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Abstract— Exoskeleton locomotion must be robust while
being adaptive to different users with and without payloads.
To address these challenges, this work introduces a data-driven
predictive control (DDPC) framework to synthesize walking
gaits for lower-body exoskeletons, employing Hankel matrices
and a state transition matrix for its data-driven model. The
proposed approach leverages DDPC through a multi-layer
architecture. At the top layer, DDPC serves as a planner
employing Hankel matrices and a state transition matrix to
generate a data-driven model that can learn and adapt to
varying users and payloads. At the lower layer, our method
incorporates inverse kinematics and passivity-based control to
map the planned trajectory from DDPC into the full-order
states of the lower-body exoskeleton. We validate the effec-
tiveness of this approach through numerical simulations and
hardware experiments conducted on the Atalante lower-body
exoskeleton with different payloads. Moreover, we conducted
a comparative analysis against the model predictive control
(MPC) framework based on the reduced-order linear inverted
pendulum (LIP) model. Through this comparison, the paper
demonstrates that DDPC enables robust bipedal walking at
various velocities while accounting for model uncertainties and
unknown perturbations.

I. INTRODUCTION

Recent research has made substantial advances in lower-
body exoskeletons locomotion by enabling stable, dynamic,
crutchless walking [1], [2]. However, the effort to syn-
ergistically integrate users’ walking experiences with the
functionality of robotic assistive devices is still in progress
[3]. The primary challenges hindering this progress include
the complex nature of robotic bipedal movement—often de-
scribed as a high degrees of freedom (DoFs), underactuated
hybrid system [4]—along with uncertainties in accurately
modeling these systems and the unpredictable dynamics of
user-exoskeleton interactions due to unmodeled user move-
ments inside the exoskeleton (see Fig. 1).
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Fig. 1: Illustration of data-driven predictive control for
bipedal locomotion on lower-body exoskeleton Atalante with
various payloads.

Existing approaches of synthesizing motion for bipedal
locomotion usually involve solving trajectory optimization
problems using either the robot’s full or reduced-order model
to find feasible trajectories given the desired walking speed.
Methods such as hybrid zero dynamics utilize the full
dynamics of the system, offering the advantage of generaliz-
ability across platforms and behaviors. It has achieved stable
locomotion both on bipedal robots and robotics assistive
devices [5], [6], [7], [8]. However, they are computationally
demanding, often relying on large-scale offline trajectory op-
timization, and is prone to convergence issues when seeking
stable periodic orbits. For computational benefits, synthe-
sizing motion using a reduced-order model (ROM) such as
linear inverted pendulum (LIP) and its variants are appealing
since the planning problem depends only on a linear system
[9], [10], [11]. Nevertheless, these methods often entail
specific model assumptions, such as maintaining a constant
center of mass height and zero angular momentum. Choosing
the appropriate ROM necessitates careful consideration of the
unique characteristics of the robotic platform in use while
mitigating any potential discrepancies introduced by these
assumptions when designing the desired behaviors.

With the advancement in modern computational power,
pure data-driven approaches, such as reinforcement learning,
have offered a model-free approach to train controllers
by exploiting large amounts of data from simulators [12].
While offering robustness, these approaches often require
extensive training data and are sensitive to reward design.
This motivates leveraging data-driven approaches to learn a
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Fig. 2: Overview of the proposed layered control framework
composed of the DDPC as a planner with constructed data-
driven model and low-level controller.

more accurate representation of the system dynamics, such as
learning the residual dynamics either using Gaussian process
[13] or deep neural network [14], to use in conjunction with
classic control methods. In the context of locomotion, due
to the high DoFs, to allow for online planning capability,
existing work focuses on achieving robust locomotion [15],
[16] via learning a reduced-order representation of the system
to mitigate model mismatches.

Another data-driven methodology, representing dynamics
system using behavioral systems theory [17], has been intro-
duced and proven to be an effective control method for linear
time-invariant (LTI) systems. When this methodology is
incorporated with predictive control framework, it is referred
to as either data-enabled predictive control (DeePC) [18] or
data-driven predictive control (DDPC). This approach not
only has relatively mitigated computation cost and but also
demonstrated its efficacy in controlling the underactuated
quadrupedal robot [19] and the multiple quadrupedal robot
systems characterized by highly nonlinear interconnected
dynamics [20], [21]. Unlike most modern legged robots
that operated effectively under the assumption of having
negligible legs [22], [23], Atalante has a significant portion of
its mass concentrated in the legs (see Fig. 1). As a result, we
are interested in proposing a data-driven dynamic model and
utilizing it for trajectory planning to address these challenges.

This paper presents a layered framework utilizing data-
driven predictive control (DDPC) for trajectory planning and
control of the lower-body exoskeleton Atalante as illustrated
in Fig. 2. The primary contributions of this study are three-
fold. First, we propose a data-driven dynamic model employ-
ing behavioral systems theory with time-domain trajectories
of the center of mass (CoM) and center of pressure (CoP),
inspired by the LIP model for bipedal locomotion. Second,
we design a trajectory planner based on convex DDPC
with the proposed data-driven model at the higher level

of the proposed layered framework. At the lower level of
the framework, the controller incorporates inverse kinemat-
ics and passivity-based controllers to translate the planned
trajectory from DDPC into the full-order model of the lower-
body exoskeleton (Fig. 3a). Third, we conduct experimental
evaluations of the proposed data-driven layered framework
through numerical simulations and hardware demonstrations.
Comparative analysis in simulations demonstrates that the
proposed data-driven layered framework effectively stabilizes
bipedal gaits at higher speeds, in contrast to the traditional
model predictive control (MPC)-based planner for the LIP
model. Furthermore, hardware experiments with different
kinematics and payloads showcase the ability of this frame-
work to account for user variability as well as the robustness
under deviations from nominal data-driven model.

II. PRELIMINARIES

Considering a robotic system with an n-dimensional con-
figuration space, we denote the generalized coordinates by
q = col(qb, qa) ∈ Q ⊂ Rn, where “col” denotes the column
operator, qb ∈ SE(3) represents the floating-base coordinates
and qa ∈ Rm represents the actuated DoFs. The control
input is denoted by u ∈ Rm. The full-order state is denoted
by x = col(q, q̇) ∈ TQ, where TQ represents the tangent
bundle of the configuration manifold.

A. Models of Bipedal Locomotion

Full-Order Model: Bipedal locomotion can be described as
a hybrid dynamic system consisting of domains with contin-
uous dynamics and discrete transitions due to impact events
[5]. In this work, we only consider a single domain with
a single support phase where the stance foot is completely
flat on the ground. We assume the ground height is always
zero. The single support domain D and guard S of the
system is defined as D = {x ∈ TQ : pzsw(q) ≥ 0} and
S = {x ∈ TQ : pzsw(q) = 0, ṗzsw(q) < 0}, where psw(q)
denotes the swing foot position, and the superscript denotes
the axis we are considering (i.e., swing foot vertical position).
The resulting hybrid system H can be defined as follows:

H :

{
ẋ = f(x) + g(x)u x ∈ D \ S, (1)
x+ = ∆(x−) x− ∈ S, (2)

where (1) denotes the continuous full-order and Lagrangian
dynamics, ∆ : S → D represents the discrete event at foot
strike, and the superscripts “−” and “+” stand for the instants
before and after the impact event, respectively.
Reduced-Order Inverted Pendulum Model: Since we only
consider flat-footed walking in this work, we can assume
all contact points, denoted by pi for the contacting index
i, are on the flat ground, that is, pzi = 0. By constraining
angular momentum to be constant (i.e., L̇com = 0), one can
simplify the Newton-Euler equation for Centroidal dynamics
[24] as follows:

a{x,y}com =
azcom + g

pzcom

(
p{x,y}com − p{x,y}

cop

)
, (3)
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where g is the gravitational constant, p{x,y}cop :=
∑

i f
z
i p

{x,y}
i∑

i f
z
i

represents the CoP position, pcom denotes the CoM position,
and acom represents the CoM acceleration. Since the contact
forces fi are unilateral with fz

i ≥ 0, the CoP has to lie
inside the convex hull of the contact points, that is, pcop ∈
conv{pi}. If we additionally assume constant vertical CoM
position pz

com, one could simplify (3) to obtain the classic LIP
model that is widely used for motion synthesis in bipedal
locomotion [25]. Motivated by the relation between the CoP
inputs and CoM outputs in the LIP model, we will develop
a data-driven model in the next sections.

B. Behavioral Systems Theory

This section briefly reviews some of the fundamental
results of the behavioral systems theory. Let us consider a
state representation of a discrete-time LTI system as follows:

θ(t+ 1) = Aθ(t) +B µ(t)

η(t) = C θ(t) +Dµ(t),
(4)

where θ(t) ∈ Rβ , µ(t) ∈ Rκ, η(t) ∈ Rν represent the
state vector, control inputs, and outputs, respectively, at time
t ∈ Z≥0 := {0, 1, . . . }, and A ∈ Rβ×β , B ∈ Rβ×κ,
C ∈ Rν×β , D ∈ Rν×κ denote the unknown state matrices.
In behavioral systems theory, a dynamical system is defined
as a 3-tuple (Z≥0,W,B), where W is a signal space and
B ∈ WZ≥0 is the behavior. In contrast with classical systems
theory with a particular parametric system representation
such as that of (4), behavioral systems theory focuses on the
subspace of the signal space where system trajectories live.
Let µT := col(µ0, µ1, . . . , µT−1) be an input trajectory with
length T ∈ N := {1, 2, · · · } applied in B with the corre-
sponding output trajectory ηT := col(η0, η1, . . . , ηT−1). We
can construct the Hankel matrix with µT by concatenating
trajectory with length L ∈ N and T > L as follows:

HL(µT ) :=

 µ0 · · · µT−L

...
. . .

...
µL−1 · · · µT−1

 ∈ RκL×(T−L+1).

Here we note that the Hankel matrix with ηT , HL(ηT ),
can be constructed analogously. The signal µT is said to
be persistently exciting of order L if HL(µT ) is of full
row rank [26]. If a given data input-output (I-O) trajectory
of the system, denoted by the pair (µd

T ,η
d
T ), is persistently

exciting of order L+β, from Fundamental Lemma [26], [27],
any trajectory of the LTI system can be constructed using a
linear combination of the columns of the Hankel matrices. In
particular, one can use the columns of the Hankel matrices
to develop a data-driven model to predict the system’s future
behavior.

To make this notion more precise, let us take L as L =
Tini + N , where Tini and N denote the estimation horizon
and control horizon, respectively. The estimation horizon
is used to estimate the system’s initial state from past I-O
measurements. The control horizon is used for the predictive
controller. We can partition the Hankel matrices into the past

Fig. 3: a) Generalized coordinates for the lower-body ex-
oskeleton Atalante. b) The input and output variables in the
x-direction to be used for the Hankel matrix construction.

and future portions accordingly as follows:[
Up

Uf

]
:= HL(µ

d
T )

[
Yp

Yf

]
:= HL(η

d
T ),

where Up ∈ RκTini×(T−L+1), Uf ∈ RκN×(T−L+1), Yp ∈
RνTini×(T−L+1),Yf ∈ RνN×(T−L+1). From the Fundamental
Lemma [18], [26], [27], any new trajectory lies in the range
space of the Hankel matrices, or equivalently, there exists
γ ∈ RT−L+1 such that

Up

Yp

Uf

Yf

 γ =


µTini

ηTini

µN

ηN

 , (5)

where µTini and ηTini denote the past portions of the I-O
trajectories over the estimation horizon of Tini. Similarly,
µN and ηN represent the predicted (i.e., future) portions
of the I-O trajectories over the control horizon of N . Since
the dimensionality of the γ vector in formulating predictive
controllers is huge, we aim to remove γ from (5). One way
is to have an offline approximation for γ using least squares
similar to [19], [28] to obtain the data-driven model as

ηN = Yfγ = Yf

Up

Yp

Uf

†

︸ ︷︷ ︸
G

µTini

ηTini

µN

 , (6)

where (·)† represents the pseudo inverse and G denotes the
data-driven state transition matrix over N -steps.

III. DATA-DRIVEN MOTION PLANNER

This section aims to present the proposed DDPC-based
trajectory planner at the high level of the control scheme for
bipedal locomotion (see Fig. 2).

A. Construction of the Data-Driven Model

Assuming reasonable behavior for the actuated coordi-
nates, the difficulty and complexity of the bipedal locomotion
usually lie in the control and planning for the weakly
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actuated or underactuated Centroidal states. In this context,
designing the CoM trajectory encapsulated all the requisite
DoFs’ information, although their individual dynamics are
not described explicitly. Hence instead of using the full-
order states x for trajectory planning, we are focusing
on the Centroidal states to construct the Hankel matrices.
Specifically, we draw inspiration from the LIP model that
considers the CoM and CoP of the robot. We consider a
local representation of these states with respect to either
the left or right foot frame as px,ycop2ℓ/r := px,ycop − px,y

ℓ/r and
px,y,zcom2ℓ/r := px,y,zcom − px,y,zℓ/r as shown in Fig. 3b.

An intuitive choice would be using the CoM and CoP
trajectories in the stance-foot frame. However, this choice
would create discontinuity during domain switches, posing
challenges for planning through impact. To prevent the state
space from monotonically increasing during forward walking
and to maintain continuity in the trajectory planning, we
adopt a redundant representation where the trajectory of the
CoM and CoP with respect to both stance and swing feet
are being considered. Hence, the input µ ∈ R4 and output
η ∈ R6 of the date-driven model are chosen as follows:

η := col(px,y,zcom2ℓ, px,y,zcom2r) µ := col(px,ycop2ℓ, px,ycop2r).

Notably, with this redundant formulation, we also provide
trajectories in the following domain throughout the predic-
tion horizon for the low-level controller to track in case of
unexpected early or late impact. This is especially advan-
tageous in scenarios involving uncertain impact timings or
unexpected communication delays, significantly enhancing
the framework’s practical applicability. We do not include
velocity terms in our representation as the velocity and
acceleration information is implicitly captured in the position
trajectory in the Hankel matrix. We remark that the proposed
data-driven model, inspired by the LIP model, captures more
comprehensive information about the system with implicit
consideration of swing foot trajectory and the effect of the
low-level whole-body controller on the system dynamics. A
comparative analysis of the performance between these two
models and their corresponding planner architectures will be
presented in Section V.

B. DDPC Algorithm for Trajectory Optimization

We are now positioned to present the DDPC-based tra-
jectory planner for optimizing the I-O (i.e., CoP and CoM)
trajectories. The real-time DDPC planner is formulated as
the following strictly convex quadratic program (QP)

min
(µN ,ηN )

N−1∑
k=0

(
∥ηk − rηk∥

2
Q + ∥µk − rµk∥

2
R

)
subject to ηN = G

µTini

ηTini

µN

 (Data-Driven Model) (7)

µk ∈ U , ηk ∈ P, k = 0, . . . , N − 1,

where rη := col(rη0 , · · · , r
η
N−1) represents a reference out-

put (i.e., CoM) trajectory, rµ := col(rµ0 , · · · , r
µ
N−1) denotes

a reference input (i.e., CoP) trajectory, and (µTini ,ηTini) rep-
resents the pair of past actual I-O trajectories (i.e., feedback
to the DDPC). In addition, U ⊆ R4 and P ⊆ R6 denotes
the input and output feasibility sets, respectively. Finally,
Q ∈ R6×6 and R ∈ R4×4 are chosen as positive definite
weighting matrices.

IV. LAYERED CONTROL FRAMEWORK FOR ATALANTE

In this section, we introduce the remaining components
and details for practically implementing the entire layered
control framework used to realize locomotion on the lower-
body exoskeleton Atalante (see Fig. 1). Atalante contains 12
actuated DoFs as illustrated in Fig. 3a, with three actuators
on the hip, one on the knee, and two on the ankle for
each leg. The device weighs 82 kg and has adjustable thigh
and shin length to account for the varying heights of users.
Depending on the physical parameters of the users, the
largest kinematically feasible step length in x direction that
the device is capable to achieve for flat-footed walking is
less than 0.2 m.

A. Trajectory Planner with DDPC

We generate a reference trajectory with the open-source
toolbox FROST [29] using the full-order system to account
for kinematics and dynamics feasibility. This trajectory is
described by 7-th order Bézier polynomials with the coeffi-
cient matrix of α = [αcom, αϕ, αsw], where αcom describes the
CoM trajectory, αϕ described the pelvis orientation and αsw
described the swing foot position and orientation. The Bézier
polynomials are evaluated based on a time-based phase
variable. Specifically, considering a desired step duration td
and the initial time at the beginning of the domain t0, we
can calculate the phase variable τk = tk−t0

td
at time point

tk. The reference for the CoM trajectory is then determined
by rηk = col(px,y,zcom (α, τk) − px,y,zℓ (α, τk), px,y,zcom (α, τk) −
px,y,zr (α, τk)). In addition, the reference CoP trajectory is
generated via rµk = col(−px,ysw (α, τk), 0, 0) for the right
stance and ruk = col(0, 0,−px,ysw (α, τk)) for the left stance.

Without explicit guidelines to construct the Hankel matrix
for nonlinear systems, we empirically determine the hyper-
parameters of the DDPC algorithm via a grid search over
the space of the discrete-time interval between nearby points
δt ∈ [0.01, 0.03], the trajectory length of T ∈ [50, 600],
the initial trajectory length of Tini ∈ [5, 50], and the control
horizon of N ∈ [10, 300]. This search space is constructed
considering the computation speed, low-level controller fre-
quency, noisy level of the data, and the amount of data
required. We choose T = 400, Tini = 10, N = 20, and δt =
0.02 with a selection criteria on the accuracy of the least-
square approximation over some unseen trajectory. In total,
8 s of data are used for the Hankel matrix construction, and a
trajectory for 0.4 s is planned. This means our DDPC-based
trajectory planner primarily acts as a short-term regulator
to stabilize the system. We remark that even though pzcom
is planned, it is not being used by the low-level controller
but only used as part of the states to determine system
dynamics. The trajectories are planned at 100 Hz, which
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Fig. 4: One set of the planned CoM and CoP trajectories from the DDPC planner and the tracked trajectory in simulation in
right foot frame, the left foot frame trajectories, and the Stance foot. The stance foot frame trajectory in black is generated
from DDPC. The corresponding phase variables are plotted in the dashed line.

Fig. 5: Simulation comparison over nominal indicated by blue circles, DDPC indicated by orange stars, and MPC indicated
by green diamonds. a) DDPC planner planning trajectories for increasing desired speed, capped at maximum step length 0.2
m at different step duration td. b) tracking performance over different desired step length with the same step duration. The
dashed line indicate the ideal performance. Error bar indicates the standard deviation over 50 models. c) Simulation time
before robot falling for the tracking performance comparison. Error bar indicates the standard deviation over 50 models.
The maximum simulation time is 11 s, indicated by the horizontal dash line. d) Comparison of Nominal and DDPC under
time-varying perturbation applied on the negative x direction.

is faster than the interval δt specified. However, since the
reference generation is based on the current domain and
phase variable, the trajectory planner still has the ability to
regulate the system behavior during this interval till the next
time sample at which µTini and ηTini are updated.

B. Output Synthesis

The desired walking behavior is encoded by the task space
output y = yact −ydes, where yact ∈ R12 and ydes ∈ R12 are
the actual and desired outputs, respectively. In particular, we
choose the following outputs for the system:

yact =
[
px,y,z

com2st(q) ϕx,y,z
pelv (q) px,y,zsw (q) ϕx,y,z

sw (q)
]

ydes =
[
px,y,zcom2st ϕx,y,z

pelv (α) px,y,zsw (α, λx,y) ϕx,y,z
sw (α)

]
,

where the desired COM position px,ycom2st is generated by the
high-level DDPC planner, and the other desired components
are taken as Bézier polynomials with the coefficient matrix
of α and the step length of λx,y . More specifically, the coef-
ficients of pelvis orientation ϕpelv and swing foot orientation
ϕsw, and z-height of CoM and swing foot trajectory are fixed
and from the aforementioned reference trajectory. The swing
foot x, y trajectories are determined by Bézier polynomials
connecting the swing foot position at the beginning of the
domain (i.e., post-impact state) and the desire foot targets,
i.e., px,ysw (τ) = (1−β(τ)) psw(q

+)+β(τ)λx,y , where β is a
phase-based weighting function.

C. Low-Level Feedback Controller

Our low-level controller, implemented in C++, receives
trajectories for the CoM position target from the DDPC-
based trajectory planner. Given that the controller operates
at 1 kHz, much faster than the planner’s replan frequency
and the discrete-time interval, CoM target positions and
velocities for each control tick is obtained via linear in-
terpolation. Subsequently, we employ a Newton-Raphson
numerical inverse kinematics (IK) algorithm to calculate the
desired joint targets, which are then tracked using a passivity-
based control method [30]. The kinematics and dynamics
evaluation is performed with Pinocchio [31]. To account for
uncertainty in state estimation and impact time, we switch
to the next stance domain only when the swing foot ground
reaction force exceeds some pre-defined threshold instead of
time-based switching.

V. EXPERIMENTAL VALIDATIONS

In this section, we present the numerical simulation and
hardware experiment results for our proposed framework.
The experiment video could be found in [32].

A. Simulation Results

We validate the effectiveness of our framework with
numerical simulations in MuJoCo [33]. To account for un-
certainty in mass distribution estimation for human users,

166



Fig. 6: Gait tiles for simulation. Simulations with a) LIP-based MPC and b) DDPC controllers for walking at the speed of
0.16 (m/s), c) Nominal trajectory and d) DDPC under time-varying perturbations.

Fig. 7: Desired trajectories from the DDPC-based trajectory
planner (black solid line) and actual evolving CoM/CoP
states from the hardware experiment.

we generated 50 randomized models with identical user total
mass by varying the CoM offset and inertia properties, result-
ing in a pcom ranging from [−0.122,−0.106] m in nominal
standing configuration. The low level controller is using the
information from the same nominal model constructed with
parameters from [34].
Tracking Performance: We compare tracking performance
over these randomly generated models. For each model,
simulation data with different desired step lengths ranging
from 0.1 to 0.15 m were collected to construct the G matrix.
An example trajectory generated by the DDPC planner and
the corresponding actual CoM and CoP states are shown in
Fig. 4. Moreover, DDPC is able to achieve stable walking
in various speed as described in Fig. 5a. Additionally, we
implemented an MPC planner based on the LIP dynamics
for comparative analysis. This MPC shares a similar problem
structure to that described in (7), but it substitutes the Hankel
matrix trajectory constraints with those of the LIP dynamics.
Considering the kinematic limits and feasibility concerns,
we opted for a 0.8 m CoM z-position in the LIP model (as
opposed to 0.85 m) and set δt = 0.01 s to discretize the LIP
dynamics. The time horizon for the MPC is also chosen as
NLIP = 300.

The DDPC planner’s tracking performance was evaluated
against that of the MPC and a nominal trajectory for desired
walking speeds between 0.14 and 0.19 m/s, with a constant
step duration of 1 s. As shown in Fig. 5b, the DDPC planner
reliably achieves close tracking of the desired step length. As
the desired speed increases by increasing the desired step
length, the validity of LIP dynamics starts to degrade. In
particular, the LIP MPC’s performance begins to decline at
speeds above 0.16 m/s, and the nominal trajectory cannot be
appropriately tracked beyond 0.17 m/s, as described in Fig.
5b. Furthermore, the DDPC planner maintains the system’s
stability for a longer duration than the other controllers as

demonstrated in Fig. 5c. Here, we define a robot maintaining
CoM above a certain threshold throughout the maximum
simulation time as a success. It is a failure if QP or IK
becomes infeasible or CoM falls below a specified thresh-
old. An example of failure case is shown in Fig. 6a for
MPC. Since the DDPC-generated trajectory is based on the
feasible trajectory used to construct G, it tends to run into
kinematics issues less frequently than physics-based reduced-
order model like LIP, where no full-order model system
information is exposed to the planner.
Adaptation to Perturbation: We further evaluate the DDPC’s
robustness against time-varying external disturbances (see
Fig. 6c and 6d). Specifically, we continuously apply an
external perturbation force to the torso’s negative x direction.
This direction is chosen because the device is more sensitive
towards perturbation applied along this axis with its fairly
negative nominal CoM position. The initial perturbation
force was set at 5 N with a discrete increase of 3 N every 3 s.
To adapt to this time-varying perturbation, the Hankel matrix
is updated online. The choice of the Hankel matrix size
requires a balance between satisfying persistently exciting
requirements and using obsolete data. The simulation’s first
5 s were used for data collection, which was a smaller
trajectory length T = 250, and G is reconstructed every 1.5
s. The least-square approximation step is completed within
70− 100 ms. We ran the same setup for the aforementioned
50 randomly generated models and compared it with the
nominal trajectory at 0.13 m/s desired speed. The DDPC
has a higher success rate, defined by the percentage of the
models being upright, compared to the nominal trajectory
(see Fig. 5d).

B. Hardware Results

The same C++ low-level controller used in simulation,
with additional code to interface with Wandercraft API, is run
directly on the Atalante onboard computer (i5-4300U CPU
@1.90GHz with 8GB RAM at 1kHz). The DDPC planner is
run on an external PC (i7-8700K CPU @3.70GHz) commu-
nicating with the onboard computer via a UDP network. To
account for package delay, a segment of the desired trajectory
is sent, and the low-level controller finds the closest discrete
target point given the current phase variable. As a result,
the low-level controller receives planned trajectory with the
upcoming time stamps and could handle the delay caused
by planning computation time and UDP communication. An
example planned trajectory of CoM and CoP under this setup
is shown in Fig. 7.

167



Fig. 8: The system evolution with the data-driven layered framework is shown in orange, and the system evolution with
nominal trajectory is shown in blue. a) Experiment result for exoskeleton carrying 20 kg of payload. CoP position in the
foot frame for 5 left stance foot steps and 5 right stance foot steps. b) CoP position for exoskeleton with user inside. c)
Gait tiles with the DDPC planner for the 20 kg payload experiment. d) Gait tiles with the DDPC planner for the experiment
with user.

Fig. 9: a) Phase portrait over pelvis roll ϕx and ϕ̇x for hardware experiment with user wearing additional weight for nominal,
DDPC with G, DDPC with Gw b) Gait tiles for experiment with DDPC controller with G with additional weight c) Gait
tiles for experiment with DDPC controller with Gw with additional weight

Different User Settings: We conducted two sets of experi-
ments to test the framework with different payloads and
kinematics as this platform is designed to be used by
different users. The data collection part for the hardware
experiment is similar to that of the simulation setup for
tracking performance comparison with gaits at different step
lengths. The first set of experiments is conducted with the
exoskeleton carrying 20 kg of payload with the link lengths
of a subject of 1.74 m. DDPC planner is able to regulate the
CoP position to a more centered position as depicted in Fig.
8a and 8b. A different set of hyperparameters with T = 800,
Tini = 20, N = 100, and δt = 0.015 is used. The second
experiment is conducted with a user of height 1.63 m and
52 kg with the same hyperparameter to construct the Hankel
Matrix as in tracking performance case. The gait tiles for the
experiment with different payloads are shown in Fig. 8c and
8d.
Uncertain User Mass: To investigate the effect of the plan-
ner’s capability to handle the uncertain mass of the user or
in case of the user wanting to carry additional payload, we
also conducted a set of experiments with the user carrying
an additional 14 kg of weight (see Fig. 9). We test both
DDPCs with G constructed from data without carrying the
additional weight and with Gw which is constructed with

trials where the user is carrying additional weight. From the
phase portrait described in Fig. 9a, we could see that the
DDPC with Gw resembles a desired limit cycle compared
to the DDPC with G and the nominal controller. The gait
tiles for the experiments with G and Gw are shown in Fig.
9b and 9c, respectively. We also evaluate the cumulative
tracking error over ttotal = 10 s for output other than the
CoM position and yaw related, denoted by ypart, as the CoM
positions are different across controllers and the yaw related
output is not well approximated due to IMU drifting via
evaluating e =

∫ ttotal

0
∥yact

part(t) − ydes
part(t)∥2dt. This value for

the DDPC with G, Gw, and nominal is 0.4627, 0.4319, and
0.5181, respectively.

VI. CONCLUSIONS

This paper successfully demonstrated the DDPC frame-
work’s application on lower-body exoskeleton, both in sim-
ulations and on hardware. Through detailed simulation analy-
ses, the DDPC framework proved its effectiveness in stabiliz-
ing the system, surpassing traditional physics-based template
models such as LIP, particularly at increased desired speeds.
The framework’s robustness was also validated on hardware,
showcasing its ability to accommodate model discrepancies
beyond the initial model used for data collection. Further-
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more, we introduced a time-varying perturbation in the sim-
ulation while updating the transition matrix online. Although
further research is necessary to refine the online update
process of the Hankel matrices systematically, these results
underscore the framework’s capacity to adapt to changing
environments. However, it is crucial to note that the DDPC
planner’s performance is intrinsically linked to the trajectory
used to construct the Hankel matrices. It can only enhance
and build upon the capabilities of the nominal controller
used for data collection. Moreover, considering the inherent
limitations in the actuation of the CoM horizontal position,
future studies will explore how to extend the proposed
framework to incorporate foot placement and step timing
planning to enhance stability and performance. Additionally,
further investigation into incorporating more information on
user movement would be beneficial.
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