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Contact-Implicit Optimal Planning and lterative
Learning Control for Quadrupedal Robots

Pietro Gori
IEEE, Franco Angelini

Abstract—In this article, we propose a novel approach
for motion planning and control in quadruped robots
that simultaneously optimizes the base trajectory and
contact sequence along the longitudinal direction. The
method relies on a simplified 2-D single rigid body model
to compute an optimal trajectory, which is then mapped at
the joint level. To compensate for model approximations
and environmental uncertainties, we introduce an iterative
learning control (ILC) scheme that progressively improves
tracking performance across repetitions. Compared to
existing approaches, our formulation unifies contact
planning and trajectory optimization in a learning-while-
doing framework, enhancing robustness to disturbances.
We validate the method on the quadruped robot Solo-
12, demonstrating adaptive gait generation and stable
locomotion across different terrains and perturbations.

Index Terms—Legged robots, nonlinear optimal control,
numerical optimization, quadruped robots.

|. INTRODUCTION

ESEARCH in mobile robotics has led to the development

of complex and high-performance systems, among which
quadrupedal robots stand out [1]. They consist of a floating base
and four articulated legs, making their base pose independent of
the surrounding environment [2]. This capability allows them
to move over challenging terrains where wheeled robots fail
[31, [4], enabling applications such as search and rescue [5],
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environmental monitoring [6], and space exploration [7]. These
advantages, however, come at the price of highly nonlinear,
impulsive, and hybrid dynamics [8], [9].

Legged robots can already execute dynamic motions [8],
[10], but achieving energy-efficient, fast, and adaptive locomo-
tion in real-world environments remains an open challenge [11].
Existing planning and control strategies [12], [13] often rely
on accurate models or terrain assumptions, which limit their
robustness. For instance, optimization-based planners can gen-
erate efficient motions on flat terrain but may fail on irregular
or deformable surfaces due to unmodeled ground interactions.
Learning-based approaches [14] can improve adaptability, yet
they often require large amounts of training data and may
generalize poorly when the robot encounters unexpected dis-
turbances such as sudden pushes or foot slippage. In field
conditions, these limitations translate into failure scenarios such
as stumbling over hidden roots, losing stability when tran-
sitioning from grass to gravel, or being unable to maintain
speed under external perturbations. This gap highlights the
need for methods that remain tractable while being robust
to model inaccuracies and environmental uncertainties. This
article addresses this challenge by proposing a simplified yet
effective motion planning and control framework that combines
model-based trajectory generation with data-driven disturbance
rejection, Fig. 1.

The main contributions of this article are as follows.

1) A tractable motion planning framework that simultane-
ously optimizes the base trajectory and contact sequence
using a simplified 2-D single rigid body model and lever-
ages the sigmoid function to continuously unify the con-
tact phases.

2) The integration of iterative learning control (ILC)
to progressively reduce the model-reality gap,
improving tracking performance under disturbances in a
“learning-while-doing” approach.

3) Experimental validation on the quadruped Solo-12,
demonstrating adaptive gait generation and robust
locomotion across diverse terrains and perturbations.

[I. RELATED WORKS

Successful legged locomotion can be achieved by fixing the
gait sequence or not, i.e., contact-implicit methods. Among the
first class, in [15] the zero moment point approach [16] is used
at the cost of limiting the potential base motions. Conversely,
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TABLE |
QUALITATIVE COMPARISON OF RELATED METHODS AND OUR APPROACH

Method Model Contact Seq. Online Gait  Terrain/Model Pre Real-World

Fidelity Planning Adaptation Knowledge training Learning
[12], [15], [17] Simplified/full Fixed No Moderate No No
[21], [22], [23] Simplified/full Implicit Limited High No Limited
[26] Full Optimized (discrete) Limited High No No
[30], [32], [31] Full Implicit/online Yes High No Limited
[33], [34], [35], [37]  Simplified/full Learned/implicit Yes Low Yes (extensive) Yes (but costly)
[39], [40] Simplified Fixed Limited Moderate Sometimes Few trials
Ours Simplified Implicit Yes Low/robust No Few trials (ILC) (ILC) (ILC)

in [17] a simplified model is used, and the constraints on the
foothold sequence are relaxed by fixing only the time instants at
which each foot is in contact. Additionally, in [12], an optimal
control problem solves the locomotion problem for a switching
system. In [18], the full system dynamics is considered in a
differential dynamic programming (DDP) framework.

On the other hand, contact-implicit methods allow more
flexibility at the cost of the challenges introduced by contact
planning [19], [20]. In [21], the problem is tackled by reshap-
ing a relaxed version of the linear complementarity constraint
(LCP) and then stiffening it progressively. In [22], [23], LCP is
avoided using a soft contact model, which approximately solves
the impulse theorem. In [24], [25], the duration of the contact
phases is included as an optimization variable. The dynamic
evolution of each phase is then known and always satisfies the
LCP. Conversely, [26] optimizes the gait treating the contacts
as an integer optimization variable. Next, the dynamics is opti-
mized by formulating a mixed integer problem (MIP). These
problems are numerically more complex than those with only
continuous variables [27] and usually require a double-level
optimization, i.e., gait and dynamics [28].

Literature also proposes contact-implicit methods that simul-
taneously plan and control quadruped robots” motion. Specifi-
cally, model predictive control (MPC) methods exactly predict
the system state and contact forces. The efficiency of such
methods relies entirely on the accuracy of the model and the
speed with which it is simulated. Since the goal of the method
is to calculate exactly the impulsive forces that generate the
motion of the floating base, its effectiveness depends strongly
on how it handles the contacts between feet and ground, and
from an accurate knowledge of the ground shape, stiffness, and
friction. Direct methods [29], [30] and DDP/iLQR methods
[31], [32] have been applied to this topic. In [30], a contact-
implicit MPC is proposed, which can readjust the assigned
gait as needed, using a custom interior point method and a
computationally efficient formulation of LCP. Kim et al. [32]
presents a DDP method with a hard contact model, where the
MPC framework is able to generate motions using an arbitrary
ground contact sequence generated online. A customized iLQR
method for hybrid systems (hybrid iLQR) is described in [31],
where the HILQR-MPC adapts the gait online to handle external
disturbances, such as temporary motor deactivation. Despite the
success of these methods, they assume the exact knowledge
of the robot model and the terrain model, which is not always
feasible in practice.

Data-driven methods, e.g., supervised, unsupervised, and
reinforcement learning, can solve the planning modeling
gaps. In [33], CoM and foot trajectories are planned for a
biped with a spring loaded inverted pendulum (SLIP) model
and fixed gait. This is then translated into the joint space
and tracked with low-level PD. The loop is further closed
on a neural network (NN) that takes as input the planned
Cartesian trajectories and estimated trajectories and provides
additional position references for the PDs. The training of
the NN takes place offline with a reinforcement learning
algorithm in MuJoCo [22] and requires several hours of
training. Similarly, in [34], [35], [36] the policy is trained
using trajectories derived from a model-based planner, but
then, only the trained policies are used in the control loop.
Specifically, [34] and [36] generate the trajectories based on
simplified models, i.e., single rigid body (SRB) and SLIP,
while [35] mimics the behavior of an MPC as references. In
[37], instead, Xie et al. directly train an end-to-end policy on
a simplified SRB model with good results in the sim-to-real
transition. However, these methods may lack safety and/or
stability guarantees [38] and require a large amount of data, and
several hours of training time. Conversely, ILC methods can
quickly fill the reality gap with only a few trials, at the cost of
a task-specific result. In [39], a framework based on trajectory
optimization and functional ILC [40] is proposed. However,
the method is based on an SLIP model with a fixed pronking
gait.

In this article, we propose a framework for planning and
controlling legged systems. The contact-implicit planner uses
a simplified model to efficiently compute feasible contact
sequences that enable different gaits, such as pronking
or bounding. The reality gap is handled by a PD+ILC
controller that combines the stability of feedback control
with the adaptability of a learned feedforward term. This
improves tracking performance and environmental interaction
without sacrificing robustness. Similar to [33], the ILC
works in a “learning-while-doing” manner, learning directly
from real data in just a few iterations and requiring no
pretraining.

As summarized in Table I, our approach stands out from
existing methods that depend on accurate terrain models or
heavy offline training. It combines an efficient contact-implicit
planner, able to produce diverse gaits, with an online ILC loop
that bridges the reality gap in only a few trials, making the
framework practical for real-world deployment.
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Fig. 1. lllustration of the proposed pipeline for legged robots. We plan
the cartesian desired motion. We compute the joints’ trajectory, which an
iterative learning controller tracks. The framework exploits a “learning-
while-doing” approach.

(b)

Fig. 2. Simplification of the rigid body model (RB) in the planar single
rigid body model (2-D-SRB). (a) RB. (b) 2D-SRB.

Ill. PROBLEM DEFINITION

In this section, we start modeling a legged robot, and then,
we describe the planning and control problems without a pre-
determined contact sequence.

Any legged robot in Fig. 2(a) can be described through
the generalized coordinates q = [q] q,']T € Q"+6 C R"*6,
where q, € QF includes the base’s pose and q; € Q" the leg
joints. Recalling [9], the dynamic motion can be rewritten as
follows:

M(q)d + C(a,q)q+G(q)=S"r+J(@)f (D

where M(q) € R(6+7)x(647) ig the inertia matrix, C(q, 4)q €
R6+7)x(6+1) the Coriolis matrix, G(q) € R(6+") the gravity
terms, S = diag{[0,xes, Inxn]} a selection matrix that only
applies the torque 7 € 7 C R" to the n joint rows and J(q) the
Jacobian matrix mapping forces f € F C R3¢ at the ny, legs
end-effectors to 6 + n dimensional generalized forces. The time
variable is omitted and the paper takes the problem of a finite
time horizon, i.e., t € [0, t¢].

Assuming that the joint velocities produce negligible
momentum and the inertia of the whole body is nevertheless
comparable to that of the nominal joint positions [24], (1)
can be simplified as in Fig. 2. Defining p; € P C R? the
coordinates of the ith i € [1,ny] contact point, I € R3*3 the
principal moments of inertia, w € R? the system’s angular
velocity, and r€ R C R3 the center of mass (CoM), the
Newton-Euler equations [41] of the single rigid body (SRB)
model result in

mi‘:mg+§:fi

i=1

(2a)

g

IdJerxIw:Zfix(r—pi).

i=1

(2b)

Note that (2) neglects the joints” kinematics, which will be
calculated later through inverse kinematics.

From (2), it is clear that the base motion is generated by
the contact forces f;, which are subject to the Complementarity
Constraint [42), i.e., f7p? =0, Vi € [1,n], where f7 and p?
are the vertical component and the height of the ¢th contact
point, respectively. This means that f7 > 0 if and only if p; = 0.

The models described in (1) and (2) can be related by the
differential kinematics [41]

£€=J(a)q 3)

,pnkT]T contains the base’s pose

where £ =[q,),p1 ', ...
and feet position.

We assume what follows for the system in (1), (2), and (3).

Assumption 1: The planning and control problem is said to
be feasible if V&, € R6T37% J74(-) : [0, t] — T and Ify(-) :
[0, t]) = F such as ||7q(t)|| < br, <400 and |[fa(t)|] < by, <
+00, and Jqq(+), qa(+) : [0, ] — Q"TC such that (1), (2), and
(3) are satisfied.

Assumption | ensures the existence of a realizable control
action that can guide the system to a precise state in a finite
time. Since the feasibility constraints will be modeled in the
optimal control problem, this assumption is not strict.

The main goal is to create a pipeline for quadrupedal robot
motion without a fixed contact sequence. To this end, the
pipeline is composed of two phases: planning and control.

Goal 1: Given the initial pose &, determine a sequence of
qa(-) = [apg aia) " @a() 1 [0, ] — Q"6 and f4(-) : [0, #] —
F that bring the robot into the desired pose &;.

Goal 2: Find the finite control action 7(-) : [0, tf] — T able
to track the planned trajectory, i.e., qi(t) — qu(t), V¢ € [0, t(]
while compensating for unmodeled disturbances and artifacts.

The first goal, i.e., G1, is related to the planning, while G2
focuses on the control problem.

IV. PROPOSED FRAMEWORK

In this section, we propose a framework for achieving the
goals defined in Section I11. First, we derive a simplified robot
model, focusing on the kinematics of the feet and contact
handling. Next, we plan a feasible trajectory in Cartesian space
using direct multiple shooting (DMS) [10], [43], [44], [45],
which is mapped into joint space. Finally, we implement an ILC
[46] algorithm to track the joint references while compensating
for uncertainties and disturbances not included in the planning.

A. Planar Model

The goal of this section is to derive a simple yet not trivial
model to plan the robot’s motion. Considering a longitudi-
nal motion and a symmetric base, a 2-D-SRB model can be
adopted. This choice inevitably neglects lateral dynamics, roll
and yaw rotations, and possible asymmetries between left and
right legs. Contact forces are also restricted to the longitudinal
plane, so terrain irregularities that cause out-of-plane effects are
not explicitly captured. Nevertheless, for the gaits considered
in this article (bounding and pronking), the dominant motion is
longitudinal and symmetric, meaning that forward progression,
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vertical dynamics, and pitch regulation are the most relevant
aspects. Hence, the 2-D approximation preserves the essential
dynamics while keeping the model tractable for motion plan-
ning. Additionally, we assume that both front legs and hind
legs move identically. This leads to having only four motion
phases, i.e., Full Flight, Front Contact, Hind Contact, Full
Contact, each characterized by different dynamics. It is worth
mentioning that the planner can output different gaits even
under this assumption, as it is shown in Section V.

Referring to Fig. 2(b), we define T¢ = [2g, 0, 2] ', the
coordinates of the floating base, and 6 = [0, 6g, 0] its Euler
angles, where only the pitch one is nonzero. We also define p, =
[p?, 0, p?]T, i € {F, H} the coordinates of each pair of feet
(Front or Hind). The overall continuous dynamics is as follows:

1
Bo=— > o(=pf + )Y (4a)
i=H,F
1 -
o= — o(=pi +h(piNfi — g (4b)
i=H,F
b =+ > lo(=p + he(P))E] x (B, —T)  (4o)
? i=H,F
B = o(p; — he(p?)) (0¥ + dig + O (p; — 2a)) (4d)
pi* = o0 — he(p?)) (v + 26 — O (P} — 26)) (4e)

where f; = [f¥,0, f7]T and [v7,0, v?], Vi € {F, H} are the
contact forces and the relative velocities of the feet related to
the base, respectively. They serve as inputs to the system. The
hi(x;) contains the ground height. The key aspect of this model
is the sigmoid function o'(z) = (1 + e~21) ", where oy is the
slope. This function enables to unify the four distinct dynamics,
e.g., flight or in contact, into a single continuous one. More
details are reported in the Section ['V-B. The no-slip constraint
is a key condition to impose, i.e.,

—uff < fE<pff,

where p € [0, 1] is the static friction coefficient of the terrain, f7*
and f7 are respectively the tangential and normal components
of the 7th contact force. Note that (5) describes a friction planar
constraint [10], Fig. 2(b).

fi=0 ®)

B. Feet Kinematics

Each foot is considered massless, it is modeled kinematically,
and it is constrained to remain in the operative space of the
corresponding leg. Considering the th pair of feet, during the
contact phase, due to the no-slipping constraint, it holds that
p? =0, and pf =0 with ¢ € {F, H}. Conversely, during the
flight phase, any feet move as follows:

{p'f:vf-l—gbc,-i-ég(pf—zg) ©

P; =i + i — Oa(pf — wa)
for i € {F, H}. Note that, (6) allows effects of the rotational
dynamics of the base on the robot’s feet.

To ensure the foot remains inside the leg’s workspace, we
introduce geometric constraints by constructing a boundary

60

50

40

30

Effective Force [N]

“0.01 -0.005 0 0.005 0.01
Surface Distance [m]

(a)

Effective Velocity [m/s]
o

801 -0.005 0 0.005 0.01
Surface Distance [m]

(b)

Fig. 3. Effect of the proposed contact model. The filled surface rep-
resents the solution space available to the solver. Acting on the cost
function causes the solver to act in regions where forces and velocities
are maximized, i.e., o(-) — 1.(a) Sigmoid effects w.r.t. the contact forces.
(b) Sigmoid effects w.r.t. the foot velocities.

box. We define lyox = Zup — Tip, Rbox = Zub — 2ib, and dpin =
a; — zu as free parameters of the optimization problem, while

a; = [a¥, a?]" and p; = [p¥, p?]" represent the hip and the

i

foot position of the ith leg. Therefore, we set a linear constraint
on each foot coordinate, i.e.,

el P
Z1b p; —a; Zub
The feet bounding box (7) is convex, thus it can be easily
handled by numerical solvers, and it ensures that the leg does
not fully extend, preventing singularities.

In the proposed planner, only the presence or absence of the
contact forces depends on the system’s state. At the same time,
the solver chooses the value of the contact forces f7? freely.

z

Recalling (4) and assuming A (pf) =0, it holds fircive =
o(—pZ)f7, see Fig. 3(a). To maintain a pure kinematic feet
model and limit the maximum ground penetration, feet velocity
is subject to the sigmoid effect following (4d) (4¢), Fig. 3(b).
The sigmoid function activates when moving away from the
contact surface. Additionally, the choice of the control weights
w steers the areas selected by the solver, avoiding those where
both inputs are active, and preferring those where the con-
trols have full effect on the system. This means areas where
o(-) = 1, i.e., maximum ground compression for contact force
or in the air for foot velocities.

C. Numerical Optimization

DMS reformulates the finite time optimal control problem
into a finite dimension nonlinear programming (NLP) one.
Given a finite time horizon ¢, we divide it in a time grid of
N equally spaced temporal instants t; = iAt : At =t;/N,i €
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[0, N]. Let us define the control input u(-) € R« such as
u(t) =w; : t € [t;, t;+1], Vi € [0, N — 1]. Moreover, we define
the system state x € R™= and the state transition function
f(y ) i R™= x R™M« — R™= [45]. Using such controls, the
dynamics is simultaneously solved N times, one for each
interval [t;,t;11], starting from an artificial state s; € R™=,
ie.,

%i = f(x(t) + gx(D))u; € [ti, tiva], Vi€ [0, N]
X(ti) =85 ®)

where the continuity between each interval is imposed with an
equality constraint, i.e., s;11 = x(t;+1,Si, u;), Vi € [0, N].

DMS solves the following optimal control problem leading
to a feasible piecewise trajectory, i.e.,

N-1

minsi7rlrlnze Z L(si, ) + E(xn) (9a)
i=0

subject toxg —sg =0 (9b)

Sit+1 — X(tit1,8:, ;) =0 Vi € [0, N] (9¢)

g(x;,u;) >0 Vi€ [0,N] (9d)

h(sy)=0. (%e)

We apply the DMS approach to our planning problem in
Section 111. Defining the state vector x = [¢ T, ig, Zg, 0.(3]T
and the control vector u = [f&, f7, f&, f7,v5, v5, vY,v5]
the model (4) can be used in (8) as a state update function.
Equations (5) and (7) are then used as inequality constraint (9d),
while the terminal constraint (9¢) is the Lo-norm of the distance
between the final robot state x(¢) and the final desired state xg4.
The cost function (9a) penalizes the Ly-norm of the input u and
the state x. Hence, the optimization result will be the trajectory
of the robot CoM, feet, and the contact force sequence. Note
that the weights of (92) can be selected to enable different gaits.
Different from other works [24], [47], we generate the contact
sequence as part of the optimization process, without relying
on a predefined one. The initial guess defines the initial state,
but the optimization solver can deviate from it to find a more
general solution. Unlike other approaches that constrain state
variables to the initial guess to reduce the problem size, we
allow for a larger optimization problem to achieve feasibility
and explore solutions beyond the initial guess.

D. Inverse Kinematics

To perform the optimal motion planned in Section [V-C,
we transform the CoM and feet trajectories into joint ones. In
the planar case, the ith leg is a 2-DoF robot. Recalling (7),
the hip position a; and foot position p; are used to compute
the joint angles via an Inverse Kinematics algorithm, see, e.g.,
(48], qua, = IK;(dj,), where IK;(-) : R> — R? is the kinematic
inversion map of the ¢th leg, and dfp € R? is the hip—foot
distance in the hip frame. The velocities ¢q can then be derived
either numerically or analytically while satisfying G1. Thus,
for each joint, we obtain a position and velocity reference
trajectory.

Recalling (1) and (4), the optimal contact forces f(-) are also
used to limit the torques 7 required by the controller defined in
Section I'V-E. During contact phases, the leg dynamics can be
expressed as follows:

T ~J (q)f (10)

where Ji(q) is the leg Jacobian. Since the contact forces are
explicitly bounded in the optimization problem, i.e.,

fi, <f <fw (11)

and the elements of J;(q) remain bounded by the leg geometry
(with |J{7| < Iy + 5 for link lengths Iy, 5 € R), it follows that
the resulting joint torques are also bounded. By appropriately
selecting the force limits fj,, f, and the kinematic parameters
lbox> Pbox, and din, the feasibility of the planned trajectories in
terms of torque requirements is guaranteed.

E. lterative Learning Controller

The joint reference trajectory is tracked by a low-level con-
troller. This is composed of two terms. One is a PD controller,
ie.,

7pp = Kp(quu — a1) + Ka(qua — &) (12)

where Kp = K, I, and Kq = K¢I,,»,, € R"*™ are the pro-
portional and derivative gains, respectively.

The second term is included to increase robustness. Indeed,
when using simple models and controllers such as (4) and (12),
respectively; discrepancies between the real robot motion and
the planned one are likely to occur. This depends on neglecting
leg dynamics, actuator artifacts, different terrains, poor contact
models, external disturbances, etc. ILC strategy tackles this
challenge [46]. The idea behind this method is to repeat the
same task several times and learn from the error made in
the previous iteration. Iteration after iteration, this knowledge
is translated into a feedforward control term to improve tra-
jectory tracking performance. In practice, the planned task is
repeated identically Ny-times, and at the kth iteration the new
feedforward term can be computed as follows:

Tir, = T, + Kp(dia — aip—1) + Ka(€a — up—1) (13)

where T%ﬁl € R"™ is the old feedforward term and Kp =

FpIan e R™" and Ky = Kgl, x, € R"*" are the gains
of the ILC updating law, weighing the error at the previous
iteration. The overall control law at the kth iteration is
as follows:

Tk = TpD, + Tit,- (14)

To theoretically analyze the convergence of the controller (14),
we recall the desired state qq, Qi € R™. Under this control law,
the input remains bounded with respect to time and the iteration
domain, and it converges to the desired control input while
compensating for model uncertainties, i.e.,

lld(a, &, )] < ba ([la]| + [[ul])

where d(-) € R™ denotes state-repetitive disturbances [49] and
bq € R is finite.

15)



This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.

IEEE TRANSACTIONS ON INDUSTRIAL ELECTRONICS

The boundedness of (14) can be shown by induction. At k =
0, 7o = Tpp, is bounded by construction, i.e., |7¢| < by, finite.
At k=1, 71 is also bounded since both the PD component
and the feedforward term depend on bounded signals. Assum-
ing |T%| < br,, one has for k + 1 that both the feedback and
feedforward components remain bounded, implying |7x41| <
brysy-
Convergence is analyzed by recalling the system state x £
[ql—r , éhT ] € R?" and its affine state-space form (8). Assuming
Lipschitz continuity of (1) and defining 6(-)x = (-)k+1 — (")k>
one obtains

t
||5xk|\§/0 (b +bo) [16xc(2)]| + b [[975(2) ]| d= (16)

where by and b, are the Lipschitz constants of f(-) and g(-),
while by accounts for disturbances.
Applying Gronwall’s Lemma to (16) yields

t
||oxk || < / (b 10Tk (2)]]) e TPI=dz. (17)
0

Considering two consecutive iterations, the following
inequality holds:

157 s1ll = |7 = K (e + o) | = || = [Kox|
(18)

with K = max |K,|, |Kq|. Substituting (17) into (18) and eval-
uating the A\-norm gives

167 s 1A < (£1 F ) [675 |2 (19)

where € > 0 for sufficiently large A. This shows a contrac-
tion property, i.e., (|07Tk+1|A/[0T%|A) € (—1,0], proving the
convergence of the ILC law.

V. PLANNER VALIDATION

In this section, we validate the performance of the proposed
planner by demonstrating its ability to generate a trajectory that
moves the robot’s floating base by 0.2 m in the X direction,
in the world frame. This trajectory can be executed period-
ically, enhancing the robot’s performance by leveraging the
ILC capabilities. By adjusting the cost function weights, the
planner can produce distinct behaviors for the floating base and
feet trajectories, effectively enabling different gaits. A direct
outcome of Sections [V-A and ['V-B is that the framework can
generate two primary gaits: Pronking and Bounding.

The implementation is carried out in Python using CasAD1
[50] to formulate the NLP problem described in Section [V-C.
The optimization problem is solved using Ipopt [51] on a
laptop equipped with an Intel Core i7-13650HX processor and
32 GB of RAM.

The platform chosen to validate the method is the 12 degrees
of freedom (DoF) Solo-12 a lightweight quadrupedal robot. It
weights about 2.5 kg. It has a body module and four identical
3 DoF legs. The robot’s base is 45 x 30 cm and its maximum
height is 34 cm. Recalling Section ['V-D, every joint has a PD
controller that operates at 10 kHz. The joint torque range is
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Fig. 4. Pronking: CoM, feet, and 0 cartesian trajectories.
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Fig. 5. Bounding: CoM, feet, and 6 cartesian trajectories.

[-2.7,2.7] Nm and the robot is only equipped with proprio-
ceptive sensors, such as joint encoders. The NLP problem is
formulated and solved with ¢y =1.0 s, N =100 and a single
Forward Euler integration method.

A. Pronking

We set an elevated attitude cost term wy = 1e6 in the optimal
planning problem (9). This leads the system to perform the
displacement with a single jump, i.e., Pronking, as shown in
Fig. 4. Moreover, the contact is relaxed with og = 500, and the
NLP problem is solved in 2.3 s.

B. Bounding

In this case, the system is required to move without changing
the height of the base. This is done by relaxing the cost term
on the attitude, wy = le2, and increasing the term of the base
vertical distance w,, = 1e6, from the reference height, i.e.,
zp = 0.2 m. The problem is solved in 8.4 s with oy = le3.
This results in a shift in the front and hind feet motion, i.e., a
Bounding gait as shown in Fig. 5.

VI. CONTROLLER VALIDATION

In this section, we validate the effectiveness and robust-
ness of the ILC with eight experiments both in structured and
unstructured environments with varying terrain, disturbances,
obstacles, etc. Moreover, we compare the performance of our
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controller and a state-of-the-art (SoA) method, namely, OCS2
[12], [13]. Each of the planned trajectories in Section V is
concatenated L-times and the learning process is performed
online by exploiting their periodicity, i.e., learning-while-doing.
In some experiments, an external disturbance, such as a small
step or weight, is introduced during the learning process. The
different types of disturbances in the learning process enable us
to demonstrate how much a simple iterative learning strategy
handles disturbances with few data. To evaluate the accuracy
of joint position tracking during the kth iteration, we report
the root mean square error (RMSE) of the joint position track-
ing across all joints, namely, (RMSE}). This metric provides
a concise measure of the overall tracking performance and
allows for direct comparison between different experimental
conditions. The method’s first iteration always corresponds to
the one performed with the PD controller only. Then the ILC
approach updates the control law with a feed-forward term (12).
Every experiment uses the same controller gains, which were
selected through empirical testing and tuning procedures [52]:
K, =30.0, K4=0.05, K, = 0.5, and Kq=0.075. The ILC
gains selection proportionally affects the convergence velocity.
Fig. 6 shows representative snapshots from the experiments.
Additional details are provided in the attached video extension.

A. SoA Comparison

Here, we compare the performance of the proposed method
with the SoA methods in the literature. We focus on the compar-
ison with the methods that are based on the OCS2 toolbox. The
OCS2 [12], [13] is a C++ toolbox tailored for optimal control
for switched systems. Our method is based on a contact-implicit
continuous model that exploits sigmoid activation functions to
activate and deactivate feet contact, Sections IV-A and 1V-B.
The OCS2 toolbox, on the other hand, is based on switched
systems, where the contact activation and deactivation is done
by switching between different dynamics.

To evaluate the effectiveness of our approach, we compare
it against the OCS2 planning method on a flat terrain scenario.
Specifically, we analyze the trajectories generated by our
method (Section V-B) alongside the one from the OCS2
toolbox, under the same settings. The planned tasks last
for 1.0s, with the robot moving forward 0.2m. For a fair
comparison, the trajectories produced by both planners
are executed using the proposed controller, described in
Section ['V-E.

To compare the performance of our method with OCS2,
we performed two simulations with 15 ILC iterations each.
Fig. 7 shows the comparison outcome in terms of the joint
positions RMSE. As observed, the RMSE of the joint positions
for our method is slightly lower than that of the OCS2 plan-
ning. However, the difference is not significant, indicating that
both methods yield comparable performance in terms of joint
position accuracy.

These results demonstrate that our proposed method gen-
erates optimal trajectories that are competitive with state-of-
the-art approaches. Furthermore, the comparison highlights the
effectiveness and robustness of the ILC-based controller, which

successfully executes trajectories planned by both our method
and the OCS2 toolbox. This indicates that the controller is
capable of handling diverse planning strategies while maintain-
ing high performance.

B. Structured Environment

Both planned motions were tested on flat terrain similar to
that used in the planning phase. Each trial consisted of 20
iterations with identical initial conditions and feedback gains.
The first iteration used only the PD controller, while subse-
quent ones included ILC, which progressively compensated for
modeling errors and improved trajectory tracking. The resulting
RMSE values for both tasks are shown in Fig. 8.

C. Structured Environment With Disturbances

1) Extra Weight Ongoing: Starting from the Bounding task
(Section V-B), once satisfactory performance was reached
around the 10th iteration, an additional payload equal to 25%
of the robot mass (0.5 kg) was placed on its floating base. The
effect is visible in the RMSE in Fig. 8. The experiment was
stopped at the 17th iteration to prevent overheating and was
conducted only for the Bounding gait, as Pronking showed
excessive base oscillations.

2) Multiterrains: To assess controller robustness, the robot
was tested on three surfaces with different hardness and fric-
tion: hard rubber (¢ = 0.6), medium-hard sponge (= 0.75),
and laminated wood (p = 0.5), with small steps (7.5-15 mm)
between them. Both gaits were tested, and RMSE trends are
shown in Fig. 8.

D. Unstructured Environment

1) Grassland: Both planned gaits were tested on uneven
terrain with vegetation and roots, none of which were included
in the planning phase. As shown in Fig. &, learning began from
scratch, allowing ILC to compensate for modeling errors and
terrain irregularities.

2) Grassland With Obstacle: The robot performed the Pronk-
ing task on grass while overcoming a 30 mm-high steel manhole
cover. The corresponding RMSE and experimental results are
reported in Figs. 6 and &, respectively.

VII. DISCUSSIONS AND LIMITATIONS

1) Discussions: Section V demonstrates that the proposed
planning method effectively generates periodic trajectories opti-
mized for integration with the ILC framework. By adjusting
the cost function, the planner produces distinct gaits and phase
timings for the same displacement. Differences in foot height
between Figs. 4 and 5 arise from the chosen oy value, which
only constrains joint torques and does not affect control perfor-
mance. Simulation results show that oy > 500 ensures feasible
solutions, while larger values mainly increase NLP computation
time. The maximum achievable forward distance in 1 s is
0.45 m, beyond which high landing velocities cause unwanted
bounces.
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Fig.6. Photo-sequence of four out of the eight performed experiments. Each test presents a different gait, a different terrain, or a different unmodeled
external disturbance. Each picture represents a different ILC iteration in increasing order from left to right. (a) Pronking on grass with obstacle. (b)
Bounding with added weight on iteration 10. (c) Bounding on terrain composed of multiple materials with different physical properties. (d) Bounding

on grass.
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Fig. 7. RMSE of joint positions over 15 ILC iterations for trajectories
planned by the OCS2 toolbox and our proposed method. Both planners
are evaluated under identical conditions using the same controller.

The experiments described in Section VI prove the ILC’s
suitability for periodic trajectories in quadrupedal robots. We
conducted independent experiments under different environ-
mental conditions (flat terrain, multisurface soils, and grass),
each evaluated separately for the Bounding and Pronking tasks.
Moreover, we performed an additional experiment on flat ter-
rain with an added weight of 0.5 kg to the front of the robot’s
base to assess the method’s robustness to external disturbances.
As shown in Fig. 8 (Flat), in the case of flat terrain, the
robot learns progressively w.r.t. the iteration domain, making
the tracking error at the joints decrease exponentially. This is
more evident in the Bounding task since, initially, the robot
fails to perform the displacement, succeeding from the &k =
4 onward. On multisurface soils (Fig. 8, Multi), the Pronking
task suffers only from crossing over the sponge, k = 4, 5, still
recovering in a couple of cycles and overcoming the other

Pronking
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Fig.8. ILC performance: RMSE over iterations for pronking and bound-

ing gaits. Each plot shows the joint position tracking error across
successive learning iterations, highlighting the improvement in tracking
accuracy and the robustness of the proposed controller on different
terrains.

soils without problems. The Bounding task, on the other hand,
is more sensitive to changes in friction and hardness as it
transitions from one surface to another, k = 11, 14, 17, 20. The
method manages to compensate for such disturbances as early
as the first iteration by resuming the initial learning trend. The
same behavior occurs when a weight of 0.5 kg is added to
the front of the base at k =10 (Fig. 8 top, Weight). In this
case, the task was terminated at k =17 due to overheating
of the actuators, which are capable of delivering a maximum
torque of 2.5 N-m. In the case of an unstructured environment
(Fig. 8, Grass), the robot starts moving only at £ = 15 of the
Bounding task. In subsequent iterations, the controller learns
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Fig. 9. Comparison between planned and executed base z-positions
for flat terrain and grass experiments using the pronking gait. Each dot
represents an iteration of the planned trajectory. The plot shows that
while median tracking errors are similar between flat and grass surfaces,
the variability of error is much greater on grass, reflecting the challenges
posed by unstructured terrain.

the necessary torques to reject environmental disturbances such
as roots sticking in the robot’s feet. The same happens for
the other planning, where the robot starts moving as early
as the first iteration and improves tracking at joints as the
execution numbers increase. The controller was also able to
manage the transition from the lawn to a raised manhole (Fig. 8
top, GrassObs), k = 4,5, and again to the meadow, k = 16, 17.
In the latter, in particular, the transition from a surface with
high hardness and friction to one with opposite characteristics
generated a significant tracking error that was handled by the
controller in two iterations, resuming the learning trend. It is
noteworthy that, according to (14), in the first iteration of each
experiment, the ILC contribution is zero, thus only the PD
feedback control is active. To enhance the evaluation of the
controller’s performance, we include additional metrics com-
paring the planned and executed base trajectories. Specifically,
we analyze the vertical (z) position of the base, which is less
influenced by unmodeled external disturbances than the other
components. Fig. 9 illustrates the error between the planned
(Fig. 4) and executed base z-positions for both flat terrain and
grass experiments using the pronking gait. The results indicate
that, even though only the leg joints are controlled, the base
trajectory closely follows the planned path, demonstrating the
controller’s effectiveness in maintaining desired body posture.

2) Limitations and Future Works: While the proposed ILC
scheme effectively compensates for model inaccuracies through
real-world adaptation, it is inherently task-specific and does
not generalize across different motion patterns or environments.
This represents a current limitation of our approach, as the
learned corrections are tailored to the specific planned trajec-
tory. To further enhance the ILC generalization capabilities,
future work can leverage time-varying or control-oriented for-
mulations [53], [54], or integrate ILC with deep reinforcement
learning techniques [55] to enable adaptation across tasks and
terrains. Extending the proposed framework to more complex
gaits mainly requires updating the robot model. The current
2-D single rigid body (SRB) formulation, limited to the longi-
tudinal plane, ensures clarity and efficiency but only supports

symmetric gaits. To generate asymmetric patterns such as walk-
ing or trotting, a 3-D SRB model with full spatial dynamics
and 3-D foot kinematics is needed, expanding dynamic and
contact constraints to include lateral motion and independent
leg behavior. Although this increases problem dimensionality,
the overall framework remains unchanged: once the center of
mass and foot trajectories are planned, the kinematic inversion
and PD+ILC controller operate identically. Relaxing symmetry
constraints within the same contact-implicit formulation would
then allow the synthesis of general, nonsymmetric gaits.

VIIl. CONCLUSION

In this article, we proposed a new pipeline to plan and
control a quadruped robot. The planning phase simultaneously
derives the base trajectory and contact sequence, which are
then mapped at the joint level. Then, ILC is used to close
the gap between the approximated model and the real system.
Finally, we tested the effectiveness of the proposed method
on the quadruped robot Solo-12 for forward movement with
varying gaits, disturbances, and terrains. The proposed method
is not intended for real-time applications, but rather as a tool
to generate high-quality trajectories that can be executed in
real-time.
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