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Dear editor,

Human-powered lower exoskeletons are widely studied by

academia and industry with regard to human locomotion

and strength augmentation. Technological developments

have boosted the use of machine learning toward improv-

ing the control performance of exoskeleton systems. Here,

reinforcement learning (RL) is used to adapt to changes to

pilots and walking patterns [1–3]. The continuous observa-

tion space is discretized to facilitate the use of RL in real-life

applications. Current methods using discretized observation

spaces cannot store the exact value functions or policies for

each separate state or state-action pair. In real-life applica-

tions, almost all tasks of interest, and most notably physi-

cal control tasks, have continuous high-dimensional observa-

tion spaces. Therefore, we present a novel algorithm called

interactive learning strategy based on actor-critic (ILAC)

to learn the continuous coupled coefficients of the proposed

multi-controller in continuous high-dimensional observation

spaces. The actor-critic algorithm [4, 5] is used for learn-

ing the coefficients of the multi-controller so as to improve

the interaction performance of exoskeletons in continuous

high-dimensional observation spaces. The proposed ILAC

is similar to that in our previous studies, wherein the multi-

controller consists of a model-based controller and an auxil-

iary controller (Figure 1(a)). The multi-controller adapts to

inaccurate dynamic models and changes to pilots and walk-

ing patterns. We introduce the auxiliary controller to handle

a case where the values of the dynamic model’s parame-

ters obtained by system identification are less than those of

the dynamic model of the actual exoskeleton. As the co-

efficients of the two controllers are related to each other,

excessive compensating forces through the amplification of

the model-based controller can lead to stronger interaction

forces. The relationship between the model-based controller

and the auxiliary controller is managed by one learning al-

gorithm. Thus, the coefficients are called coupled coeffi-

cients in this study. The coefficients of the two controllers

are learned simultaneously, not only to adapt to changes

to different pilots and walking patterns and the inaccurate

dynamic models, but also to conform to the coupling re-

lationship of the coefficients. Experiments on a human-

powered augmentation lower exoskeleton (HUALEX) and a

single degree-of-freedom (DOF) exoskeleton are conducted

and described in this study. The experimental results show

that the proposed ILAC provides better performance in in-

teractive learning environments.

Our algorithm. As seen in Figure 1(a), the control struc-

ture is detailed with a single DOF exoskeleton platform. The

single DOF exoskeleton consists of a thigh and a shank, and

they are connected by a joint, which is powered by a bi-

directional linear hydraulic actuator. The torque τe gained

from the model-based controller and the auxiliary controller

results in torque τc. A pilot leg is attached to the exoskele-

ton leg by compliant connections. The pilot can impose

forces causing equivalent torque τh on the exoskeleton leg

through the compliant connections. The dynamic model of

the single DOF exoskeleton is written as

Jθ̈e +Bθ̇e +mgl · sin θe = τe + τc + τh, (1)

where J , B, m, and l represent the inertial moment, viscous

friction coefficient, exoskeleton shank mass, and length of

the single DOF exoskeleton, respectively. The joint states

θe, θ̇e, and θ̈e represent the angle, angular velocity, and an-

gular acceleration of the knee joint, respectively, and the

gravitational constant is represented as g.

In order to reduce the complexity of the exoskeletons sen-

sor system, a model-based controller, sensitivity amplifica-

tion control (SAC), is utilized to control the exoskeleton.

This controller is represented as

τe = mgl · sin θe + (1 − α−1)(Ĵ θ̈e + B̂θ̇e), (2)
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Figure 1 (a) Control diagram of multi-controller consisting of

a model-based controller and an auxiliary controller; (b) com-

pensation of convergence time of the cost function

where Ĵ and B̂ are the estimated inertial moment and vis-

cous friction coefficient of the exoskeletons, respectively. In

order to manage the changes to pilots and walking patterns,

the sensitivity factors of the SAC are adapted to the chang-

ing of the physical human-robot interaction (pHRI) between

the pilot and exoskeleton [1–3]. However, the sensitivity fac-

tors are limited to between zero and one to meet robustness

requirements [6], which makes the strategies powerless for

cases in which the values of the dynamic model’s parame-

ters obtained by the system identification method are less

than those of the dynamic model of the actual exoskeleton.

Thus, an auxiliary controller is introduced to manage such

cases. The auxiliary controller is designed as

τc = P (θe − θh) +D(θ̇e − θ̇h), (3)

where P is a proportion gain, D is a derivative gain, and θh
and θ̇h are the angle and angular velocity of the pilot’s knee

joint, respectively. The angle and angular velocity of the

pilot are predicted using the dynamic movement primitives

(DMPs) model, and a locally weighted regression (LWR)

method is used to update the parameters of the DMPs [2].

In order to adapt the changes to pilots and walking pat-

terns, we choose an actor-critic algorithm to learn the co-

efficients of the multi-controller. Here, the learning agent

is split into two separate entities: the actor and the critic

(policy and value function). The actor is responsible for

generating a control input a, given the current state s. The

critic is responsible for processing the rewards it receives [5].

Thus, an actor network µ(s|θµ) specifies the current policy

by mapping states to a specific action with the weights θµ. A

critic network Q(s, a|θQ) indicating the value function with

the weights θQ is learned by using the Bellman equation, as

in Q-learning. The actor network is updated by applying the

chain rule to the expected return from the start distribution

J with respect to the actor’s parameters:

∇θµJ ≈ Est∼ρβ [∇θµQ(s, a|θQ)|s=st,a=µ(st|θµ)]

=Est∼ρβ[∇aQ(s,a|θQ)|s=st,a=µ(st)∇θµµ(s|θ
µ)|s=st],

(4)

where ρβ denotes the discounted state visitation distribution

for a policy β. To update the critic function Q(s, a|θQ),

a copy of the actor and critic networks, µ′(s|θµ) and

Q′(s, a|θQ), are used for calculating the target values. The

weights of the target networks are updated by tracking the

learned networks θ′ ← τθ+(1−τ)θ′ with τ ≪ 1. This means

that the target values are constrained to change slowly. The

temporal difference (TD) error is used to update the critic.

The TD error is estimated as

yi = ri + γQ′(si+1, µ
′(si+1|θ

µ′

)|θQ
′

), (5)

where γ ∈ [0, 1] is a discounting factor, at = µ(st|θµ) +Nt,

and Nt is an exploring noise. The critic network is updated

by minimizing the loss:

L =
1

N

∑

i

(yi −Q(si, ai|θ
Q))2. (6)

In the proposed ILAC, the controller of the exoskeleton

observes the current state st, executes an action at, receives

an immediate reward rt, and then observes the next state

st+1. The immediate reward rt is written as

rt = −[k1(θe − θh) + k2(θ̇e − θ̇h)], (7)

where k1 and k2 are weighted parameters. In the proposed

ILAC, the states of the pilot are obtained from the DMPs

models using the parameters that have been learned [2]. The

states of the exoskeleton leg st at time t, and the actions of

the exoskeleton leg at are described as follows:

st → (θe, θ̇e, θ̈e), at → (α, P,D). (8)

Experimental results. Our algorithm is validated on a

HUALEX system and a single DOF exoskeleton simulation

platform. The hip joints and knee joints of the HUALEX

are active joints. Each of them is activated by a hydraulic

cylinder. The ankle joints are designed as an energy storage

mechanism, which stores energy in the stance phase and re-

leases it in the swing phase. Many compliant connections

are used to connect the pilot to the HUALEX.

In the HUALEX experiments, three pilots (A, B, and C)

of different heights (168 cm, 170 cm, and 180 cm, respec-

tively) are chosen to operate the system in different envi-

ronments (flat, sloping, and stairs) with different walking

speeds. Each pilot operates the HUALEX system in the

three environments in different orders. The weights of the

actor network and critic network are initialized randomly

before each pilot begins operating the HUALEX system.

Figure 1(b) shows the time spent in the learning pro-

cess of the proposed ILAC for the HUALEX system with

different pilots in different environments, and the times are

roughly the same and acceptable in physical applications.

After the online learning, the HUALEX system shows a good

performance with regard to dealing with different pilots and

walking patterns in varied environments.

In the single DOF exoskeleton simulation experiments,

we use different frequencies and amplitudes to simulate var-

ious pilots and walking patterns. The results show the con-

trol performance of the ILAC for different dynamic model

errors of the exoskeleton and the comparison with the strate-

gies using discretized observation spaces (nMSE: 0.004 rad

of continuous policies compared with 0.010 rad of discrete

policies) with 20% model error. We can conclude that the

proposed algorithm can ensure that the exoskeleton system

follows the pilot’s motion with fewer tracking errors than

discrete policies.

The experimental results of the HUALEX system and

single DOF exoskeleton show that the proposed ILAC can
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identify an optimal continuous policy in continuous high-

dimensional domains subjected to different pilots and walk-

ing patterns.
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