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ABSTRACT 
The study firstly introduces the reinforcement learning theory, and proposes a decision-making 
method based on reinforcement learning to build a robot for autistic children, centered on 
autonomous human-robot interaction, with the purpose of serving the task of concentration training 
for autistic children. Among them, the goal task in the current environment is formulated based on 
imitation learning in the high level, and the robot's action selection is realized based on interactive Q-
learning in the low level. The decision making based on reinforcement learning to build a robot is 
applied to train the robot to interact with the training, and the simulation results verify the 
effectiveness and generalization of the designed algorithm in solving the concentration training path. 
Using the KANO model to analyze the needs of autistic children, based on which we design a 
multimodal human-computer interaction system for autistic children's concentration training, and 
carry out a personal concentration intervention containing academic tasks for an 8-year-old autistic 
child, to verify the effectiveness of the multimodal human-computer interaction system in intervening 
in the concentration behaviors of autistic children, and the results of the study show that: the 
children's concentration behaviors of the academic tasks in the intervention period are significantly 
improved compared with the baseline period compared with the baseline, and the mean value 
increased to 88.42%. 

Keywords: reinforcement learning, KANO model, concentration training, interactive system 
 

1. Introduction 

Autism, also known as autism, is a pervasive developmental disorder whose symptoms are 
characterized by deϐicits in social communication, restricted interests and stereotyped behaviors [1]. 
There is a huge variation in the level of intelligence of individuals with autism, with some individuals 
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suffering from severe intellectual impairment (low-functioning autism) and others having a higher 
level of intelligence (high-functioning autism), making each individual's case unique. Children with 
high-functioning autism usually present with difϐiculties in social interactions, communication 
disorders, repetitive behaviors and interests, and inϐlexible thinking styles can [2-4]. Children with 
low-functioning autism are usually unable to perform basic activities of daily living independently, 
have other behavioral abnormalities and emotional problems, such as stereotyped and repetitive 
behaviors, attention deϐicits, and hyperactivity [5-7]. The abilities and needs of children with autism 
vary and change over time. 

Concentration deϐicits are one of the common symptoms in children with autism, and early 
intervention can greatly affect their language and behavior problems. In the early stages, the child's 
brain's nervous system is still developing rapidly. Therefore, intervention may be more likely to be 
successful. Early intervention can also help to develop social and language skills and reduce the stress 
they face in society. There are many effective training methods to help children with autism improve 
their concentration level, such as cognitive training, behavioral training, physical activities, etc. [8-10]. 
There are also a number of interactive systems speciϐically designed for their various aspects of 
rehabilitation training, but the existing interactive systems need to be optimized, including the 
rationality of interface design [11]. 

In this paper, we analyze the relationship between the system, the interaction object and the 
guardian oriented to the task of concentration training for children with autism, and establish a 
decision-making framework for the system in the process of autonomous human-robot interaction 
based on reinforcement learning. A mathematical description of the system's decision-making process 
was made, and the ϐinal goal of the robot's decision-making was clariϐied. Then a hierarchical decision-
making method is designed to divide the whole decision-making process into two levels, and 
simulation experiments are conducted to verify the feasibility of its decision-making. On this basis, the 
KANO model is introduced, and the system interface design requirements applicable to autistic 
children are collected through questionnaires, so as to complete the interface design of the interactive 
system for concentration training by combining relevant technologies. Finally, the intervention of 
personal concentration training system containing academic tasks for year-old autistic children can 
explore the effectiveness of the system in intervening the concentration behavior of autistic children. 

2. Overview 

Today, there are few people with autism and the advancement of technology assists in intervening in 
their treatment. For example, adaptive multi-robot models signiϐicantly develop children’s attention 
and imitative behaviors [12]. In particular, attention training for individuals with autism has been a 
major focus of medical and academic attention. Some studies have shown the phenomenon that 
children with autism do not differ from other children in the speed of their focusing system, but show 
lower performance in ϐixation and accuracy in performing focus [13]. The literature [14] has designed 
a non-contact robotic intervention system that can be effective in helping children with autism to 
reduce joint attention deϐicits. Such early intervention systems tend to focus on such reinforcing 
desired behaviors as eye contact and reducing repetitive behaviors [15]. In contrast, a humanoid robot 
utilizing algorithms for reinforcement learning in the literature [16] can achieve repetitive displays of 
actions and experiences for children with autism and can assist therapists in treating patients. It can 
be seen that reinforcement learning training of concentration can be a continuous intervention 
treatment for children with autism. And the literature [17] used a virtual interaction system to improve 
communication and collaboration skills of children with autism with touch-based virtual play. Touch 
is the best way for children with autism to interact, and contact becomes a luxury when there are no 
accessible playmates. For this reason, literature [18] designed a touch-based interactive interface 
system that reinforced the interest of children with autism. However, there are few interactive systems 
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for autistic children’s concentration training, and their system interfaces are mostly based on interest 
attraction, and lack of ϐixation and executive training for some autistic children with low intelligence. 

3. Reinforcement Learning Based Decision Making for Concentration Training 
for Autistic Children 

3.1. Systematic decision-making for the educational and training tasks of children with autism 

3.1.1. Reinforcement of learning mechanisms. Reinforcement learning (RL) is an important research 
area in machine learning. It differs from supervised or unsupervised learning in that reinforcement 
learning trains an intelligent body to select the correct action to maximize the cumulative reward in a 
speciϐic environment or interaction problem [19]. Markov Decision Process (MDP), which is used to 
deϐine the reinforcement learning problem introduced Convolutional Neural Networks (CNN) to 
extract features and ϐit the value function, further developed traditional Q learning algorithms and 
proposed Deep Q Networks (DQN) [20]. 

Q-learning is a reinforcement learning algorithm in which an intelligent body learns and performs 
optimal actions in a Markov domain. The intelligent body completes the learning process by 
interacting with the environment and accumulates feedback reward values in order to make decisions 
the next time it is in the same state. 

The Markov decision process is shown in Figure 1: 

 Environment

Reward，Rt

Action

State，St State，St+1

Policy 
Controller

Agent

 

Fig. 1. Markov's decision-making process 

The goal of Q-learning is to learn an optimal strategy  , where the Agent performs action A in state 
S, i.e., ( )s A   . The Agent starts performing action tA   and adopting subsequent strategies for 
reaching the ϐinal goal  , from state S, with all the accumulated reward values during the period: 
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Eq.  tR   is the reward value when the Agent moves from state tS   to state 1tS   , and    is the 
reward factor, where 0 1    is predeϐined by the user. The closer    is to 0, the more “short-
sighted” the reward becomes, i.e., the reward is more focused on the immediate reward than on the 
future reward. The stated goal and objective of reinforcement learning can be thought of as maximizing 
the expected value of the cumulative sum of received scalar signals (rewards). This “expected return” 
is expressed in equation (1), where the goal of the agent is to ϐind an optimal policy, and if there is an 
optimal policy * , there is always a policy that outperforms the others, which can be expressed as 
follows: 

 ,*( ) ( )R s R s
     (2) 
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 *( ) max ( )t tR s R s
  (3) 

In (3) Eq. *( )iR s  denotes the optimal state value function, i.e., the highest reward can be obtained 
in state tS . 

 *( ) max [ ( , ) ( , )]t A t t lS R S A R S A 
    (4) 

Equation (4) represents the optimal state-action-value function, i.e., the highest reward can be 
obtained by obtaining the action A value in state tS . 

That is, a Q function is deϐined if the objective of Q learning is 1( , ) ( , )tR S A R S A  
 : 
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   
 (5) 

The Q-value represents the evaluation function when performing action A in state tS  , and   
reϐlects the learning efϐiciency. The optimal strategy is obtained by substituting equation (4) into (5). 
Equation (5) represents the optimal strategy function to obtain the value of A that can obtain the 
highest reward in state tS , which is a greedy strategy. As a result, the optimal policy for UAV routing 
can be found based on all the above formulas: 

 *
1( ) max ( , )t A t tS Q S A   (6) 

The Q evaluation function is obtained from Eqs. (5) and (6): 
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 
 (7) 

Eq. (7) is the updated formula for ofϐline Q learning, where (0,1)   is the learning rate, which 
indicates how much new information is learned. If the value of   is closer to 0 the learning process 
will be very slow, while a value of   closer to 1 will lead to fast learning. For better learning initially 
the learning rate should be close to 1 and over time the learning rate should gradually decrease. When 
action A is executed in state  tS  it leads to 1tS  . Thus, according to all the above formulas in this paper, 
each node is designed as an intelligent body and each node maintains its own Q-table for updating the 
states, actions and rewards, the optimal strategy for UAV routing, i.e., the optimal path, can be found. 

3.1.2. Reinforcement learning based decision making for concentration training. In the long run, 
achieving robot autonomy is a very necessary research direction in concentration training tasks for 
children with autism. However, it is unrealistic to realize full autonomy for robots under the limitations 
of the current technology. However, the realization of “supervised autonomous human-robot 
interaction” is a feasible intervention for the educational training of autistic children. 

Based on the basic model of reinforcement learning system, the robot decision-making framework 
incorporating human feedback information is obtained by combining the idea of autonomous human-
robot interaction under the intervention of the guardian, as shown in Fig. 2. 
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Fig. 2. Robot decision-making framework for children with autism in autism 

3.2. Mathematical model for systematic decision making 

Let T   be the set of all tasks, S   be the state space, and A   be the action space of the robot. In 
practice, the robot is able to observe the environment and get the environmental observation result 
o O  related to state s S , where O  denotes the observation space of the robot. Deϐine the symbol 
  to denote the task speciϐication, which is used to describe the execution process of the task and 
the ϐinal goal to be achieved, and ( )t    to denote the semantic description for the task t T  . 
Given a Boolean expression ( , ) {0,1}g s t    to describe the termination state of the robot when it 
executes a task t T   at state s S  , and when ( , ) 1g s t    means that the task t   execution is 
complete at state s  . Furthermore, let : ( )O A      denote a decision making strategy of the 
robot, then the purpose of the robot to perform decision making can be described as follows: based on 
the task ( )t   to be accomplished, the robot observes the environment state o O  and outputs 
an action a A  under the strategy ( | ( ))a o t O i    to realize ( , )g s t , where s S   denotes the 
environment state obtained by the robot through observation when performing the task t . 

3.2.1. Hierarchical system-based decision making. The decision making model of the robot is 
composed of ϐive key modules, namely the external environment coding module, the feedback 
information coding module, the core decision process module, the robot action decoding module, and 
the knowledge representation module. 

The external environment encoding module is mainly used to map the observation information 
related to the environment to the robot's state space. Let the observation space be :c c cO o O  and 
the state space of the robot be :c c cS s S  , then the external environment coding process can be 
expressed as: 

 : ( )c c cEc OO S s f o   (8) 

The feedback information encoding module is mainly used to convert the feedback information of 
the guardian into the external feedback signal of the robot. Let the feedback information of the 
guardian be :f f fO o O   and the external feedback information be characterized as :f f jH h H  , 
then the feedback information encoding process can be expressed as follows: 
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 : ( )f f f OF fO H h f o   (9) 

The core decision-making process is carried out at two levels, where the high-level role is task 
formulation and the low-level function is action selection. In the task formulation module, complex 
tasks are represented based on a hierarchical task network W . Let the robot's task space be sT  and 
the original task space be p sT T  the robot needs to perform the winning task as pgt T  and h  is 
the high-level strategy, then the task formulation process of the robot can be represented as: 

 { , , } : ( , , )c cf p g h fS H W T t s h W   (10) 

The knowledge in the decision-making process is characterized using the form of a key-value 
database, where k kd D   and v vd D   denote the index key and data content of the database, 
respectively. In the decision-making process of the robot, the retrieval process of the database by the 
system can be represented as: 

 
{ , } : ( , )

: ( )
k

e f k k rel e f

k v v d v

S H D d f s h

D D d f D

 

 
 (11) 

In addition, the database may be updated under the action of the robot decision system after the 
completion of a speciϐic action output. Let the robot performs an action under the action of 

: ( )v k vd d d  and receives state feedbacks e es S   and f fh H  . When the update program for the 
database data is activated, the update process of the database may be represented as follows: 

 ' ' ' '{ , } : ( , ), ( )
ke f k v ju e f v ud vS H D d f s h d f d    (12) 

Among other things, the functions of the database update function 
kudf  include data modiϐication, 

data addition, and data deletion. 

3.2.2. System task formulation based on imitation learning. In the process of autonomous human-
computer interaction, a hierarchical task network W   is constructed to decompose a complex 
interaction task, which is a process of task abstraction based on a priori knowledge for complex tasks. 
Let the task space obtained after task decomposition be ~ ( , )M T C , where T  is the set of subtasks, 
C  denotes the constraint relationship between subtasks, and pT T  denotes the original task set. 
On this basis, let the a priori data provided by the domain expert be: 

 1 2~ { , , , }m      (13) 

where , 1,2, ,i i m    represents a sequence of behaviors containing states and subtask execution 
paths obtained according to the expert policy   . Using js   to represent the environment state 
observed at layer j  , jt   to represent the subtask selected at layer j  , p pt T   to represent the 
original task in the hierarchical task network, and pt

  to represent the termination condition of the 
robot when executing the current original task, the behavior sequence obtained based on the a priori 
data can be represented as: 

  1 1 2 2, , , , , , , 1, 2, ,i i i i i i i
i n p ps t s t s t i m     (14) 

In the high-level task formulation process, the selection and execution of subtasks is a semi-Markov 
process. Let the high-level target task selection strategy be h , the environment state detected by the 
robot be eS , and the termination condition during the current execution of the subtask be  , then 
the task formulation process of the robot can be described by a triad  , ( ),e h eS S  . 

Using ( )g h e g pt S T T     to represent the subtasks obtained based on the high-level task 
formulation, and combining Eq. (14), the set of a priori data of the environment state and the original 
task is constructed: 
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where 1 2{ , , , }( 1,2, , )i i i
nS s s s i m    is the set of states required for each layer in the hierarchical 

task network. 
The data set D  is further extended to obtain: 

 1 1 2 2

1 1 1 2 2 2

( ) ( ) ( )
{( , ( ), ), ( , ( ), ), , ( , ( ), )}m m

h h h

m m m
H h h hS S S

D S S S S S S
  

        (16) 

where a collection of high-level task formulation strategies is formed from the target task selection 
strategies for each state: 

  1 2, , , m
h h h h      (17) 

Based on this, the robot can perform task formulation in the initial stage of operation to get the 
target task to be accomplished in the current state: 

 ( ) 1,2, , ;i i i i
g h p et S t i m S S     (18) 

3.2.3. System action selection incorporating external feedback information. In this section, a robot 
action selection strategy based on standard 2-Leaming and incorporating external feedback 
information will be investigated. In this process, the reward value in the standard 2-Leaming is used 
as the intrinsic reward of the learning system, and the external feedback information is processed and 
used as the external reward of the learning system, which together act on the robot's action selection 
process. 

3.3. Simulation examples 

The training performance of decision making for a robot built on reinforcement learning by 
performing 3 mutually independent simulations using different random seeds is shown in Figure 3. 
The solid curve is the average reward of the 3 experiments, and the shaded area depicts the minimum 
and maximum rewards for each round of the 3 trials. Each simulation was trained for 10,000 rounds 
each, with each round lasting no more than 110 environment steps and consuming approximately 24h 
of physical time. 

As can be seen from the ϐigure, all 3 randomized experiments end up with high rewards and the 
convergence results do not ϐluctuate much. The average reward convergence value is close to 100, and 
this reward value is sufϐicient for the robot to achieve the ϐinal search and rescue goal. 
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Fig. 3. Learning curve based on strengthening learning to establish a robot 

Fig. 4 shows the success rate of decision making in the training process of the robot built based on 
reinforcement learning, where the success rate is deϐined as: 

 
2if1

0

 || ||t centers g
success

else


 


<0.6 (19) 

That is, when the distance between the robot's position in the state vector and the ϐinal target point 
to be rescued is less than 0.6m, it can be regarded that the robot has opened a path to the target point 
to be rescued and successfully completed a search and rescue mission, otherwise the mission fails. 

 

Fig. 4. Learning success rate 

Figures 5 and 6 show the successful training results of the robot's search and rescue task as a series 
of snapshots, with the two sets of plots representing the two different search and rescue paths learned. 

Figure 5 shows that the robot successfully ϐinds path C (i.e., pushes open the door) and eventually 
reaches the area to be rescued. Figure 6 shows that the robot successfully ϐinds path A (i.e., pushes 
open the wooden box) and ϐinally reaches the area to be rescued. It is demonstrated that the designed 
decision making based on reinforcement learning to build the robot is possible to learn multiple 
strategies to solve the task, so that the robot has the ability to complete the search and rescue task in 
complex interactive scenes through multiple paths. The fact that path A did not become the ϐinal path 
learned from the training is due to the fact that these rounds experiencing path A during the entire 
training process accounted for too small a proportion of all 1000 rounds, which was not enough to 
provide sufϐicient success for the learning of the intelligent body. 
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Fig 5. A test of success for path C 

 

Fig. 6. A successful result of a training of path A 

In addition, through the above training and testing it was also found that the robot never successfully 
searched for path B and path D (pushing through the blue wall and passing through the lowest gap, 
respectively), the main reason for this is that these two paths have to pass through locations far away 
from the center point of the area to be rescued (e.g., the upper-left corner and the lower-right corner 
of the closed area), and in terms of the environmental reward formula, the robot would be more 
inclined to greedily search for the paths that are nearer to the ϐinal goal point. 

After 10,000 rounds of training, the testtest results obtained to establish the robot's decision making 
based on reinforcement learning are shown in Fig. 7: 

From the ϐigure, it can be found that to learn the path B robot needs to do more exploration while 
interacting more with the environment rather than utilizing the more easily learned experience of 
pushing a wooden box. Thus the optimal policy that is eventually learned is longer and more complex 
compared to the ones in Figures 5 and 6. From Figs. 5, 6, and 7, it can be seen that decision making 
based on reinforcement learning to build robots can achieve the learning of optimal strategies with 
different levels of difϐiculty. 
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Fig. 7. Test results(Corresponding path B) 

4. Interactive system interface design based on KANO modeling 

4.1. Introduction of the KANO model 

4.1.1. KANO modeling theory. The KANO model divides the quality attributes of products and 
services into ϐive categories: "must-have", "desirable", "charismatic", "undifferentiated", and "inverse" 
[21]. A schematic diagram of the KANO model is shown in Figure 8. The horizontal axis indicates the 
degree of possession of the functional characteristics of the product; The vertical axis indicates the 
level of satisfaction of the respondent. The origin represents the industry average. 
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Fig. 8. Kano model diagram 
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4.1.2. Methodology for the application of the KANO model. The customer satisfaction coefϐicient 
indicates the extent to which service or design features and functions are likely to increase respondent 
satisfaction or decrease respondent dissatisfaction, as shown in the following formula: 

Respondent Satisfaction Coefϐicient: 

 ( ) / ( )SI A O A O M I      (20) 

Respondent dissatisfaction coefϐicient: 

 ( ) / ( 1)*( )DSI O M A O M I       (21) 

In this case, if the quality of the design content is not up to the mark, a negative sign is placed in the 
formula to emphasize its negative impact on respondent satisfaction. The interval of satisfaction is [-
1,1], for a positive value of satisfaction of [0,1], if the value is close to 1, the impact on satisfaction is 
greater; conversely, the satisfaction is smaller, and the closer the positive coefϐicient is to the value 0 
means that the impact is unimportant, and the value of zero means that this feature does not cause 
dissatisfaction. However, in the case of negative satisfaction for [-1,0], the closer the coefϐicient of a 
functional characteristic is to -1, the higher the impact of negative satisfaction (i.e., dissatisfaction) on 
the respondent, which means that the lack of fulϐillment of this characteristic raises the level of 
dissatisfaction of the respondent. 

4.2. Demand Analysis of Concentration Training for Autistic Children 

4.2.1. Acquisition of Concentration Training Needs for Autistic Children. Research on autistic 
children through observation, user interviews and questionnaires, this research mainly focuses on 
autistic children's ability to concentrate, the autistic children's ability to concentrate on training needs 
to obtain, and combined with the results of the interviews will be the initial extraction of the needs, 
mainly from the two directions of the universal design and learning needs. 

4.2.2. Classiϐication of Concentration Training Needs for Autistic Children: 
1) Kano questionnaire results (see Table 1). The results of the questionnaire were classiϐied according 
to the Kano model, in which "Q" represents an invalid answer to the question. The functional attribute 
"A" of the Kano model represents the charisma attribute function, "O" represents the desired attribute 
function, "M" represents the essential attribute function, "R" represents the reverse demand function, 
and "I" represents the non-difference attribute function. 

Table 1. Questionnaire data results table 

Serial number Function name Q A O M R I Total 

1 Search course 0 14 26 26 0 25 100 

2 Programme broadcast 0 43 13 0 0 35 100 

3 Recommended course 0 17 36 14 0 24 100 

4 Course playback 2 18 33 16 2 20 100 

5 Course data 0 13 28 23 0 27 100 

6 Course introduction 0 28 22 8 0 33 100 

7 Curriculum communication 0 28 33 8 0 22 100 

8 Course sharing 0 18 18 32 0 33 100 

9 Small class 0 23 23 16 0 29 100 

10 Thumb up support 0 8 26 28 0 29 100 

11 Cue 2 18 33 16 2 20 100 

12 Topic 0 4 34 28 0 25 100 

13 Reciprocal flow 0 6 28 30 0 27 100 
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14 Icon design 0 28 12 28 0 23 100 

15 literation 0 3 40 28 0 20 100 

16 Focused vision 0 1 35 31 0 24 100 

17 Quick feedback 0 8 30 14 0 29 100 

18 Navigation clarity 0 4 35 17 0 35 100 

19 First guide 0 25 18 11 0 37 100 

2)Satisfaction calculation. Each extracted functional item is calculated according to the user 
satisfaction and user dissatisfaction index calculation formula to determine the satisfaction and 
dissatisfaction index values for each functional attribute, and then the functional attributes are 
determined according to the four-quadrant functional attribution as shown in Fig. 9, and the functional 
attributes are attributed as shown in Table 2. 
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Table 2. Functional attribute belonging table 

Serial number Function name SII DDI T value Kano belong 

1 First guide 0.41 0.26 0.4 Indifference attribute 

2 Quick feedback 0.36 0.41 0.41 Indifference attribute 

3 Small class 0.44 0.36 0.43 Charm attribute 

4 Course introduction 0.48 0.27 0.47 Charm attribute 

5 Course sharing 0.34 0.47 0.47 Essential properties 

6 Icon design 0.48 0.37 0.47 Charm attribute 

7 Course data 0.39 0.48 0.48 Essential properties 

8 Search course 0.38 0.49 0.49 Essential properties 

9 Course playback 0.5 0.47 0.49 Expected attribute 

10 topic 0.36 0.49 0.49 Essential properties 

11 Navigation clarity 0.37 0.49 0.49 Essential attribute 

12 Recommended course 0.51 0.47 0.5 Expected attribute 

13 Cue 0.51 0.47 0.5 Expected attribute 

14 Thumb up support 0.32 0.51 0.51 Essential properties 

15 Programme broadcast 0.54 0.1 0.53 Charm attribute 

16 Reciprocal flow 0.32 0.55 0.55 Essential attribute 

17 Curriculum communication 0.59 0.28 0.58 Charm attribute 

18 Focused vision 0.34 0.63 0.63 Essential attribute 

19 literation 0.41 0.65 0.65 Essential attribute 

 

Fig. 9. Functional attribution of the four quadrants 

4.3. Interface Design of Interactive System for Concentration Training for Autistic Children 

4.3.1. System design. The multimodal human-computer interaction system for autistic children's 
concentration training is shown in Figure 10, which consists of training content, multimodal 
interaction and other parts based on the design principles of the concentration training system for 
autistic children. Children with autism are able to carry out the process of concentration training for 
children with autism through the multimodal human-computer interaction model that combines 
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audio-visual feedback and vibration feedback for oral training, pronunciation training, and assessment 
of speech comprehension ability. 

Multimodal human-
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Fig. 10. Multi-modal machine interaction system framework 

4.3.2. System implementation. Multimodal human-computer interaction is mainly divided into three 
modules: multimodal interaction information input, multimodal interaction information fusion and 
processing, and multimodal interaction information feedback. The multimodal interaction 
information is collected and input by the data acquisition device, and then the information input 
module of each channel mainly receives the sensory information (audio information, video 
information, vibration information) from the human being, etc. With the help of the multimodal 
interaction information fusion and processing module, it can form the “sensory” perception and 
cognition, and through the feedback module (audio feedback, video feedback, haptic feedback), it can 
provide the information to the human-computer interaction. With the help of multimodal interaction 
information fusion and processing module, “sense” and cognition are formed, and through the 
multimodal interaction information feedback module (audio feedback, video feedback and haptic 
feedback), the information is fed back, so as to construct a multimodal human-computer interaction 
system. 

The basic idea of this paper is a multimodal human-computer interaction system for speech 
rehabilitation, which mainly relies on the visual, auditory and tactile senses as the inputs of human-
computer interaction information, and adopts the video data information acquisition device, the audio 
data information acquisition device and the vibration data information acquisition device respectively 
to collect the facial information and voice information of the speaker in multimodal human-computer 
interaction. 
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5. Empirical analysis of the effect of concentration training for children with 
autism 

5.1. Study design 

5.1.1. Study subjects. The subject of this study was Little B (a pseudonym), a male, 8 years old, who 
was diagnosed with autism in the hospital when he was 6 years old. Little A was enrolled in a regular 
kindergarten and is now in the 2nd grade, receiving group study programs and individual training 
programs at school. Little A's basic abilities are as follows: motor ability can meet the needs of daily 
life; weak hand manipulation ability; visual, auditory, gustatory, vestibular, and proprioceptive senses 
can meet the needs of daily life; visual and olfactory responses are good, and vestibular senses belong 
to the high-threshold performance; he has difϐiculty in adapting to the environment in daily life, and 
has a low level of alertness, and is prone to behaviors such as distraction or moving around; he 
possesses the concept of conservation of objects, and is able to Find hidden objects; can match colors; 
know a small number of unique characters, such as mouth, hand, and person. 

5.1.2. Research tools: 
1)Dependent Variables. The dependent variables in this study were Little B's focused behavior in 
completing academic tasks and the duration of completing academic tasks. Focused behavior refers to 
children engaging in activities related to classroom instruction. Inattentive behavior is deϐined as the 
inability to focus on a ϐixed direction or target, such as the child's inability to look at a single object 
and to pay attention to the target for only a short time, thus often failing to complete the task. Based 
on the above deϐinitions, preliminary observations of Little B, and interviews with parents and 
teachers, this study determined that Little B's attentive behaviors for completing academic tasks were 
as follows: writing according to the task, making corrections (rewriting with a pen, erasing with an 
eraser), looking at the worksheet, and seeking help from the teacher. The duration of completing an 
academic task is the total time spent by Little B in the process of completing an academic task. 
2)Experimental tools. First, the observation recording form of focused behavior. Based on the 
deϐinition of Jr. B's attentive behavior in completing academic tasks, an observation recording form 
was created for use by the researcher and recorder. The form used the partial time-distance recording 
method to record Little B's attentive behavior in 10-second increments. If Little B exhibits any of the 
focusing behaviors within 10 seconds, the interval is recorded as “√”; if none of the focusing 
behaviors occurs within 10 seconds, the interval is recorded as “×”. The record ends when Little B 
completes the worksheet. 

Second, the time-keeping tool. Due to the need to record the duration of Little B's completion of the 
academic task, this study used a cell phone timer as a time recording tool. Timing started when Little 
B got the academic task and stopped when the academic task was completed. 

Third, Personal Work System Intervention Effectiveness Interview Form. The self-administered 
Personal Work System Intervention Effectiveness Interview Form was used for the collection of social 
validity to investigate the perceptions and suggestions of stakeholders, including teachers and parents, 
on the content and intervention effectiveness of this study. 

5.1.3. Research procedures. This study utilized a cross-situational multi-probe design in a single-
subject experiment, and the entire study consisted of two phases: a baseline period and an 
intervention period. 

First, the baseline period. Little B was given an academic task every day, and Little B's completion 
was recorded using the Concentration Behavior Observation Record Sheet and a timer. No intervention 
or training was given to Little B during the completion of the academic task. Meanwhile, if Little B did 
not show attentive behavior for 1 minute (6 10-second intervals), the researcher was required to use 
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physical or spoken words or gestures to assist. If the focused behavior appeared after the assistance, 
the assistance was stopped. On the contrary, the assistance was continued. 

Second, the intervention period. Ten interventions were conducted in the individual training room 
and 10 interventions in the classroom. Little B was asked to complete four tasks in a “top-to-bottom” 
personal work sequence. The academic task was placed in the personal work system as the ϐirst task 
to be completed, and the remaining three tasks were the number mosaic, bead threading, and animal 
mosaic. The tasks are ϐixed except for the academic tasks which are changed randomly. Only the 
completion of the academic task (i.e., the ϐirst task) of Little B was recorded, and the other 3 tasks were 
not recorded. During the completion of the academic tasks, if Little B did not show attentive behavior 
for 1 minute (6 10-second intervals), physical or spoken words or gestures were used to assist. If the 
focused behavior appeared after the assistance, the assistance was stopped; conversely, the assistance 
was continued. 

5.2. Empirical analysis 

5.2.1. Academic Task Concentration. The trend of the two subjects' performance in academic task 
concentration in the baseline period, the intervention period, and the maintenance period is shown in 
Figure 11. Visual analysis showed that, overall, Little B's academic task concentration achieved a more 
signiϐicant improvement in both the intervention period and showed some maintenance effects. 

For Little B, his academic task concentration in the six training units at baseline ranged from 53.61% 
to 66%, with a mean concentration value of 58.47%, indicating that Little B was able to fully focus on 
the academic task he was performing for about 58% of the 1-minute time period in each 30-minute 
training unit at baseline, and that his performance was relatively smooth in the baseline period, and 
therefore the intervention was started in the seventh training unit from the beginning. Intervention 
was initiated from the seventh training unit onwards. After Little B learned to self-monitor his 
attention during homework, his academic task focus increased signiϐicantly, and after 17 training units, 
he successfully reached the pre-determined goal of 97% or higher in three consecutive training units. 
During the 17 training units of the intervention period, Little B's academic task focus ranged from 
78.57% to 95.08%, with a mean value of 88.42%, which was an increase of 30.42% compared with the 
baseline period, and had remained relatively more stable. However, two weeks later during the 
maintenance period, Jr. B's performance dropped, and without the use of the self-multimodal HCI 
system, Jr. B's academic task focus mean dropped to 73.84%, which is 14.58% lower compared to the 
intervention period but still higher than the baseline period of 15.84%. 

 

Fig. 11. Academic tasks focus on changing trends 
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5.2.2. Correctness of academic tasks. The trends in academic task correctness scores during the 
baseline, intervention, and maintenance periods are shown in Figure 12. For Little B, the average score 
of academic task correctness in the baseline period was 62.9%, and the difference between the highest 
and lowest scores was 24 points, which was relatively smooth. After entering the intervention period, 
with a signiϐicant increase in his concentration level, Jr. A's average academic task correctness reached 
81.1% points, ranging from 63-98 points, which was an 18.2% increase from the baseline period. 
During the maintenance period, Jr. A's academic task correctness ranged from 57-88 points, with an 
average of 73.3 points, which was between the baseline period and the intervention period, but not 
signiϐicantly different. Jr. B's academic task correctness improved more than concentration in the 
intervention period, but also produced some maintenance effects, and Jr. B's performance in the 
maintenance period was better than in the baseline period in all cases. 

 

Fig. 12. The trend chart of the accuracy of academic tasks 

6. Conclusion 

The study ϐirst analyzes the relationship between the robot, the interaction object and the guardian 
for the interaction task of concentration training for children with autism, and establishes a framework 
for the robot's decision-making in the process of autonomous human-robot interaction based on 
reinforcement learning, and divides the whole decision-making process into two levels for simulation, 
and the results show that the robot learns to get training paths with different realization difϐiculties in 
the process of interaction with the robot. The KANO model is used as the theoretical basis to analyze 
the training needs of autistic children. On this basis, a multimodal human-computer interaction system 
for autistic children's concentration training was designed, and the results of experimental evaluation 
of the system showed that the system could effectively improve the concentration behavior of Little B 
in completing the writing task, and the concentration behavior of Little B in the academic task in the 
intervention period was signiϐicantly improved compared with the baseline period, with an average 
value of 88.42%, which is an improvement of 30.42% compared with the baseline period. 
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