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Abstract— This manuscript primarily aims to enhance the
performance of whole-body controllers(WBC) for underactu-
ated legged locomotion. We introduce a systematic parame-
ter design mechanism for the floating-base feedback control
within the WBC. The proposed approach involves utilizing
the linearized model of unactuated dynamics to formulate a
Linear Quadratic Regulator(LQR) and solving a Riccati gain
while accounting for potential physical constraints through a
second-order approximation of the log-barrier function. And
then the user-tuned feedback gain for the floating base task
is replaced by a new one constructed from the solved Riccati
gain. Extensive simulations conducted in MuJoCo with a point
bipedal robot, as well as real-world experiments performed on a
quadruped robot, demonstrate the effectiveness of the proposed
method. In the different bipedal locomotion tasks, compared
with the user-tuned method, the proposed approach is at least
12% better and up to 50% better at linear velocity tracking,
and at least 7% better and up to 47 % better at angular velocity
tracking. In the quadruped experiment, linear velocity tracking
is improved by at least 3% and angular velocity tracking is
improved by at least 23% using the proposed method.

I. INTRODUCTION

Legged locomotion plays a pivotal role in enabling legged
robots to traverse diverse and challenging environments.
In recent years, whole-body control( WBC) has become a
widely accepted approach for trajectory stabilization in dy-
namic legged locomotion. However, its performance relies
on the selection of certain parameters, such as the weight-
ing matrices reflecting task priorities and the proportional-
derivative(PD) feedback gains in task space [1]-[4]. Tai-
loring these parameter settings for different robots often
requires a substantial time commitment and relies heavily on
engineering experience. To address this problem, Bayesian
optimization has been proposed to determine the value of
those parameters [S5], [6]. Such methods work well when
the parameters are fixed (such as the weight matrices in
WBCO), but if the required parameters themselves vary with
the system state and external inputs, the method relies on
new data for parameter updates, which inevitably introduces
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Fig. 1. Illustration of the proposed approach for stabilizing the floating-
base trajectory yp(t) along its reference y; (t). For floating-base task, the
user-tuned PD feedback is repalced by a Riccati-based feedback. The Riccati
gain is derived by considering the impact of friction-cone constraints and
the column space of the contact Jacobian within the formualted LQR.

delays in the process. Using Bayesian estimation to find the
optimal PD parameters assumes that the PD parameters are
constant and do not change over time and system states. For
underactuated multi rigid body system with floating base,
such an assumption is typically violated, since such dynamics
cannot be transformed into a simple second-order integrator
through feedback linearization [7]. The feedback control law
for such systems should be nonlinear, and linear controllers
can only provide local approximations that vary globally with
the system’s states.

There is another category of methods that couple the
upper-level motion planner with the whole-body controller
[8], [9]. In such methods, the upper-level motion planner
typically yields a local feedback control law through utilizing
a whole-body model and algorithms such as differential
dynamic programming. This control law can be directly
used in WBC and then the PD feedback gains of some
tasks are not necessary, such as momentum task. Hence,
this particular class of methods exhibits the potential to
mitigate the need for extensive parameter tuning in the
context of WBC. Nonetheless, in cases where kino-dynamic
model is employed in the planning, the joint velocity within
this model may experience sudden fluctuations due to the
absence of joint dynamics. Consequently, the integration of
a method known as loop shaping becomes imperative to
fortify the system’s robustness in such instances [10]. It is
also worth noting that the aforementioned method is highly
effective when the gait is predetermined. However, if the
planning layer requires gait optimization, the entire problem
becomes significantly more complex, and each computation
will take longer. This coupling of control and planning
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will also impact the frequency of feedback gain updates
in the control component, resulting in uncertain control
performance. On the other hand, an alternative variation-
based method has been explored in the context of two-leg
balance of a quadruped robot, as discussed in [11]. However,
the controller developed in this study is not suitable for
trajectory tracking due to the inherent variation around an
equilibrium point. To address this limitation, an extension
of this method for trajectory tracking is proposed in [12],
where the variations are performed around an optimized
trajectory. Nevertheless, it should be noted that this type
of method uses centroidal dynamics and contact force is
mapped to joint torque by contact Jacobian matrix without
consideration of full dynamics. Consequently, its control
effectiveness remains constrained.

As mentioned before, there are various parameters in WBC
such as the weighting matrices reflecting task priorities and
the PD gains in task space. Among them, floating-base
task is particularly crucial due to its close relationship with
the inherent system underactuation which is known to be
difficult to handle. Therefore, the core of our research lies in
determining how to set the PD gains for the floating base
in WBC. The conventional approach of using user-tuned
stiffness and damping within the floating-base feedback fails
to adequately consider system’s underactuation, leading to
potential performance degradation in practice. In general,
a substantial amount of time is needed to meticulously
tune the parameters in order to achieve desirable tracking
performance.

To address this challenge, we propose an efficient method
for determining the feedback gain in the floating-base task
within WBC. Compared with the heuristic parameter tuning
of traditional methods, our proposed method fully consid-
ers the long-term impact of system underactuation on the
floating-base task, leading to more effective tracking of
the floating-base motion. The superiority of our proposed
approach over the user-tuned method in floating-base task
is further substantiated through comprehensive experimental
evaluation.

II. PROBLEM DESCRIPTION

The dynamics of legged robot can be modeled by Newton-
Euler equation

M(q)v + b(q,v) = STT—i—J;T(q))\ (D

where g € Q ~ R™ is the system configuration, v € R"
is the generalized velocity, and 7 € R"+ denotes its input
(torque/force generated by actuator). The contact force or
wrench A € R™« satisfies the physical constraints S = {\ €
R™ | h(A) < 0} and contact points consistent with a pre-
defined gait are required to maintain contact:

P.(q) =0, J.(q)v=0 (2)

and J.(q) is the Jacobian of ®.(q).

A. Floating-Base Task

The floating-base pose in the task space is denoted by y, =
(p,0) € RS where p, 0 denote the position and Euler angles
of floating base respectively. And the relationship between
configuration g and y, is described by y, = ®4(q).

Given a trajectory reference y; (t) of floating base, sta-
bilizing the floating-base trajectory y;(t) to follow the ref-
erence is one important task of WBC. One widely adopted
approach for floating-base trajectory stabilization entails em-
ploying task-space linear feedback law combined with QP-
based inverse dynamics.

Now the task-space dynamics is regarded as a double
integrator y, = a; where the input a; € RS is the desired
acceleration of floating base. A user-tuned linear feedback
law for the double-integrator system is given as

—u) ~ Kae - 9) +d5 O
where K} € RO*¢ Kl € R®*S are chosen as positive-

definite matrices. For the double-integrator system, the track-
ing error denoted by

U(t) — Yy (t)}
ep(t) = |= - 4
0= o) o) @
can converge to zero with the aforementioned choice of
KZZ;, K db. Readers are referred to [2], [4] for more discussions
about this approach.

ap = fo;(yb

B. QP-Based Inverse Dynamics

There are multiple approaches to implementing WBC [2],
[4], and this paper primarily focuses on the inverse dynamics
formulation based on quadratic programming (QP). The QP-
based inverse dynamics at state (g, v) is formulated as the
following quadratic programming:

. 2
min {||B(@s + (@) - al| 067N} G
subj. to dynamics equation (1), (5b)
1 <17<T, CA<n, (50)

d ) .
—(Je(@)v) = Je(@)v + Je(q)v = 0, (5d)

dt

where the weight matrix W is positive definite and
£(v,7T,A), a convex quadratic form, represents other tasks
for legged locomotion, such as foot swinging and input pe-
nalization. Besides, the friction-cone constraints is replaced
by its inner approximation which contains some pyramids
for different contact points.

C. Problem

Obviously, the guarantee of convergence to zero for e(t)
relies on the condition that v* solved by the QP (5) always
satisfies .

Jp(@)0* + Jp(q)v = ay. (6)

In the event that this convergence condition is violated, it will
indeed lead to poor tracking performance or even cause the
error e,(t) to diverge from 0. To alleviate such dilemma,
it potentially needs much engineering effort to tune the
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parameters Kg7 K3~ Even after sufficient parameter tuning,
the feedback gain remains fixed in control process, which
limits the performance and robustness of the controller.

Therefore, in the subsequent section, we first investigate
what factors lead to the inability to solve ©v* from the QP
(5) so that it satisfies eq. (6). This analysis enables the
development of a more reasonable approach to determine
a, based on the inherent properties of the legged robot. By
taking these factors into account, we come up with a more
effective task-space feedback for floating base.

III. PROBLEM ANALYSIS

In this section, we will analyze why the user-tuned ap-
proach, as a model-free method, has limited effectiveness in
task-space feedback for floating base based on the underac-
tuation of the system.

According to the definition of full actuation and underactu-
ation [13], the dynamic system defined by eq. (1) and eq. (2)
is fully actuated at the state (q,v) if there exists a 7 which
produces the desired response for every v. Otherwise, it is
underactuated at state (q,v). And the condition n, < n,
represents a necessary condition for a system to possess
full actuation. However, this condition is not satisfied in
the case of a legged robot. Consequently, a floating-base
dynamic system described by eq. (1) and incorporating the
contact model outlined in eq. (2) can be classified as an
underactuated system. As a result of this underactuation,
the computed acceleration vector ay(t) derived from eq. (3)
may fail to satisfy both eq. (6) and eq. (2). It should be
noted that not all tasks are subject to the limitations imposed
by underactuation, such as the swinging tracking of a fully
actuated leg. The trajectory stabilization of a swinging leg
can be accomplished using techniques analogous to those
employed in the control of a fully actuated robot arm, which
does not currently present a significant challenge.

To further find out what causes underactuation of floating-
base motion, the state (q,v) is separated into two parts,
namely actuated joints state (¢a, V) and unactuated floating-
base state (gp,vp). As a result, the floating-base dynamics
can be extracted from eq. (1) as below (see [4] for details):

My(9)0p + Do(q)0a + by(q,v) = JL (@A (7)

Once (g, v) is given, ¥, only depends on the value of v, and
J£A. In the process of maintaining contact, namely let (g, v)
satisfy eq. (2), the following acceleration-level constraints
can be derived:

d

i ‘

Va

J(@)) = [J(@) Jea(@)] [ ]uc(q)v—o, ®)

where we split J.(q) into two parts according to (vg, vp).
Then we can solve v, from eq. (8):

o = ~J5(@) (Jon(@)0y + Te(q)v) ©)
and substituting it back to eq. (7) yields

oy = My (@) T4 (@) — My H(@)by(g.v)  (10)

where

M, (q) = My(q) — Do(q)J/,(q)J (),

by(q,v) = bu(q,v) — JL.(@)Jc(q)v.
At this point we can find that the value of v, is limited
by the row space of J%(q) and friction-cone constraints.
Consequently, it is not feasible to simply transform the
system (10) into a double integrator system.

Now we choose Euler angle represents the pose of floating
base and let ¢, = vy, € RS, then g, = wv,. Moreover,
the linear feedback law given by eq. (3) is a way of
implementing task-space feedback without considering the
constraints imposed by the friction cone and the row-rank of
JL(q). It is precisely due to the neglect of these constraints
that the QP-based inverse dynamics solution is highly likely
to fail in satisfying eq. (6). As a result, the use of user-tuned
eq. (3) for task-space feedback yields poor performance.

(11a)
(11b)

IV. RICCATI-BASED FEEDBACK FOR FLOATING-BASE

In this section we will elaborate on how to construct a
reasonable feedback control law for floating base that can ex-
plicitly consider the system underactuation and the friction-
cone constraints. The key idea is to formulate this problem
as a LQR by approximating the unactuated dynamics using a
linear model and converting the friction-cone constraints to
a soft one. Subsequently, a Riccati gain can be computed,
and it is leveraged to establish a Riccati-based feedback
control strategy for the floating-base task. Distinguishing our
approach from existing methods, we refrain from direct uti-
lization of the optimal trajectory or value function obtained
from the LQR. Instead, we demonstrate the integration of the
Riccati gain within WBC to achieve enhanced performance.

A. Linear Model around Feasible Trajectory Reference

Firstly, a linear model is employed to approximate the
nonlinear unactuated dynamics. The following paragraph
shows how to obtain such a linear model.

Due to the restriction on maintaining contact, namely
eq. (2), noncollocated partial feedback linearization (section
3.5 in [7]) can not be applied to this system. Suppose
the trajectory reference (g*(¢), v*(t)) obtained by high-level
planning is given. Substitute them into eq. (10) and then
obtain the following linear model

oy = M, (q") TS (@) X — M, ' (q")by(g*, v")

By c

(12)

with the approximated friction-cone constraint which is
linear and convex. As we have chosen q, = ¥y, and now
let @ = (yp(kAt), yp(kAt)), then the discrete-time linear
dynamics for LQR is written as

1 At1 0 \
Thel = 1o 1 | T Ar. By(kAD| M

A By,

0
+ {—At : c(k:At)] (13)

~—_———
dy
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where At is discretization time step.

B. Handle Friction-Cone Constraints

In this subsection, we will show how to handle the friction-
cone constraints or how to consider the impact of this
constraint in the final LQR problem.

Now define the following quadratic cost function over a
finite horizon NN steps

kN1
J (@, U, k) = el yPeryn + Y, e Qe;+ AR
i=k

where P, Q, R are positive-definite weight matrices, Uy =
{ ks Akt 1y ooy Akt N—1}, € = @; —x} and xy, is the state at
time kAt. Consider the finite time optimal control problem

j*(azk,k)znl}in J(xy, Uy, k) (14a)

k

subj. to  x;41 = Ax; + B;\; + d;, (14b)
C\;<n (14¢)

where i = k, k+1, ..., k+ N —1. Problem (14) is a multipara-
metric quadratic program where the initial state x;, and time
step k are considered as the parameter set. Upon successfully
solving this multiparametric program, the resulting solution,
Uy(xy), for (14) can be explicitly obtained as a function
of the initial state. The approach outlined in [14] (section
6.3) provides a methodology to tackle such multiparametric
problems effectively. However, it is important to note that
due to the considerable computational time required to solve
such problems, they do not meet the real-time demands
typically associated with the WBC which commonly operates
at a frequency of 1 kHz. Consequently, this approach is not
considered practical for real-time implementation.

Although it is difficult to solve the global feedback law
from the above multiparametric program in real time, it is
possible to compute a local feedback law for given state xj
at time step k. Because (14) degenerates into a quadratic
programming when x; and k are fixed. Hence, we adopt
a receding horizon control strategy, wherein we solve the
quadratic program associated with a given xj at each time
step k. Then we can get the numerical value of U} and
the corresponding state trajectory {&)&x41, ..., Zx+n }. This
pipeline can be run in 50 — 100Hz.

Now let AX; = A; — ;. Here we choose logarithmic bar-
rier function, a widely used barrier function used in interior-
point methods, to represent the friction-cone constraints:

CX; <n= B(AXN) =In(n — C(AX;, +X;)).  (15)
Then we take second-order Taylor expansion B3(A);) at
AX; = 0 and append it to the running cost:

k+N-1 R
J (@, Up, k) = T (@, U, k) + Y BAN).  (16)
i=k

Now we can write out the resulting LQR to compute a task-
space Riccati feedback gain:

J* = min T (&, + Ay, Uy, + AU k) (17a)
k

Sllbj. to Aa:H_l = AA.’Bl + BlAAZ,
Az = x(kAt) — &y

(17b)
(17¢)

where i = k,k+1,...., k+ N —1 and Ax; = x; — x; denotes
the difference between system trajectory and its reference.
Now by solving the time-variant LQR we can obtain the
following feedback law for every time step:

AN, = Fl7 Az = A, = A+ FL7 Az, (18)
and substituting it back to (12) yields
ay =0, = Bx(Ay + F["Az) — ¢ (19)

for any ¢ € [kAt, (k + 1)At).
Compared to the user-tuned feedback law (3), user-tuned
parameters K; K 3 are replaced by a time-variant gain

B AF,iqr and the feedforward term is replaced by ByAj, — ¢
for ¢ € [kAt, (k+ 1)At):

(20a)
(20b)

(K} KY] + B\F"
y;(t) — B)\Ak —C

As mentioned before, the feasible domain of a; is limited
by the row space of J%(q) and friction-cone constraints.
Now these factors have been taken into consideration in the
resulting LQR to compute the Riccati gain F'9". Instead
of tuning the parameters heuristically, the proposed method
computes the feedback law in a reasonable way with more
model information. Based on this point, the proposed method
should achieve better control performance.

V. VALIDATION

To validate the effectiveness of the proposed method, some
experiments are conducted to compare the proposed method
with user-tuned method. Furthermore, two typical legged
robots shown as Fig. 2, Unitree Al (quadruped) and LimX
Dynamics P1 (biped), are used in the tests.

(@) (b)
Fig. 2. (a) Bipedal robot P1 used for simulation tests (b) Quadruped robot
Al for experiments.

A. Trajectory Reference Generation

For bipedal robot P1, a linear inverted pendulum model
[15] is used to generate floating-base motion reference and
determine footholds. For quadruped Al, footholds are se-
lected using the Raibert heuristic method [16], while the
swinging trajectory reference is fitted using cubic spline
interpolation. Additionally, the floating-base trajectory ref-
erence is obtained by a simple double integrator. Then the
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Fig. 3. Framework for robot control encompassing state estimation,
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integrates convex MPC, LQR in eq. (17) and whole-body controller.
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trajectory reference in joint space can be obtained by solving
inverse kinematics, which is used to compute the linear
model. Furthermore, the force reference for force task in
WBC is generated by convex MPC [17] in 50Hz.

B. Bipedal Simulation Tests

In order to validate the efficacy of the novel algorithm on
bipedal robots, a total of six tests were conducted in the sim-
ulation, with the key distinction between the two tests lying
in the variance of the upper-level velocity commands. The
tests encompassed movements ranging from unidirectional to
omnidirectional, providing a comprehensive evaluation.

In a series of tests, the increment in the instruction was
initially applied solely in the x-direction. Test 1 involved
setting the x-direction velocity instruction to 0.3 m/s, Test 2
set it to 0.6 m/s, and Test 3 set it to 0.9 m/s. Subsequently,
the velocity instruction was individually increased in the y-
direction while keeping the remaining velocity instructions
at zero. In Test 4 and test Test 5, the y-direction velocity
instructions were set to 0.2 m/s and 0.3 m/s, respectively. In
the final Test 6, the velocities in all directions simultaneously
followed a sinusoidal trend. The specific values were as
follows: v, = 0.3sin(¢) m/s, v, = 0.3sin(t) m/s, and
Uyaw = 0.4sin(2t) rad/s.

TABLE I
BIPED MEAN SQUARE ERROR (LINEAR VELOCITY, UNIT: m?2 /s2)

User-Tuned 1 | User-Tuned 2 | User-Tuned 3 | Proposed
Test 1 0.0420 (19%) | 0.0393 (13%) | 0.0458 (26%) 0.0338
Test 2 0.0499 (27%) | 0.0499 (27%) | 0.0565 (36%) 0.0361
Test 3 0.0582 (35%) | 0.0554 (31%) | 0.0651 (42%) 0.0377
Test 4 0.0352 (17%) | 0.0349 (16%) | 0.0373 (21%) 0.0291
Test 5 0.0345 (12%) | 0.0353 (14%) | 0.0386 (22%) 0.0301
Test 6 0.0558 (31%) | 0.0450 (15%) | 0.0763 (50%) 0.0380

TABLE I

BIPED MEAN SQUARE ERROR (ANGULAR VELOCITY, UNIT: rad? /s?)

User-Tuned 1 | User-Tuned 2 | User-Tuned 3 | Proposed
Test 1 0.5355 (27%) | 0.5367 (27%) | 0.6599 (40%) 0.3907
Test 2 1.0741 (31%) | 1.1303 (35%) | 1.3978 (47%) 0.7329
Test 3 1.5580 (37%) | 1.5356 (36%) | 1.3707 (28%) 0.9737
Test 4 || 0.1896 (18%) | 0.1771 (12%) | 0.1677 (7%) 0.1546
Test 5 0.1907 (7%) | 0.2031 (13%) | 0.2126 (17%) 0.1762
Test 6 || 0.5565 (20%) 0.6065 (26) 0.7401 (40%) 0.4430

In the case of the conventional approach, three sets of dif-
ferent parameters were employed, which were not arbitrarily

vel x tracking err (proposed) vel x tracking err (user-tuned)

T T =) e T T T T
40 0 10 20 30 40
vel y tracking err (user-tuned)

0 10 20 30
vel y tracking err (proposed)

0.54 —— measured reference

-0.5 =0.5 4

0.5

0.0 1

T T r T T T . T T T
0 10 20 30 40 0 10 20 30 40
vel z tracking err (proposed) vel z tracking err (user-tuned)

0.5

0.0

0.5 0.5
0 10 20 30 40 0 10 20 30 40
time (s) time (s)
Fig. 4. Linear velocity in quadruped hardware Test 7 (Blue: measured,

Red: reference).

angular vel x tracking err (proposed) angular vel x tracking err (user-tuned)

29 21
01 0
24 24
0 5 10 15 20 0 5 10 15
angular vel y tracking err (proposed) angular vel y tracking err (user-tuned)
2+ 2+
04 0
24 =
T T T T 1 T T y T
0 20 0 5 10 15 20

8 10 15
angular vel z tracking err (proposed) angular vel z tracking err (user-tuned)

24 24

T T T T
0 5 10 15 20 0 > 10 15 20

time (s) time (s)
Fig. 5. Angular velocity in quadruped hardware Test 9 (Blue: measured,

Red: reference).

chosen but rather selected after experimenting with multiple
parameter combinations to identify the best-performing ones.
However, despite these efforts, it was challenging for the
parameter tuning method in WBC to achieve the same level
of performance as those obtained by the new approach, as
evidenced by the velocity tracking errors in Table I and
Table II. In all conducted tests, the newly proposed method
consistently exhibits the lowest mean squared error in terms
of velocity. While certain user-tuned parameters in a specific
test (such as Test 4 and Test 5) may approach the results of
the new method, overall, fixed parameters fail to achieve the

effectiveness of the new method across all tests.
C. Quadruped Experiments

To further validate the proposed algorithm on a physical
platform, we employed a commercially available quadruped
robot, namely Al. In the bipedal simulation tests, we have
demonstrated the advantages of a novel approach in tracking
smooth velocity commands. In the forthcoming quadruped
robot experiments, we aim to further compare the perfor-
mance of the new and conventional methods when con-
fronted with non-smooth velocity commands. As depicted
by the red line in Fig. 4, the direction of the instruction un-
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dergoes sudden changes, transitioning abruptly from forward
motion to backward motion. In Test 7, the magnitude of the
velocity instruction in the x-direction was set to 0.3 m/s,
but it varied between forward and backward motion. After
completing the x-direction test, Test 8 focused on the y-
direction with a velocity magnitude of 0.2 m/s. In Test 9, the
objective was to track a smooth velocity instruction following
a sinusoidal trend. The specific values for this instruction
were as follows: v, = 0.3sin(2¢) m/s, v, = 0.4sin(2t) m/s,
and vyq. = 0.8sin(2¢) rad’s.

During the experiments, we observed that the parame-
ters K}, K} in the user-tuned method were set too large,
resulting in oscillations of the robot’s floating base. After
extensive tuning, we selected the proportional gain Kllj and
derivative gain K as diagonal matrices, where the values on
the diagonal were set to 20 and 1, respectively. Furthermore,
in addition to setting the weights of floating-base task and
swinging task to 100, assigning a weight between 10 and 50
to force task can also attenuate floating base oscillations and
yield improved control performance in the experiments.

During the deployment process, we observed that the
parameters tuned for the old method in simulation required
readjustment when deployed on hardware. In contrast, the
new method did not necessitate such readjustment. This
finding further highlights that the user-tuned method de-
mands significant effort in parameter tuning, whereas the
new method, to some extend, reduces the effort spent on
parameter tuning.

TABLE 1II
QUADRUPED MEAN SQUARE ERROR (UNIT: m?2/s?, rad? /s?)

User-Tuned (v, w) | Proposed (v, w) | Improvement
Test 7 (0.2036, 0.6676) (0.1246, 0.3596) (38%, 46%)
Test 8 (0.1572, 0.5849) (0.1518, 0.4295) (3%, 26%)
Test 9 (0.1795, 0.7148) (0.1697, 0.5498) (5%, 23%)

In the three conducted tests, as shown in Table III,
the new method exhibits smaller velocity tracking errors.
The improvement is particularly obvious in angular velocity
tracking, reaching at least 23%. Additionally, as evident from
Fig. 4 and Fig. 5, the proposed method demonstrates not
only improved stability during smooth velocity tracking but
also reduced oscillation amplitudes when faced with abrupt
velocity instructions change.

VI. CONCLUSION AND DISCUSSION

To address the issue of user-tuned methods requiring sig-
nificant effort in parameter tuning with limited effectiveness,
we explored the use of LQR to compute a Riccati gain
and construct a feedback control law in the task space of
floating base. Furthermore, we incorporated model informa-
tion and physical constraints into the LQR formulation. In
a sense, the traditional method relies on manual parameter
tuning and is considered a model-free approach, while the
new method adopts a model-based approach for parameter
setting. Through simulations and experiments, we validated
the positive impact of the new method on the performance
improvement of WBC for legged robots. Additionally, the
new method significantly reduces the effort and time spent

on parameter tuning for floating-base task. Indeed, one
limitation of the proposed method is that the linear model
used in the LQR is a linearization of the nonlinear model
around a specific trajectory. Consequently, if the robot’s state
deviates significantly from that trajectory, the effectiveness of
the control law derived from this method becomes uncertain.
The linearized model assumes a small range of deviation
from the nominal trajectory, and beyond that range, its
validity diminishes. On the other hand, the limitations can
be mitigated to some extent by using replanning techniques,
especially when combined with mature motion planning
algorithms in the higher-level trajectory optimization.
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