allel linkages, yet simulating such closed-chain mechanisms
remains challenging.

Those parallel mechanism-based humanoid platforms have
been successful using both model-based [1] and RL [3]
methods. However, simulating the closed kinematics chain
has been challenging [8], [18]. The GPU-accelerated Isaac
Gym RL framework lacks native support for closed-chain
kinematics, requiring custom implementations or approxi-
mations [3]. Researchers have resorted to strategies such
as adopting a kinematic rather than actuator joint space
or approximating the parallel mechanism as a serial chain
[5]. Although these approaches enable simulation, they can
yield suboptimal results and limit direct use of mechanical
advantages. Efforts to accurately simulate parallel linkages
include extending URDF with graph-based pre-processing
and constraint embedding [8] or treating closed chains as
contact constraints with full differentiation for optimal con-
trol [5].

B. Reinforcement Learning on Humanoid

RL has emerged as an effective framework for robots to
acquire complex control policies directly through interaction,
without the need for explicit system modeling. Deep RL
algorithms—such as Proximal Policy Optimization (PPO)
[19], Trust Region Policy Optimization (TRPO) [20], and
Deep Deterministic Policy Gradient (DDPG) [21]—have
demonstrated impressive performance on high-dimensional
locomotion tasks in both bipedal and quadrupedal robots
[22]. These algorithms enable agents to learn robust and
adaptive behaviors by optimizing policies over time through
experience, often in the presence of non-linear dynamics,
contact-rich environments, and unstructured terrain [23].
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Fig. 2: general topology definitions of three parallel mechanisms in BRUCE.
The five-bar linkage forms a closed chain where Points C' and D are at the
same location.

However, the application of RL to robotics presents signif-
icant challenges [24]. These methods typically require large-
scale data collection and finely tuned reward functions to
ensure stable learning [25]. In humanoid robotics, this is es-
pecially difficult due to the system’s high degrees of freedom,
underactuation, and sensitivity to small control errors [26].
To bridge the gap between simulation and the real world,
sim-to-real transfer has become an essential focus [27],
[28]. Techniques such as domain randomization, dynamics
perturbation, and injecting latency into the environment are
commonly employed to expose policies to a wide range of
conditions during training, improving their robustness to real-
world discrepancies [29]. Recent advancements also explore
zero-shot policy transfer, where agents trained entirely in
simulation can generalize to real-world deployment through
domain randomization [30] without additional fine-tuning
[31], [32]. Curriculum learning is also often used to improve
convergence by structuring training from simple to more
complex tasks, helping guide policy development progres-
sively and stably [33]-[35].

In this work, we present a GPU-accelerated MuJoCo-
based simulation (MJX) of three parallel mechanisms within
BRUCE [2], utilizing soft equality constraints to preserve the
intrinsic advantages of parallel hardware. We then demon-
strate the trained locomotion policies through the curriculum
RL directly on these fully simulated parallel chains.

III. PARALLEL MECHANISM AND CLOSED KINEMATIC
CHAIN

This section covers the general mathematical formulation
of the three closed kinematic chain mechanism constraints.
BRUCE [2] is an agile and open-source small-sized hu-
manoid platform. BRUCE includes three distinct parallel
linkages, making it challenging to simulate the mechanisms
entirely. The open-sourced simulation uses the kinematic
joint space.

A. Hip Differential Drive Gear Mechanism

BRUCE'’s hip joint employs a cable-driven differential
pulley system [2], which forms a 2-DoF parallel mechanism
with minimal backlash. This differential mechanism imposes
equality constraints between the actuated input and passive
output joints, which can be mathematically expressed as:
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Fig. 4: The BRUCE’s 5-bar parallelogram linkage in close up. Ls,1 and
Ls 4 are actuated by two motors. L5 o in Fig. 2 is zero.

Here, Ghip, rol and ghip, piccn denote the roll and pitch joint
velocities, respectively. ¢y, g is the actuator velocities, and
pL,r represents the gear ratios between the left/right drive
bevel gears and the central idler gear.

B. Leg 5-Bar Linkage Mechanism

The kinematic simulation of the 5-bar linkage is consid-
ered as two serial chains, endpoint constrained at the ends,
forming a closed loop. The first endpoint C' is given by:

pe=R(f.) [ls1 0] +R(0s2) [l52 0] (@

Similarly, the endpoint D of the second chain is:

3)
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Note that the rotation matrix is R(6) € SO(2). These
points are projected into 3D space:

pec="Talpc 0 1], pp="Tr[pp 0 1] @&

Where the transformation matrices ®74 and ®T represents
the 3D pose of points A and F' relative to the base frame.
The closed-chain constraint is then enforced as:
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051 05,4 are the actuated, while 65 2 and 05 5 are passive.

Fig. 5: The BRUCE’s 4-bar linkage in close up. L4 1 is actuated.

1) Handling Multiple Solutions: The 5-bar linkage can
have five possible kinematic solutions given an endpoint
position. Hence, starting the linkages with feasible and
desirable configurations is necessary. If the singularity of the
mechanisms is a concern in the simulation, a sanity check
during the simulation is recommended.

C. 4-Bar Linkage Mechanism

The 4-bar linkage is a special case compared to 5-bar
mechanisms or differential gears, as it has only one actuator
and one output DoF. Thus, it can be viewed similarly to
a gear with a nonlinear transmission ratio, which can be
approximated using a polynomial function. However, unlike
gears, the 4-bar linkage may encounter singularities (e.g.,
when all the links are collinear), which cannot be accurately
captured by polynomial approximation. Therefore, we pro-
pose two approaches for modeling the 4-bar linkage.

1) Polynomial Transmission Ratio Approximation: The 4-
bar linkage acts as a mechanism that alters the center of
rotation, with a transmission ratio determined by the lengths.
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Here, p4 denotes the velocity transmission ratio between
the input angle 6y and the output angle #3. The torque
transmission ratio is the reciprocal of p. In the special case
where the 4-bar forms a parallelogram, this ratio becomes
constant: p = {1 /l3.

To approximate the nonlinear mapping between input and
output angles, we use a polynomial constraint of the form:

rf=y—yo—a ¢z —1x0) =0 (7)
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The coefficient vector a can be obtained via least squares
regression to fit the observed mapping between x = 6, o and
y = 043 over a feasible range of motion.

as discussed in Section III-C.2.



2) Closed loop kinematic link constrained representation:
While Section. III-C.1 method can capture the position
and torque relationship of the 4-bar linkage, it does not
model singularities—particularly when all four links become
collinear. This limitation can be mitigated if the mechanism
physically prevents reaching such configurations via joint
limits. Otherwise, the constraints are similar to the 5-bar
linkage in Section. III-B is necessary.

D. Backlash Due to Passive Joints

One mechanical drawback of parallel mechanisms is the
introduction of unintended compliance, particularly at pas-
sive joints that actuated ones indirectly drive. Such backlash
can be captured in a simulation when the full kinematics of
the parallel mechanism are explicitly modeled.

In MuJoCo [36], all equality constraints are treated as
soft and enforced through a virtual spring-damper system
modulated by a constraint impedance function:

ac1 + D(r) - (byv + kyr) = (1 = D(1)) - aco (10)

Here, a1 is the constrained acceleration due to the applied
constraint force, and a.qg is the unconstrained acceleration.
The function D(r) is a smooth, symmetric polynomial sig-
moid that modulates the constraint impedance as a function
of the constraint violation r. The coefficients b, and k,
represent damping and stiffness, respectively, and v is the
relative velocity at the constraint.

To model backlash, D(r) is designed to remain low
within a deadband region (ie., |r| < ¢,), allowing low
impedance motion. As |r| exceeds this threshold, D(r)
increases smoothly toward its maximum, gradually enforcing
the constraint. The sigmoid is governed by hyperparameters
defining the inflection point and steepness of the sigmoid.

IV. REINFORCEMENT LEARNING

A. RL Formulation

We model the humanoid locomotion task as a Markov
Decision Process [37] defined by the tuple (S,.A, P,r,7),
where S is the state space, A the action space, P(s¢11 |
st,a¢) the state transition probability, 7 : S x A — R the
reward function, and ~ € (0, 1] the discount factor.

B. Action Space

In this paper, we explore three different action spaces:
positional, residual position command, and residual position
command with respect to the previous reference. Note that
as discussed in Section III, all of our actuated joints in
the simulation are the same as the hardware actuator joints.
Action Space: The action a; € RS at time ¢ is represented
by a vector, which encodes the positional commands for
each of the actuator joints of the humanoid robot. These
commands are interpreted as offsets relative to a nominal
home configuration g,om € R*6, such that the reference joint
angles are given by ¢; = qnom + .

1) Observation Space: To capture temporal dependencies
and mitigate sensor noise and latency, we maintain a history
of H observations. The aggregated vector, Oy, is defined as:

0, e RN H (11)
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Ot = |:QZ)IMU,t Sproj, ¢ C 4t — Qnom at71i| (12)

o; contains the observation at timestep ¢, such as sensor
readings (11). Yy is the yaw rate measured by IMU,
Eproj 1S a projected gravity vector representing the robot
base frame tilt with respect to the world gravity vector, and
Ci = (ca,cy,cCu,) are the user velocity commands in z, y
and yaw. q¢ — Qnom 1S the difference between the current
measured joint angle and the nominal positions, and a;_; is
the action from the previous timestep.

On hardware, the projected gravity vector in (13) is
computed from the rotation matrix estimated by the Madg-
wick filter [38] using IMU gyro and acceleration data. The
Madgwick filter provided a more stable estimation for our
IMU sensor than the complementary filter.

proj = Rimu ™ (0,0, —1)

2) Policy and Objective: We parameterize the agent’s
policy by 6, with the policy represented as a function:
7p : RNe'H — P(A) which maps the aggregated observation
O, to a probability distribution over actions. The objective
is to maximize the expected cumulative reward:

T
J(0) = Er, lz V(s at)] :
t=0

3) Training via Proximal Policy Optimization (PPO): We
employ PPO to update the policy in a stable manner. Let

(13)

(14)

mo(at|st)
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denote the probability ratio and A; the advantage estimate
at time ¢. The PPO objective is given by:

LCLIP(Q) = Et [mln (Tt(e)At, Cllp (rt(6‘), 1-— €, 1 =+ 6) At)] y

rt(ﬂ) =

where € is a hyperparameter that constrains the policy update.
Environment Dynamics and Filtering: The environment
is implemented using the GPU-accelerated physics engine
MuJoCo-MJX [36] that simulates the robot dynamics with
domain randomization, sensor noise, and latency effects.
Specifically, the state transition is given by: A second-order
Butterworth lowpass filter and a deadband filter are applied
to control signals and observations. These filters ensure that
the control commands and sensor readings are smoothed and
simulate the control latencies experienced on hardware.

C. Reward Design

The reward function comprises several components de-
signed to encourage stable, efficient, and task-oriented lo-
comotion. Tracking rewards guide the agent to follow com-
manded linear and angular velocities, while penalizing verti-
cal motion and rotational instability. Postural rewards, such
as those on torso orientation and angular velocity, promote
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Fig. 7: BRUCE RL Policy in MuJoCo sim-to-sim transfer.

TABLE I: Parameter Specifications for Final-Stage Balancing

Domain Randomization

Terrain

Mass Variation
Actuator Kp Offset
Foot Contact Offset
COM Position Offset

Height map with height variation in [0.0, 0.02] m.
Up to £20% of nominal mass.

Proportional gains in [—20, 20].

X-axis: +0.006 m; Y/Z-axes: £0.003 m.
40.015 m translation in xyz.

Disturbances

Observation Noise
Kick Interval

Kick Velocity
Small Kick Interval
Small Kick Velocity
IMU Displacement
IMU Tilt

40.03 IMU and joint observations.
Every 50 steps.

[0.2, 0.45] m/s.

Every 10 steps.

[0.05, 0.1] m/s.

£0.006 m translational offset.
40.06 rad angular offset.

Latency

N(0,(10ms)?), where 10 ms = 0.5 x 20 ms
(environment step time).

Uniform{0, 1, 2} steps (i.e., 0-40 ms, rounded to
nearest 20 ms step).

Observation Latency

Action Latency

balance and uprightness. Control penalties discourage exces-
sive torque use, abrupt action changes, and high-magnitude
actions to ensure smooth and energy-efficient behavior. Gait-
related terms, including feet air time, foot slip penalties,
and a feet phase reward, encourage natural stepping patterns,
reliable ground contact, and correct timing of foot placement.
Additional terms like stand_still and termination ensure the
robot maintains a nominal pose when idle and penalizes pre-

TABLE II: Reward Term Formulations for Final-Stage Locomotion

Tracking and Motion

: : : _ _ [ Vemd = Viocal H2
Tracking Linear Velocity r = exp 552
2
Tracking Angular Velocity r = exp (—%)
Angular Velocity XY Penalty 7 = —||way]|?
Orientation Penalty r= —Hrot_upzyH2

Control and Smoothness

r=—([Ill2 + IT]1)
r=—|la; — a;—1|

Torque Penalty
Action Rate Penalty

Gait and Foot Contact

Feet Air Time Reward 7= 1jc nall>e - 2 (tair — tihresh) - Loontact

Foot Slip Penalty = — (|[Vioot|l2 + [[@wtoot]|2) - Leontact
2
Feet Phase Reward 7= 1jjcll>e - €XP (*%)

Posture and Termination

Standstill Penalty
Early Termination Penalty

7= 1jconall<e * || Qjoint — Adefaute||1
r= 1d0ne/\(t<tmax) : (710)

mature terminations, respectively. Table II lists each reward
term.

D. Training Scheme

Our training pipeline follows a multi-stage curriculum
that progressively increases task complexity, enhancing both
policy robustness and efficiency. Fig. 6 outlines the overall
process, and Table I summarizes the parameter values. All
the stages include domain randomization. Trained and sim-
to-sim transferred policy is visualized in Fig. 7.

The first stage trains the policy to maintain an upright
posture. Rewards penalize deviations in the center of mass
and body sway. In the second stage, small kicks are intro-
duced to develop balance and recovery. The reward function
penalizes imbalances while encouraging rapid stabilization.
The third stage introduces terrain irregularities, making it
challenging to walk on uneven surfaces and randomizing the
contacts. The reward structure includes penalties for slipping
or falling. In the final phase, the policy performs dynamic
walking based on random commands. Rewards from previous
stages are combined with task-oriented components.



t=0s t=0.4s

Fig. 8: BRUCE RL policy locomotion on slippery smooth concrete surface.
A safety leash is loosely attached at the top.

t=0.37s t=0.87s

t=107s t=1.23s

t=0s

Fig. 9: BRUCE RL policy standstill perturbation rejection in sideways.
BRUCE (facing backward) was able to balance on only its right leg to
stabilize itself, and then took one step back. After ¢ = 0 to t = 1.07 s the
left leg was in the air. A safety leash is attached on top at loose.

The trained policy is evaluated to verify that the objective
is achieved and that the policy is robust to various distur-
bances and domain randomization. This evaluation is done
in both MJX and MuJoCo physics backends, validating the
robustness through sim-to-sim transfer.

V. RESULTS AND HARDWARE EXPERIMENTS
A. Simulation Efficiency for Parallel Mechanisms

A primary concern with incorporating closed-chain mech-
anisms into GPU-accelerated simulators is potential compu-
tational overhead. To quantify this, we benchmarked several
BRUCE simulation variants, including a simplified serial
chain model and models that incrementally incorporated the
4-bar, 5-bar, and differential closed-chain constraints. Each
model executed 400 time steps using MJX with 8,192 par-
allel environments, on an Intel 19-13900K CPU and Nvidia
RTX4090 GPU.

As summarized in Table III, the inclusion of all three
parallel mechanism constraints introduced only a 3.4 %
increase in per-step simulation time relative to the un-
constrained model. Differential constraints contributed the
most significant overhead, consistent with Section III-A
due to two additional equality constraints, while the 4-
bar constraint’s impact was negligible. The Just-In-Time
(JIT) compilation time increased 10.5 % with all parallel
mechanisms constraints, reflecting MJX GPU initialization.
For typical reinforcement learning workloads, this one-time
cost is amortized and insignificant compared to the overall
training duration.

B. Sim-to-Real Transfer: Policy Validation on Hardware

To validate our approach, we deployed policies trained
with high-fidelity closed-chain constraints directly on a
BRUCE hardware unit, without additional fine-tuning.

Perturbation (0.38m/s)

Fig. 10: Perturbation disturbance rejection from standstill. The graph shows
the linear velocity odometry over time. The robot was pulled forward (z-
axis direction) at 0.38 m/s at t = 0.66 s. The robot took steps to stabilize
the torso orientation.

TABLE III: Relative simulation overhead for each parallel mechanism on
BRUCE. Measurements from MJX with 8,192 parallel environments over
400 time steps each.

Simplified  4-Bar 5-Bar Differential All
Time/step  0.52 [us]  0.0% +1.2% +2.3% +3.4%
Steps/sec 1,907,040 0.0% -1.2% -2.3% -3.4%
JIT time 16.07 [s] 0.0% +4.3% +6.9% +10.5%

1) Experimental Setup: BRUCE’s onboard computer
(Khadas Edge2, 8-core 2.25 GHz Cortex-A76) executes all
inference and control. The RL policy runs at 50 Hz, whereas
the convex MPC baseline [2] is at 500 Hz. Control input in
both MPC and RL cases consists of desired body linear and
angular yaw velocities. We evaluate performance on a variety
of real-world surfaces: foam, synthetic grass, and smooth
concrete, such as in Fig. 8.

2) Locomotion Robustness and Adaptability: The RL
policy demonstrates an adaptive walking style, standing still
when no velocity commands are provided and dynamically
transitioning to a natural gait once a disturbance is felt or
commanded velocities are received.

a) Standstill stability: BRUCE RL policy has demon-
strated an agile response to various perturbations. Fig. 9
shows the RL policy reacting to a sideways disturbance with
only the right leg and the left leg was in the air for 1.07
s, which is more natural, human-like sideways balancing
behavior. Fig. 10 graphs the perturbation rejection from
standstill, which is more challenging since the robot has to
quickly react to the disturbance and take a step if necessary.
At t = 0.66 s, perturbation of 0.38 m/s in the +z forward
direction, which is significant given the scale of the robot.
The RL policy tried to pull back, and then took two steps
forward as seen in the linear velocity odometry in Fig. 10.
The robot torso reached steady state after 5 s from the push.
This showcases RL policy adaptiveness and stability.

b) Walking: In Fig. 8, the RL policy was set to step at
1.9 Hz, and phase tracking accuracy was 1.91 Hz over 10 s of
straight walk. However, the RL policy was able to adjust the
gait frequency and sequence naturally in response to external



TABLE IV: In-place stepping success across surfaces

Method Synthetic Grass Foam  Smooth Concrete
RL Policy v v v
MPC Baseline v

disturbances. In contrast, the MPC controller struggles to
respond to disturbances from a standstill, requiring constant
stepping. Although the gait phase time is adaptable in MPC,
the sequence is fixed.

3) Surface Generalization: Table IV summarizes the per-
formance of RL and MPC controllers for in-place step-
ping across different surfaces. The RL policy consistently
succeeded on all tested surfaces, including highly resistive
synthetic grass, high-friction foam, and smooth, low-friction
concrete. In contrast, the MPC controller could sustain step-
ping on synthetic grass for 15 minutes but failed to operate
reliably on foam and concrete despite tuning efforts. For our
RL policy, it failed due to excessive bouncing of the foot
when stepping, which is more commonly observed on hard
concrete. In the future, such contact impedance should be
better modeled and domain-randomized in the training.

4) Locomotion Speed: On hardware, the RL policy
achieved a peak forward walking speed of 0.18 m/s on a
flat, smooth concrete floor. While the maximum speed is 28
% lower than the reported MPC maxima, 0.25 m/s [39], the
RL policy can operate on a broader range of surfaces.

5) Policy Inference and Computation Cost: The policy
runs at 50 Hz, but the RL policy network executes at 3.2 ms
per inference. The MPC pipeline computes faster but must
run at a higher frequency of 500 Hz and perform online
quadratic programming, and requires separate kinematics
computations. Our policy architecture, enabled by the closed-
chain simulation, eliminates the need for extra forward and
inverse kinematics or state estimation on hardware, reducing
CPU consumption and system complexity.

6) Ablation Study: Effect of Parallel Mechanism Fidelity
on Sim-to-Real Gap: We compared sim-to-real performance
with and without explicit simulation of passive joint compli-
ance and backlash. Policies trained without such a parallel
mechanism’s backlash modeling were brittle in terms of
hardware compliance. They tended to fail during backward
tipping events, as BRUCE’s heel is short and passive com-
pliance limits force exertion at the heel. Including this com-
pliance and backlash in the simulation led to qualitatively
improved disturbance response strategies, with earlier footlift
and stepping actions.

VI. DISCUSSION AND LIMITATION
This section discusses the observed benefits of our RL
training framework and its inherent limitations.
A. Benefits in RL Training

1) System identification: The motor system identification
is a crucial part of zero-shot RL policy deployment. However,
system identification on parallel mechanisms is challenging
since the passive joints often lack encoders and sensors. With

Jacobian stiffness modeling [40], etc., can provide estima-
tion, it becomes a challenge to integrate into the simulation.
Simulating the full parallel mechanisms simplified the system
identification process, as the same motors drive all lower
body joints.

2) Torque and Velocity: Incorporating parallel mecha-
nisms directly into the simulation is a critical step toward
achieving a truly end-to-end RL policy. Aligning the sim-
ulation’s action space with the hardware’s actuation space
enables a more seamless policy transfer. This closed-chain
simulation allows for non-positional commands, such as
torque or velocity, without requiring explicit inverse dynam-
ics or Jacobian computations.

Even when using joint position as the control input, as
done in this work, the reward function includes an energy
minimization term in Section IV-C. This term becomes
inaccurate if the mechanism model is simplified or a kine-
matic joint space is used. For example, in general gear
ratio configurations of differential pulleys, minimizing output
torques does not guarantee a reduction in actuator torques.

B. Nonlinear Actuation Joint Limit

A key limitation in simulating closed-chain kinematics is
the nontrivial and configuration-dependent nature of joint
limits in actuated coordinates. This issue can be mitigated
in simulation by setting passive joint limits or adding self-
collision constraints to enforce physical realism. In hardware,
however, the lack of sensing at passive joints makes it
nontrivial to enforce these limits without forward kinematics.
For actuators driving parallel mechanisms, the action scale
may require additional consideration when the position is
a policy action. In our setup, the RL policy learned kine-
matic joint limits implicitly through training, and we have
not encountered any joint limit violations during hardware
deployment.

C. Parallel Mechanisms with Compliant Members

While the current simulation models only include backlash
effects, compliant parallel mechanisms—such as those with
embedded springs—are common in legged systems [7]. The
equality constraint formulation in (10) can be tuned to ap-
proximate spring-damper behavior for small displacements.
However, modeling large-deformation compliant elements or
flexure members would require additional extensions that are
not addressed in this work.

VII. CONCLUSION

This work presents an end-to-end curriculum reinforce-
ment learning framework for humanoid robots equipped with
parallel mechanisms, demonstrated on BRUCE, a kid-sized
humanoid with differential pulleys, 5-bar, and 4-bar linkages.
Incorporating full closed-chain kinematic constraints in MJX
simulation enables learning directly in the hardware actuator
space, preserving the mechanical intelligence of parallel
actuation. Our experiments show that accurate modeling
improves control fidelity and seamless sim-to-real transfer.
Comparisons with model predictive control (MPC) further



validate the effectiveness of our RL policy in real-world de-
ployment. This study highlights the importance of embracing
mechanical structure in learning-based control and opens the
door for broader integration of parallel mechanisms in legged
robot RL training pipelines.
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