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Abstract— Achieving safe and robust interaction in
articulated-soft humanoid robots (ASRs) remains a major
challenge due to their compliant joints, high degree of
freedom, and highly nonlinear coupled dynamics, which
makes them especially sensitive to external disturbances.
This paper presents a novel contact-force-based iterative
learning center-of-mass (CoM) impedance control framework
(CF-IL-CIC) specifically designed to enhance disturbance
robustness in floating-base ASRs. The key idea is to iteratively
derive a time-series gross force compensation term from
zero moment point (ZMP) tracking errors of previous
trials, using a proportional-derivative (PD)-type update
rule in simulation. This compensation is integrated with a
contact-force-based CoM impedance controller to improve
push recovery without requiring precise dynamic models or
heavy online optimization. The approach is accompanied by
mathematical proof of divergent component of motion (DCM)
error convergence, ensuring theoretical stability guarantees.
The proposed method is validated through both dynamic
simulations and real-robot experiments on the compliant
humanoid BRUCE, demonstrating significant improvements in
external impact rejection and recovery stability compared to
baseline controllers.

I. INTRODUCTION

Bipedal locomotion greatly enhances the mobility and

dexterity of a legged robot, allowing it to operate effectively

in human-designed environments. However, articulated-soft

humanoid robots (ASRs), which integrate passive compli-

ance through series elastic actuation, face unique challenges

compared to rigid humanoids. Their flexible joints and

underactuated structures lead to highly nonlinear, strongly

coupled dynamics, making balance recovery under physical

interaction particularly difficult. These difficulties are most

apparent during push recovery, where both stability and safe

energy dissipation must be achieved simultaneously.

Despite the complexity of such high-dimensional systems,

the essence of walking can often be captured by low-

dimensional dynamics. To exploit this property, simplified

models and hierarchical control frameworks have been de-

veloped, where low-dimensional models guide high-level

planning, while whole-body models map planned motions

to joint-level torques or positions [1]. The zero moment

point (ZMP), first introduced in [2], became a fundamental

stability criterion, requiring the ZMP to remain within the

support polygon to prevent falling. Building on this, the

linear inverted pendulum model (LIPM) [3] enabled efficient
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Fig. 1: Overview of the control strategy workflow. The CoM impedance
controller computes the gross desired force from reference, combined with
the gross desired force compensation term fc

GD , and sends it to the contact
map and robot dynamics (more details are shown in Fig. 2). fc

GD is updated
iteratively based on the ZMP error ezmp caused by disturbance. The final
fc
GD is transferred to hardware for real-world execution with the same

reference and disturbance.

gait planning, while the capture point [4] and its generaliza-

tion, the divergent component of motion (DCM) [5], further

decomposed CoM dynamics for robust balance control. The

DCM was later extended to 3D for continuous force-based

gait planning [6]. Whole-body control (WBC) frameworks

[1], [7] subsequently mapped these task-space trajectories

into high-dimensional joint torques for real robots.

While these approaches improved locomotion perfor-

mance, bipedal robots operating in unstructured human en-

vironments face stricter requirements for stability, safety,

and disturbance rejection. Control strategies such as contact

force-based control [8], [9] explicitly regulate interaction

forces and are critical for physical human-robot interaction.

On the hardware side, flexible joints and series elastic

actuators (SEAs) [10]–[12] have been introduced to reduce

interface stiffness, leading to ASRs. These designs improve

impact resilience and safety but demand more sophisticated

controllers [13]. Impedance control has been widely adopted

to regulate the virtual mechanical impedance of the legs

[14], allowing safe adaptation to uneven terrain and sudden

changes [15], [16]. Variable impedance control (VIC) ex-

tends this idea by adjusting impedance online [17]–[21].

Adaptive VIC for minimizing leg-body force tracking error

[22] and optimization-based tuning of stiffness and damp-

ing [23] further enhance interaction performance. However,

increasing stiffness can compromise passivity and stability

[24], [25]. Passive preservation schemes [26] and model-

free floating-base VIC [13] have been proposed to mitigate

these issues, yet stability under strong disturbances remains
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challenging. Recent studies also explore DCM-based feed-

back strategies for stabilizing compliant floating-base robots

under external disturbances [27].

Iterative learning control (ILC) improves performance for

repetitive tasks by learning from previous executions [28].

Unlike neural networks or adaptive control, ILC directly

adjusts the control input and converges within a few iter-

ations [29], [30]. ILC has been applied to industrial robots

[31], [32], underwater robots [33], and bipedal locomotion

[34]–[36]. Existing works include ZMP compensation for

walking stability [35], [36] and robust motion learning under

flexible drives [37], [38]. However, most ILC studies focus

on rigid-body humanoids and joint-space implementations,

which scale poorly to high-DoF ASRs and rarely address

external, unstructured disturbances [39].

To address these limitations, we propose a novel contact-

force-based iterative learning CoM impedance control frame-

work (CF-IL-CIC) specifically designed for articulated-soft

humanoid robots. Unlike prior joint-space ILC methods, our

controller directly learns a gross force compensation term

in Cartesian space from ZMP tracking errors, significantly

reducing model dependency and computational cost, as illus-

trated in Fig. 1. This design fully leverages the compliance

of ASRs, enabling enhanced push recovery without requiring

precise dynamics or online optimization. Furthermore, the

stability of the proposed framework is reinforced through

the integration of power-shaping-signal control (PSC), which

proves the convergence of the DCM error.

Key contributions include:

1) A novel ZMP-error-driven iterative learning scheme

integrated with a contact-force-based impedance con-

troller, explicitly addressing the challenges of flexible-

joint humanoids and improving disturbance rejection

through repeated impact experience;

2) Incorporation of PSC to provide a theoretical guarantee

of CoM error convergence and system stability;

3) Hardware validation on the compliant humanoid

BRUCE, demonstrating successful sim-to-real transfer

and superior robustness compared to baseline con-

trollers.

The remainder of the paper is organized as follows:

Section II reviews the balancing criteria and contact force

modeling for articulated-soft humanoids. Section III in-

troduces the proposed iterative learning strategy in detail.

Section IV presents simulation and sim-to-real experimental

validations using the BRUCE platform. Section V concludes

with discussions and future research directions.

II. CONTACT FORCE-BASED IMPEDANCE CONTROL

A. Divergent Component of Motion

Under the constant CoM height assumption commonly

adopted in humanoid locomotion, centroidal motion can

be approximated by the Linear Inverted Pendulum Model

(LIPM) [40]–[42]. Following the capture point and diver-

gent component of motion (DCM) formulation in [5], the

CoM motion can be decomposed into stable and unstable

components. The DCM of pdcm is defined as:

pdcm = c + bċ (1)

where c =
[
x, y, z

]�
and ċ =

[
ẋ, ẏ, ż

]�
denote the position

and velocity of the CoM, and b is the time-constant of

the DCM dynamics. By derivating Eq. (1), we can find the

dynamics of the CoM ċ:

ċ = −1

b
(c − pdcm) (2)

Eq. (2) shows that the CoM has a stable first-order dynamics

when b > 0. By differentiating Eq. (1) and inserting Eq. (2),

the dynamics of the DCM ṗdcm could be expressed as:

ṗdcm = −1

b
c +

1

b
pdcm +

b

m
F (3)

This means that the total force F influences the DCM

dynamics directly.

B. Contact Force Map

For a floating-base robot to remain statically or dynami-

cally stable, it must generate a sufficient gross applied force

on the ground. In legged robots, this force is distributed

across multiple contact points, where each point k produces

a desired contact force vector fkd
=

[
fkdx

, fkdy
, fkdz

]�
.

Stacking all individual vectors forms the total contact-force

vector fcd =
[
f1x , f1y , f1z , . . . , fkz

]� ∈ R
3k×1; for in-

stance, a biped with four contact points has k = 4, yielding

fcd ∈ R
12×1. Now, the approach for designing a balancing

controller is to distribute the desired contact force fcd. to all

the contact points, such that they guarantee a gross desired

fGD on the robot [43], i.e.,

fGD = Φcfcd (4)

Φc =

[
I3×3 . . . I3×3

φ̂1 . . . φ̂k

]
(5)

where Φc ∈ R
6×3k is the contact map matrix, φ̂ is the cross-

product matrix corresponding to the relative position vector

from CoM to contact location φ =
[
xp, yp, zp

]�
, given by:

φ̂ =

⎡⎢⎣ 0 −zp yp

zp 0 −xp

−yp xp 0

⎤⎥⎦ (6)

C. Model of a Flexible-Joint Floating-base Robot with Mul-

tiple Contacts

To account for joint elasticity, an n-coordinate actuator

model is added to the initial representation [44], which

produces:

Mfbc̈+Gfb = fG (7)

M(q)q̈ + Nq̇ + C(q, q̇)q̇ + K(q − θ) = J�G (q)fG (8)

Jθ̈ + Dθ̇ + K(θ − q) = τm (9)
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where q ∈ R
n and θ ∈ R

n denote the joint/base-attitude

and motor position vectors. M(q),N,C, and K ∈ R
n×n

denote the inertia, damping, Coriolis/centrifugal, and passive

stiffness matrices. Mfb = diag(m,m,m) is the floating-

base mass matrix, and Gfb = Mfbg is the gravity term.

fG ∈ R
6 denotes the gross contact wrench, and JG ∈ R

6×n

the contact Jacobian. τm ∈ R
n is the motor input torque,

whereas J,D ∈ R
n×n are the motor inertia and damping

matrices. Under this formulation, the robot contact forces

and moments are not directly actuated through τm.

D. Contact-force-based CoM Impedance Controller

The DCM time constant can be substituted by b =
√

zvc

g .

The desired CoM position cd can be obtained by initially

setting a desired DCM pdcmd
by:

cd = pdcmd
−
√

zvc
g

ċ (10)

where zvc is the desired height of CoM. Then the velocity ċd
of the CoM can also be calculated. As a result, the position

error cE = cd − c and the velocity error ċE = ċd − ċ can

be obtained. The gross desired force fGD of the robot is

then calculated by combining with the gravity compensation

Gcomp:

fGD = KpcE + KdċE +Gcomp (11)

where Kp and Kd are the stiffness and damping gain ma-

trices, respectively, and Gcomp is the gravitational com-

pensation term, decoupling equilibrium maintenance from

the impedance regulation of dynamic tracking errors. The

corresponding contact forces can be computed via Eq. (4):

fcd = Φ#
c fGD (12)

with the pseudoinverse of the contact map given as:

Φ#
c = Φ�

c (Φc Φ
�
c )−1 (13)

The mapping of the wrench to joint:

τm = −J�
c fcd (14)

where Jc =
[
Jc1, . . . , Jci

]� ∈ R
3i×n is the contact-point-

to-CoM Jacobian, with Jci ∈ R
n×3 denoting the Jacobian

corresponding to the ith contact point. Four contact points

are considered: left toe, left heel, right toe, and right heel.

III. ITERATIVE LEARNING BASED COM IMPEDANCE

CONTROL FOR BIPEDAL ROBOTS

A. Iterative Learning Law based on Contact-Aware Balance

Indicator: Zero-Moment Point

Considering the robot multi-body dynamics and contact

model [45], the general ZMP is defined by:

[
pzmpx

pzmpy

]
=

1
k∑

i=1

fiz

⎡⎢⎢⎢⎢⎣
k∑

i=1

fizxi

k∑
i=1

fizyi

⎤⎥⎥⎥⎥⎦ . (15)

where (pzmpx
, pzmpy

) is ZMP position, (xi, yi) indicate the

position of each contact points, fiz represent the vertical

component of corresponding contact forces.

Due to calibration issues with the IMU-based CoM estima-

tion of the robotic experiment platform, tracking performance

is suboptimal, causing inaccuracies in the CoM and DCM

trajectories during dynamic operations. Therefore, iterative

updates are based on the error of the physically defined

ZMP—computed from contact points and forces—instead of

the CoM or DCM trajectories.

B. PD-type Iterative Learning-based CoM Impedance Con-

troller

The iterative learning strategy is obtained by adjusting the

predefined control input with a corrective term that linearly

depends on the tracking error, a widely used ILC learning

algorithm [28] is:

uj+1(k) = Q(a)[uj(k) + L(a)ej(k + 1)] (16)

ej(k) = yd(k)− yj(k) (17)

where k is the time index, j is the iteration index, yj is the

output, uj is the control input, ej is the error signal, a is

the forward time-shift operator ax(k) ≡ x(k + 1). And the

dynamics Q(a) and L(a) denote the Q-filter, and learning,

functions, respectively. The logic of ILC is shown in Fig 5.

Currently, four main types of ILC algorithms exist. Among

them, the PD-type learning function is the most widely

adopted due to its simple tuning and minimal modeling re-

quirements. [28]. A discrete-time, PD-type learning function

can be written as:

uj+1(k) = uj(k)+Plej(k+1)+Dl[ej(k+1)−ej(k)] (18)

where Pl is the proportional gain and Dl is the deriva-

tive gain. The system with the PD-type ILC algorithm is

asymptotically stable if and only if |1− (Pl +Dl)p1| < 1
. When p1 is known, it is always possible to find Pl and

Dl such that the system is asymptotically stable. Monotonic

convergence, however, is not always possible in PD-type

learning algorithm, except when the iteration is sufficiently

short [28].

The system with the PD-type Iterative Learning Control

(ILC) scheme is illustrated in Fig. 2. According to the PD-

ILC framework, the control input uj and the error signal

ej must be properly defined for the bipedal robot system.

Due to the system complexity, multiple reference signals

may exist at different levels. Although the CoM or DCM

positions can serve as primary performance indicators for

stability and trajectory tracking, the ZMP error is adopted

as the learning error signal ej , denoted as ezmpj , which is a

three-dimensional vector in Cartesian space. For consistency,

the control input uj is also defined in Cartesian space.

Thus, the gross desired force fGD is considered as the

control-related variable. However, since fGD is not directly

generated by error feedback in the bipedal robot system,

the compensation term of the gross desired force, f c
GD, is
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Fig. 2: Block diagram of the CF-IL-CIC. The desired DCM generates the CoM reference through the LIPM model, which is then sent to the CoM impedance
controller to compute the gross desired force fGD . Via the mapping matrix and contact Jacobian, fGD is mapped to the contact forces and corresponding
joint torques for robot motion control. To improve tracking performance, an iterative learning mechanism updates the input force: at iteration i, fGD is

combined with the compensation term fc
GD from iteration i − 1 to produce ̂fGD . The compensation term is computed from the ZMP error ezmp and

applied in iteration i+ 1.

selected as the control input uj . The corresponding ILC

update law is expressed as follows:

f c
GDj+1

(k) =

⎧⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎩

f c
GDj

(k) + Pl ezmpj
(k + 1)

if Fimpact > 0,

f c
GDj

(k) +Dl[ezmpj
(k + 1)− ezmpj

]

if Fimpact ≤ 0.
(19)

where f c
GD denotes the compensation term of fGD, while

Fimpact represents the impact force introduced as an ex-

perimental disturbance. When the system is subjected to

a short-duration impact force Fimpact, the compensation is

primarily produced by the proportional gain Pl to counteract

the increase in position error. In the presence of oscilla-

tions, the compensatory effect is mainly dominated by the

derivative gain Dl to damp the oscillations of the system. By

modifying Eq. (11), the compensated optimal gross desired

force f̂GD can be obtained. Meanwhile, the integral matrix

Ki is incorporated to suppress steady-state error.

f̂GD = fGD + f c
GD (20)

fGD = Kp cE + Kd ċE + Ki

∫ t

0

cE +Gcomp (21)

by substituting Eq. (12) into Eq. (14) and considering Eq.

(20), the new control law can be obtained as follows:

τm = −J�
c Φ#

c f̂GD (22)

C. Stability of CF-IL-CIC

The stiffness-increasing phases can potentially impinge on

stability and/or passivity, which is similar to that modified

the controller by introducing an external compensation as a

result of their energy-injecting nature as mentioned above

[25]. [13] [26] have proposed stability-preserving schemes

for VIC of flexible-joint robots, through utilisation of Power-

Shaping Control (PSC), which guarantees stable and passive

VIC of floating-base systems with contacts as well [46].

Unlike PSC-based approaches that require the time derivative

of the active stiffness terms, the proposed method avoids such

computation, thereby simplifying the subsequent stability

analysis. The stability of the CF-IL-CIC, which is proposed

in this paper, can be proved in a manner analogous to the

method in [47], [48]. By substituting Eqs. (20) and (21) into

Eq. (22), the proposed control law that includes PSC terms

could be obtained as follows:

τm =− J�
c Φ#

c f̂GD + K(θ − q)− KDM
θ̇ − pvnKDJ

q̇

+ pv0

(
Jθ̈ + J�c Φ#

c f̂GD

)
+ SPIRτf (23)

where KDM
,KDJ

are diagonal, positive definite matrices,

SP = diag(θ̇)
#

, IR =
[
1, ..., 1n

]� · rank(SP)
#, pv0 =

1 − θ̇�SPIR. pvn = 1 when θ̇ = 0, and pvn = 0 either

when θ̇ �= 0 or q̇�
fb =

[
ċ�, q̇�, θ̇�] ≡ 0 and pdcmE

≡ 0.

SPIRτf can be made arbitrarily small, in order to guarantee

feasible signals at all times, by following the approach in

[19], [44], [47]. τf is the power-shaping signal given as:

τf = ċ�(Gfb − fG)− ṗ�
dcmE

(pvsKCM)pdcmE

− q̇�J�G (q)fG + θ̇�J�
c Φ#

c f̂GD + q̇�K(q − θ)

− p�
dcmE

KCDpdcmE
(24)

where pvs = (1−pvn). KCM,KCD ∈ R
m×m are user-defined

positive definite, diagonal matrices.

The motor-side closed-loop dynamics and the correspond-

ing Lyapunov function are presented below:
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(25)
Jθ̈ = −J�c Φ#

c f̂GD − KDM
θ̇ − pvnKDJ

q̇

+ pv0

(
Jθ̈ + J�

c Φ#
c f̂GD

)
+ SPIRτf − Dθ̇

(26)V =
1

2
q̇�
fbMfcq̇fb +

1

2
p�
dcmE

(pvsKCM)pdcmE

where q�
fb =

[
c�, q�,θ�]. It is worth noting that the

particular structure of the closed-loop dynamics guarantees

that q̇ = 0 when θ̇ = 0. One may then proceed by following

the New Invariance Principle to prove closed-loop stability

based on this Lyapunov function and its derivative [49]. The

derivative of the above Lyapunov function can be simplified,

based on the fact that θ̇�SPIR = 1 when θ̇ �= 0 and that

q̇�
fb(Ṁfc − 2C)q̇fb = 0, thus yielding:

V̇ = −q̇�
fbdiag(0,N,D + KDM

)q̇fb − p�
dcmE

KCDpdcmE

(27)

which is negative semi-definite. Since N,D are positive

definite, based on the New Invariance Principle [49], it can

be concluded that [ċ�, q̇�] ≡ 0 and pdcmE
≡ 0, given that it

is always possible, based on the above derivative expression,

to define a function W > V̇ (away from equilibria). Hence,

this satisfies the conditions outlined in [49], enabling one

to state that [ċ�, q̇�] ≡ 0 and pdcmE
≡ 0. By substituting

Eq. (10) into Eq. (2), the following relationship is obtained:

cE = pdcmE
(28)

where [ċ�, q̇�] ≡ 0 and pdcmE
≡ 0 implies, based on

ċ + JG (q)q̇ = 0 , that ċ = 0 ; hence, pdcmE
= cE =

0. Then, using ċd = ċ −
√

g
zvc

cE , it can be said that

cE = 0 guarantees that ċE = 0. Hence, cE and pdcmE

converge to zero asymptotically, provided that Jc is away

from singularities

IV. ITERATIVE LEARNING-BASED BIPEDAL ROBOT

SIMULATIONS AND HARDWARE EXPERIMENTS

ASRs, equipped with impedance controllers, can auto-

matically adjust stiffness during interaction with the envi-

ronment or humans, thereby enhancing task performance

and interactive safety [50]. Without such compliant struc-

tures, complex interactive tasks would be extremely difficult

to accomplish. Prior works [51], [52] introduced dual-

jointed musculoskeletal structures to reduce control band-

width requirements while enabling joint coordination and

energy transfer, which improves efficiency, compliance, and

resistance to impacts [53]. The Bipedal Robot Unit with

Compliance Enhanced (BRUCE) [12], employing a cable-

driven differential pulley system, achieves further compliance

while maintaining lightweight design.

In this work, the proposed learning control framework is

validated on BRUCE (Fig. 3(b)), a 70 cm, 4.8 kg bipedal

robot with human-like proportions. BRUCE has two 5-DoF

legs and two 3-DoF arms; in the conducted experiments,

only the 12 leg DoFs are torque-controlled, while the upper

body’s joints are controlled to constant positions. Each leg

Fig. 3: BRUCE robot model and experimental setup. (a) Simulation model
implemented in Gazebo, illustrating the robot’s kinematic structure and
dynamic interaction; (b) Physical hardware setup demonstrating the exper-
imental scenario for validation.

includes a spherical hip, a 1-DoF knee, and a 1-DoF ankle.

The feet provide line contact and are equipped with ground

contact sensors. Simulations are conducted in Gazebo using

the BRUCE model (Fig. 3(a)).

A. Simulation Training Environment and Experimental Setup

The proposed learning control framework was evaluated

in both dynamic simulation and real-robot experiments. The

evaluation focuses on disturbances along the sagittal (x) di-

rection, as it corresponds to the most restrictive dimension of

the support polygon during standing and therefore determines

the minimum stability margin. A static balancing simulation

with external impact was conducted to validate the effec-

tiveness of the contact force iterative learning impedance

controller. In the simulation, the robot model was initialized

for 8 s to ensure ZMP stability before impact. The control

loop was executed at 1 kHz. An external force Fimpact =
[25, 0, 0] N was applied for 0.008 s (I = 0.2Ns) in each

iteration to simulate external disturbances. The simulation

was terminated once the compensation signals converged or

the optimization criterion was satisfied.

For the hardware experiment, an elastic ball pendulum

with 92.5g was employed to generate impacts, as shown in

Fig. 3(b). The release height H of the pendulum was setting

as 80cm (ΔH = 15cm) to match the impulse magnitude used

in the simulation. Both controllers use identical impedance

gains Kp = diag(100, 150, 1000) and Kd = diag(1, 1, 5);
the proposed method augments the nominal controller only

through an additive iterative feedforward term, leaving the

feedback dynamics unchanged.

B. Iterative Learning Simulation Results

Since this experiment primarily focuses on the effect of

external impacts, the compensation signal f c
GD is activated

when an impact occurs to mitigate its influence. The initial

value of f c
GD is set to zero and gradually converges through

iterative updates. By incorporating f c
GD into the impedance

controller, the CoM error peak in the final iteration is

significantly reduced compared to the initial iteration, as

shown in Fig. 4(c). Specifically, the peak CoM error along

the X-axis decreased from 18.37 mm to 15.44 mm (red and
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Fig. 4: Variation of CoM error during 20 iterative processes in simulation. (a) Three-dimensional visualization of CoM error evolution over 20 iterations;
(b) CoM error trajectory across 20 iterations within a single process, where peaks correspond to error variations caused by experimental impacts. The red
and green dashed lines indicate fitted curves for positive and negative peak values, respectively; (c) Comparison of CoM error before compensation (1st
iteration) and after compensation (20th iteration). The blue curve represents initial CoM error, while the yellow curve shows optimized CoM error after
iterative control. The red and green dashed lines denote respective peak values, and the gray dashed line indicates a ±5% settling band relative to the peak
value.

green dashed lines in Fig. 4(c)) after eliminating the steady-

state error of 0.99 mm, resulting in a 16.85% improvement in

disturbance rejection performance. Furthermore, the settling

time is reduced by approximately 0.3s.

C. Physical BRUCE Balancing using Iterative Learning

Controller Experiment Results

The simulation-derived compensation signal f c
GD

(Fig. 5(a)) was transferred to the BRUCE robot (sim-to-real)

to validate the iterative learning impedance control strategy

on hardware. This approach was adopted due to hardware

safety constraints and the difficulty of reproducing consistent

disturbances.

Since the impact and compensation signal in simulation

were indexed by sample time, the hardware controller re-

quires a compensation signal activator for disturbance detec-

tion. The trigger condition is |ċE |> 0.006m/s, upon which

the impedance controller switches to execute f c
GD.

In the hardware experiment, repeated pendulum impacts

were applied. Since IMU estimation and joint motor feed-

back were unreliable, the ZMP error was used to evaluate

controller performance, as shown in Fig. 5(c). To account for

variations in steady-state error and impact intervals, the Root

Mean Square (RMS) of every 10 peaks over 1000 samples

was adopted as the performance metric.

The algorithm is benchmarked against the manufacturer-

provided controller integrated in the default BRUCE plat-

form, serving as a rigorously validated hardware baseline.

Three controllers are evaluated: the quadratic programming-

based contact force solver (QP-solver, BRUCE’s default),

the basic contact force-based CoM impedance controller

(CF-CIC), and the proposed CF-IL-CIC. The results show

that CF-CIC improves steady-state recovery and disturbance

rejection by 34.82% over the QP-solver, while CF-IL-CIC

further improves performance by 25.49% compared with

CF-CIC. Since the proposed method operates in task space,

direct comparison with joint-space optimization approaches

is not meaningful; therefore, disturbance recovery metrics are

reported.

V. CONCLUSION AND FUTURE WORK

This paper presented a novel contact-force-based iterative

learning CoM impedance control framework (CF-IL-CIC) for

articulated-soft humanoid robots, addressing the challenge of

improving disturbance robustness without relying on precise

dynamic models or heavy online optimization. A time-series

gross force compensation term was iteratively updated from

previous ZMP tracking errors using a PD-type learning

rule and integrated into a contact-force-based impedance

controller via a contact-point grasp map.In addition, the

framework incorporates PSC to ensure theoretical stability

by regulating the system’s energy behavior and guaranteeing

the convergence of DCM errors. Experiments on the com-

pliant bipedal robot BRUCE demonstrated that the proposed

method substantially reduces ZMP error and improves re-

covery stability under external impacts, outperforming both

the baseline CF-CIC and the default QP-solver controller.

Future work will extend the framework to stochastic and

unstructured disturbances, enable real-time online learning
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Fig. 5: The ZMP error of robot on hardware experiment. (a) compensation signal fc
GD over one iterative process, showing 20 iterations. (b) The zoomed-in

view of last iterationfc
GD , which be implemented on hardware. (c) ZMP error of the robot in the hardware experiment along the x-axis. The yellow

area highlights errors due to startup disturbances. The purple region shows the controller without compensation, while the green region corresponds to
the activation of the iterative learning compensation fc

GD .The pink area represents the controller that calculates contact forces using the default quadratic
programming solver, rather than the impedance controller. RMS values of the ZMP error are indicated as follows: red line – quadratic programming
(10.11mm), yellow line – without compensation (6.59mm), green line – with compensation (4.91mm), and purple line – baseline (0mm).

on hardware, and integrate it with advanced whole-body con-

trol for safer physical human–robot interaction. We will also

compare it with model-free and disturbance-observer-based

balancing methods, analyze convergence of the iterative

learning update, and evaluate each controller component’s

contribution to the performance gains.
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