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Neural networks have demonstrated exceptional performance across a range of applications. Yet, their
training often demands substantial time and data resources, presenting a challenge for autonomous
robots operating in real-world environments where real-time learning is difficult. To mitigate this con-
straint, we propose a novel human-in-the-loop framework that harnesses human expertise to mitigate
the learning challenges of autonomous robots. Our approach centers on directly incorporating human
knowledge and insights into the robot’s learning pipeline. The proposed framework incorporates a
mechanism for autonomous learning from the environment via reinforcement learning, utilizing a pre-
trained model that encapsulates human knowledge as its foundation. By integrating human-provided
knowledge and evaluation, we aim to bridge the division between human intuition and machine
learning capabilities. Through a series of collision avoidance experiments, we validated that incorporat-
ing human knowledge significantly improves both learning efficiency and generalization capabilities.
This collaborative learning paradigm enables robots to utilize human common sense and domain-
specific expertise, resulting in faster convergence and better performance in complex environments.
This research contributes to the development of more efficient and adaptable autonomous robots and
seeks to analyze how humans can effectively participate in robot learning and the effects of such
participation, illuminating the intricate interplay between human cognition and artificial intelligence.
© 2025 The Author(s). Published by Elsevier B.V. on behalf of Shandong University. This is an open access
article under the CCBY license (http://creativecommons.org/licenses/by/4.0/).
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1. Introduction structure as data. Another study [4] demonstrates that incorpo-
rating human instructions into training approaches significantly
improves learning efficiency in robots’ skill acquisition compared
to autonomous learning. This past study proposes a simulation
platform for surgical robot learning that leverages HITL meth-

ods [5]. It demonstrates how integrating human demonstrations

The integration of artificial intelligence (Al) into robotics has
significantly transformed the capabilities and applications of rob-
otic systems. Despite remarkable advancements, developing rob-
ots that can autonomously operate in complex and dynamic

environments remains challenging. A promising approach to ad-
dress this challenge is Human-in-the-Loop (HITL) AL

Recently, HITL Al [1,2] has garnered considerable attention.
HITL Al involves the inclusion of human intervention and
feedback throughout the machine learning process, from data
collection and preprocessing to model training, operational mon-
itoring, and continuous updates. This interactive process between
Al and humans aims to leverage human expertise to mitigate
the learning difficulties of Al and ensure accountability in Al
decision-making. Research employing HITL Al is extensive. For
instance, one study [3] proposes a novel role for HITL, where
human knowledge is utilized to initialize neural networks rather
than merely annotating data or intervening in the learning pro-
cess. This enables the learning of knowledge that is difficult to
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into reinforcement learning enhances learning efficiency and
increases the success rate of task automation.

The realization of HITL Al allows robots to integrate human
common sense and intuitive judgment, enabling them to adapt
to new tasks and environments by leveraging human hints and
guidance. This process is more flexible than purely data-driven
approaches and better suited to handling unexpected situations.

The integration of Al into robotics has seen significant ad-
vancements in recent years. Autonomous mobile robots can be
realized using reinforcement learning (RL) algorithms without
human involvement [6,7]. This study [8] notably demonstrated
the successful application of RL to learn control policies for real
robots, which were then used in model predictive control (MPC)
to achieve tasks in real-world experiments. Additionally, a study
on mobile robot path planning [9] proposed RL-based methods
for efficient navigation in dynamic environments. However, the
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technique either lacks generality or is highly task-specific, making
the development of accurate and broadly applicable dynamic
human behavior models a significant challenge. Incorporating
human common sense into robots is effective in overcoming
this challenge. One study [10] proposes a novel approach that
combines reinforcement learning with human knowledge. Us-
ing a two-stage reinforcement learning model, the first stage
involves basic robotic behavior, while the second stage incorpo-
rates human common sense as incentive rewards. This enables
robots to acquire the necessary skills for task resolution more
efficiently during the initial learning stages. Another study [11]
suggests a method that enhances the effectiveness of reinforce-
ment learning by providing robots with human common sense
knowledge for collision avoidance behavior. Using topological
internal representations makes the learning process more intu-
itive and understandable, facilitating easier comprehension of the
robot’s decision-making process by humans.

Knowledge transfer is a crucial approach to skill learning in
robots. Generally, transfer learning [12,13] leverages knowledge
accumulated from one task to improve learning accuracy and
efficiency in related but different tasks. A neural network can
capture important features during the learning process in the
original domain, making it beneficial to transfer parts of the
network to another network for learning in a similar domain. In
a study involving real robots, a system was developed to learn
human preferences from demonstrations of short, standardized
tasks and predict user behavior in real assembly tasks [14]. The
proposed system uses preference models learned from standard-
ized tasks as prior knowledge and updates the models online,
thereby improving the accuracy of human behavior prediction.
Additionally, research has explored leveraging experience gained
with real robots to accelerate the learning process for new tasks
and robots [15].

When transferring knowledge from multiple robots, a method
has been proposed to assess the similarity in dynamics between
the source and target robots to determine which robot’s knowl-
edge is most effective for transfer. In practical robot applications,
it is common to transfer neural networks pre-trained in simu-
lations to robots for learning in physical environments (sim-to-
real) [16,17]. A sim-to-real approach using progressive
networks was proposed to transfer policies learned in simulation
to real-world robot arm control tasks [18]. Additionally, deep
reinforcement learning has been employed to train mobile robots
in navigation tasks within simulated environments that mimic
the real world [19]. A deep actor-critic reinforcement learning
method was proposed that incorporates human common-sense
knowledge into the reward function to improve the efficiency
of robot navigation in multi-corridor environments. However, in
complex environments, the learning process in simulators can
be excessively long and require vast amounts of data, limiting
generalization.

Recent studies have explored direct learning in the real world,
eliminating the need for simulators [20,21]. For example, one
study demonstrated a robot learning to walk on two legs within
20 min across various indoor and outdoor terrains, marking a
significant departure from traditional simulation-dependent ap-
proaches [22]. Similarly, another study employed the Dreamer
algorithm to enable a robot to complete learning directly in the
real world without simulation [23]. While these methods succeed
in reducing human intervention, It remains important to explore
various novel ideas on human involvement into the learning
process of robots.

This paper proposes a mechanism for transferring human
common sense to robots. This current work comprises two stages
of learning: in the first stage, a human transfer his/her knowl-
edge by annotating data or building an intuitive algorithm for
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generating teacher signals. This first stage is followed by re-
inforcement learning of an autonomous robot utilizing a neu-
ral network that was initialized by the first stage. The idea is
to seed the neural network with human common sense be-
fore letting it autonomously learn from the environment. This
mechanism allows the combination of human common sense
that is not necessarily easy to mathematically express with the
strength of reinforcement learning to automatically learn from
environments.

The integration of human knowledge into the learning process
underscores the importance of the neural network’s initial state
for subsequent learning outcomes. Prior studies have demon-
strated the critical role of initialization in optimizing learning effi-
ciency and effectiveness [24]. For instance, one approach utilized
human-defined propositional logic rules to initialize both the
weights and structure of a neural network, resulting in enhanced
efficiency during the initial search phase [25]. Conversely, subop-
timal initialization can increase the likelihood of convergence on
local optima, thereby impeding learning progress.

In this research, we emphasize the incorporation of meticu-
lously designed human prior knowledge into the network’s initial
state. Such prior knowledge is crafted to capture the fundamental
structure and rules of the task, ensuring its accuracy and rele-
vance. By embedding this knowledge into the initialization phase,
the network achieves stable convergence during the early stages
of learning, minimizing unnecessary exploration and enhancing
overall learning efficiency.

An additional challenge addressed by this approach is catas-
trophic forgetting [26,27], which arises when neural networks
overwrite parameters shared across tasks during the learning
of new tasks. Initializing the network with task-specific, well-
curated prior knowledge fosters the development of robust shared
feature representations, thereby mitigating parameter corruption.
For instance, human-curated features embedded in the initial-
ization process enhance knowledge transferability and resilience,
reducing disruptions when adapting to new tasks. This method
not only alleviates catastrophic forgetting but also contributes to
improved learning efficiency and consistency across varying tasks
and environments.

In this study, we focus on the task of learning collision avoid-
ance behaviors [28,29] within a defined physical space. Our
proposed neural network builds on prior research [30]. Models
learned through deep reinforcement learning [31,32] and path
planning [33,34] are typically treated as black boxes, making it
challenging to interpret the internal mechanisms and logic be-
hind their decision-making. The proposed approach suggests that
using a simpler neural network could facilitate the interpretation
of the model’s internal mechanisms and logic, aligning with the
HITL objective of ensuring accountability in Al decision-making.

This study proposes a HITL Al approach to transfer learning,
where human knowledge is imparted to robots. Additionally, the
concept of “transfer learning” in this research aligns with prior
studies [35]. Traditional transfer learning involves applying parts
of a neural network trained in one domain to learning in another
domain. In this research, we first employ supervised learning
to reflect human general sensory judgment processes related
to sensor data in physical environments, followed by utilizing
the learned neural network in reinforcement learning processes
in real environments. Thus, instead of transferring parts of the
neural network structure, we transfer prior knowledge reflecting
human common sense.

We conducted seven experiments to demonstrate the robust-
ness, generalization, and effectiveness of our proposed transfer
learning method. These experiments assessed the differences in
robot behavior with and without pre-training, the influence of
pre-training on subsequent reinforcement learning, and the uti-
lization of human-provided knowledge across different physical
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Fig. 1. Overview of the robot’s training process.

environments. The validity of our approach was tested using
an obstacle avoidance task, showcasing the benefits of human
involvement in transfer learning.

The structure of this paper is as follows: Section 2 describes
the architecture and dynamics of the neural networks used in this
study. Section 3 provides an overview of the robots employed in
the research. Section 4 presents and discusses the experimental
results of the proposed learning approach. Finally, Section 5 offers
a summary and outlines future challenges.

2. Neural network’s structure and dynamics

Fig. 1 outlines the robot’s training process, which includes
human-guided pre-training followed by reinforcement learning.
Additionally, the pseudo-code for the entire learning mechanism
is summarized in Algorithm 1.

Algorithm 1: Overall learning mechanism

1 start
2 robot random walk: data acquirement
human annotates sensor data
set neural network (input: 4 sensors)
until stop criterion
input human-annotated data
execute offline training
end
expand neural network (input: 12 sensors)
10 transfer parameters from 4-sensor network
11 randomly initialize remaining weights
12 until stop criterion

© N U AW

13 robot interacts with environment autonomously
(12 sensors data)

14 execute reinforcement learning

15 end

16 end

The elaboration of the overall training process is elaborated as
follows.

2.1. Human guided pre-training

The robot is initially provided with prior knowledge through
a pre-training phase. In the experimental environment, first, the
robot starts at the center of the environment and performs 100
random actions (forward, backward, left, right). For each action,
the values of the proximity sensors (front, rear, right, left) were
recorded. In this stage, the robot does not execute any learning,
but only gathers sensory data to be annotated by humans with a
fixed algorithm that reflects the humans’ common sense.

The neural network used for pre-training is a fully connected
architecture with 4 input nodes, 30 hidden layer nodes, and 4
output nodes. The input layer receives ultrasonic sensor values
from the front, rear, right, and left sides, which are normalized
and processed as R* vectors. The hidden layer consists of a single
fully connected layer, utilizing a sigmoid activation function to
introduce nonlinearity. The output layer corresponds to actions
for each direction (forward, backward, right turn, left turn). The
output values are evaluated using a loss function against the
teacher vector. Mean squared error (MSE) is employed as the
loss function, and the model parameters are updated through
stochastic gradient descent (SGD).

The pre-training neural network shares the same structure as
the reinforcement learning network (detailed later). The distinc-
tion lies in the input layer: pre-training uses the values of four
proximity sensors as inputs, while in the reinforcement learning
stage, the inputs are expanded to twelve where the additional
eight values are for accommodating the delayed sensory values
for the past robot’s position. The objective for this expansion is
to enable the robot to generate time-mediated strategy rather
than an instantaneous reaction. This expansion is necessary for
dealing with dynamics environments. In the pre-training phase,
the robot relies on human common sense to guide its actions
based on this limited set of sensor inputs. Using only four sensors
at this stage is intentional, aligning with the human ability to
process simple data. Humans can easily interpret and label these
basic sensor readings to guide the robot. However, as the number
of sensors increases, interpreting the data becomes exponentially
more complex, making it difficult for human common sense alone
to manage. This highlights the need to limit sensor inputs during
pre-training to a manageable level for human annotation. By
starting with simpler, easily interpretable data, the robot devel-
ops an initial framework for decision-making, preparing it for
more complex learning in later stages, where human guidance
is less feasible due to the higher volume and complexity of
sensor inputs. In the reinforcement learning (RL) stage, the robot
interacts with its environment and learns from a larger set of
inputs—twelve sensors in this case—allowing it to make more
nuanced decisions based on real-time feedback.

In the pre-training stage, the teacher signal is a fixed algorithm
based on human common sense that is equivalent with humans’
annotation. This HITL approach is essential because humans pro-
vide structured, rule-based feedback that helps the robot build
a basic understanding. The importance of HITL becomes more
evident during the transition from pre-training to the RL stage.
While RL allows the robot to learn more complex input-output
relationships by interacting with the environment, this process is
significantly faster and more efficient because the robot already
possesses a basic understanding from pre-training. The combi-
nation of human-guided pre-training and autonomous reinforce-
ment learning underscores the importance of HITL in achieving
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efficient and effective learning in robotic systems.

As the task is obstacle avoidance, this “common sense” trans-
lates to strategies for the robot to move away from obstacles.
However, these rules can be subjective and influenced by human
experience and preferences. We hypothesize that initializing the
network with human common sense enhances subsequent rein-
forcement learning efficiency and allows human intervention in
judgment and control, showcasing the system’s versatility. In this
paper, the human-guided fixed evaluation algorithm is shown in
Algorithm 2.

Algorithm 2: Human-guided evaluation algorithm

1 start

2 load sensor data from robot random walk

3 identify sensor with minimum value

4 initialize variables for storing sensor data and teacher
signals

5 for each row in sensor data

6 if minimum value is from ’front’ sensor

7 set teacher signal to 'back’

8 elif minimum value is from "back’ sensor

9 set teacher signal to 'forward’

10 elif minimum value is from ’right’ sensor
11 set teacher signal to ’left’

12 elif minimum value is from 'left’ sensor
13 set teacher signal to 'right’

14 store sensor data and teacher signal

15 until stop criterion

16 pretrain neural network with stored data
17 save trained network

18 end

2.2. Neural network transfer learning

After the pre-training stage, a transfer of the neural network
occurs. Trained network weights and biases are transferred as ini-
tial parameters for the reinforcement learning network. However,
structural differences necessitate adjustments: the pre-trained
network has a four-node input layer, while the reinforcement
learning network has twelve. The increase of the inputs is not due
to the increase in the number of sensors but the utilization of the
delayed values of the sensors to accommodate the time dynamics
in inputs. Specifically, the weight matrix of the first linear layer
in the pre-trained network overwrites the first four columns of
the corresponding matrix in the reinforcement learning network.
The remaining columns are randomly initialized. For other layers
(hidden and output), weights and biases are transferred directly
due to matching input dimensions.

2.3. Real-time reinforcement learning

After pre-training, the network is employed for real-time re-
inforcement learning.

The reinforcement learning network differs from the pre-
trained one (Fig. 1, right): it has twelve input nodes for sensor
values and four output nodes for actions, mirroring the pre-
trained network. Notably, this study uses time-series sensor val-
ues. To adapt to dynamic environments, we employed 12 input
nodes representing both sequential and time-series inputs. The
first four nodes represent current time t, the next four represent
t — 1, and the last four represent t — 2. This allows the network
to consider past values, potentially improving performance in
dynamic environments.

Regarding network transfer with differing input nodes, pre-
trained parameters are used for the first four input neurons
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during initialization. For t — 1 and t — 2 values at t = 1 and
t — 2 values at t — 2, input is set to zero.

The neural network architecture employed in this study mir-
rors the approach used in previous research [35]. Sensory data
is processed to determine contextually appropriate actions. Typ-
ically, humans decide their next action based on past data. How-
ever, humans cannot explain how they can relate past informa-
tion to actions. Previous research [35] outputs actions based on
real-time input (4 sensor values) and prior knowledge taught
by humans. In contrast, our proposed method uses time-series
input values, allowing Al to take on the parts that humans cannot
compensate for. By clarifying the roles of humans and Al in this
way, we can emphasize the HITL nature of our approach.

Initially, sensory inputs are weighted based on their relative
importance. These weighted inputs are then integrated with a
dynamic bias term, which adjusts based on the current environ-
mental context. The resulting signal is passed through a sigmoid
activation function, which serves to normalize the output and
prepare it for subsequent processing.

This transformed signal is then propagated to the next layer
of the network, where the same process is iterated. Ultimately,
the action associated with the most activated output neuron is
selected for execution.

Next, the robot performs reinforcement learning to judge the
accuracy of the executed action based on sensor values. The re-
ward calculation involves three steps: (1) acquiring sensor values,
(2) obtaining sensor values at the subsequent time step after an
action, and (3) calculating the reward. The evaluation function
U(a(t)) assesses the distance between the robot and obstacles
before and after the action. This distance is calculated based on
changes in sensor values, providing an intuitive and effective
measure for obstacle avoidance tasks. At time t, let d{(t) and d;(t)
be the two smallest sensor values among the four acquired values.
At time t + 1, the sensor values corresponding to the previously
selected directions (dq(t), dy(t)) are recorded. Using these values,
the change in sensor readings is calculated based on the eval-
uation formula. The evaluation function U(a(t)) is obtained by
calculating the difference between the mean squared differences
of these two values before and after the action (Eq. (2)):

di(t) < da(t) < ds(t) < da(t) (1)

2 2
Uat) = | > @it +1)* = | Y (di(r)’ )

A positive U(a(t)) indicates the robot moved away from obsta-
cles, considered a “good” action in reinforcement learning. Con-
versely, a negative U(a(t)) indicates movement towards obstacles,
a “bad” action.

For good actions, the winning neuron receives a teaching
signal T, = 1, and other neurons receive T, = 0(j #* w).
This promotes the same action for similar future inputs. For bad
actions, T,, = 0 for the winning neuron and T; = 1 for others,
suppressing the executed action and promoting other actions for
similar inputs. As the ideal action is unknown, this mechanism
is considered reinforcement learning, though its implementation
mimics supervised learning.

The teaching signal is expressed mathematically as:

1) = 1, if U(a(t_)) > 0 and k = arg max; O]F"“(t) 3)
0, otherwise
1, if U(a(t 0 or k 00U (t

ey = (1 FUE0) <Oork 7 argmax; 07 (1) @
0, otherwise

In this study, the reinforcement learning problem is refor-
mulated as a supervised learning task, with the neural network
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Fig. 2. Outline of the robot. (a) Front view. (b) Side view. (c) Top view.

being trained by minimizing a mean squared error loss (MSELoss)
function between the network output and the desired target
value.

The network utilizes stochastic gradient descent for optimiza-
tion, iteratively updating its weights to minimize the loss. Weight
updates are determined by the gradient of the error function,
which is efficiently computed via backpropagation using the
chain rule.

To ensure stable and efficient learning, the weight update
equation incorporates a learning rate hyperparameter, which
controls the magnitude of each update step, and an exponen-
tial decay factor, which gradually reduces the influence of past
gradients over time.

The proposed reinforcement learning algorithm employs a
neural network to approximate the policy function for state-
action mapping. Unlike conventional Q-learning, which relies on
a Q-table to estimate the value function, this approach directly
maps states to actions through the network. This reduces com-
putational complexity and enhances the system'’s ability to gen-
eralize across similar states, enabling more efficient operation in
complex environments where traditional Q-tables face scalability
limitations.

Algorithm 3: Reinforcement Learning

1 start learning
2 while not converged do
3 acquire current sensor values S;

4 recall the last two sensor values S;_1, S;_»
5 calculate output based on S¢, S;_1, S¢_»
6 execute action
7 acquire new sensor values Sy, q
8 evaluate the outcome
9 if evaluation is good then
10 reinforce executed behavior
11 suppress alternative behaviors
12 else if evaluation is bad then
13 suppress executed behavior
14 reinforce alternative behaviors
15 end if

16 end while
17 end learning

3. Robot platform

In this experiment, we designed and used an omnidirectional
robot, shown in Fig. 2. This section details the robot platform,
including its chassis, ultrasonic sensors, Bluetooth module, and
other hardware components, as well as its motor control and
behaviors.

(c)
Table 1
Robot specification.
Parameter Value
Gross weight (g) 262
Dimensions L x W x H (mm) 87 x 98 x 90

Number of proximity Sensors 4
Measurement range (cm) 2-400
Operating frequency (kHz) 40

3.1. Robot platform

Our robot platform is based on the “Zumo Robot for Arduino”,
which is designed for tracked movement. The Zumo robot’s tracks
enable stable operation on both slippery surfaces and rough ter-
rain. The robot’s design features a two-layer structure: the lower
layer houses the Arduino, and the upper layer uses a rigid board.
Previous studies [35] used a breadboard with many jumper wires,
leading to issues like wiring congestion, poor contact, low dura-
bility, and low reproducibility. Using a rigid board instead of a
breadboard improved connection stability, space utilization, and
wiring visibility.

Four ultrasonic proximity sensors were installed on the front,
back, right, and left sides of the rigid board. These sensors mea-
sure distances to obstacles by emitting a 40 kHz ultrasonic wave
triggered by a 10 s pulse. The time elapsed between the trigger
and the returning echo is utilized to calculate distance, with
a measurement range of 2 cm to 400 cm. Measurements out-
side this range may be subject to error. Table 1 details the
specifications of the robot and sensors.

The Bluetooth module on the upper layer connects the Ar-
duino to a PC via serial communication. Sensor data is sent from
the Arduino to the PC via Bluetooth, where a neural network
processes the data. The network calculates the robot’s actions and
sends them back to the Arduino.

3.2. Actions

We controlled the Zumo robot to perform four movements:
forward, backward, right turn, and left turn. The motor speed
is controlled using PWM (Pulse Width Modulation), with speeds
indicated by the duty cycle of the PWM signal, ranging from
—400 to 400. Negative speeds indicate a reverse direction, so the
speed’s absolute value is used, with the direction reversed. The
Output Compare Register (OCR),) is utilized to set the count value
at which the PWM signal transitions to a HIGH state. Conversely,
the Input Capture Register (ICR,) is used to define the count value
corresponding to the period of the PWM signal.

OCR,
DutyCycle = 5
yCy ICR, (5)
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In this experiment, the left and right motors were controlled
independently, with a consistent speed of 200 primarily achieved
using values of OCR; = 200 and ICR; = 400. To execute turns, one
motor’s speed was set to 0, enabling the robot to pivot around
the stationary motor. This setup allows the robot to maneuver
flexibly and respond to the neural network’s instructions.

4. Experiments

To validate the efficacy of the proposed HITL Al-based transfer
learning approach, we conducted six experiments. Each exper-
iment’s results contribute to the verification of transfer learn-
ing through different training methods and learning stages, as
detailed below.

4.1. Pre-training experiments (Experiment A)

The neural network was pre-trained using sensor data and
human-generated teacher signals via standard backpropagation.
The experimental environment is shown in Fig. 3(a). To create
a controlled experimental environment, 12 polypropylene panels
were assembled. All experiments started from the marked cross
at the bottom left of the environment shown in Fig. 3(a).

The dynamics of the loss function during pre-training is shown
in Fig. 3(c), and the graph indicates an exponential decline,
demonstrating that the neural network effectively learned from
the human-generated data.

Subsequently, an offline experiment was conducted to evalu-
ate the accuracy of the pre-training by generating actions based
solely on the data. The pre-trained neural network was tested to
see if the robot could appropriately perform collision avoidance
actions based on the sensor values received in the experimen-
tal environment. The robot started from the bottom left of the
environment and predicted and generated 50 steps of action. As
a result, the robot moved to the center of the environment and
exhibited a behavior of stagnation there (Fig. 3(b)). Additionally,
Fig. 4 shows a graph plotting the sensor values closest to the
obstacle (the minimum value from the four sensors), averaged
over 10 time steps. The upward trend indicates that the robot
is gradually moving away from the obstacle. The oscillations in
the latter part suggest that continuous movement by the robot
is unavoidable. This outcome indicated that the robot acquired
a basic policy for collision avoidance based on human com-
monsense knowledge. However, it was hypothesized that action
prediction based solely on pre-training would struggle to adapt
to complex and dynamic environments and physical changes.
This consideration considers the differences between the pre-
training environment and the actual test environment. To verify
this hypothesis, we plan to demonstrate it by conducting se-
quential learning incorporating reinforcement learning using the
pre-trained neural network.

4.2. Reinforcement learning experiments (Experiment B)

Next, to demonstrate the utility of pre-training, the robot’s
actions were generated using sequential learning without pre-
training. The robot, lacking prior knowledge, performed rein-
forcement learning for 50 steps. To assess the system’s generaliz-
ability, the robot was tested with three starting positions: bottom
left, bottom center, and bottom right of the environment.

The robot starting from the lower-left moved straight and
collided with the wall (Fig. 5(a), top). The robot starting from
the bottom center struggled with the initial movement due to
the lack of prior knowledge and repeatedly performed the same
action in place (Fig. 5(a), middle). The robot starting from the
lower-right continuously reversed and eventually hit the wall
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(Fig. 5(a), bottom). Fig. 6 shows a graph of the sensor value
closest to the obstacle, averaged over 10 time steps. Each graph
corresponds to the robot’s different starting positions. In the case
without pre-training, the average sensor value is lower, suggest-
ing that the robot comes closer to the obstacle at some point.
These results illustrate the difficulty of learning when the robot
has no prior knowledge and must learn from scratch.

4.3. Experiments with human commonsense (Experiment C)

Having demonstrated the accuracy and utility of pre-training,
the next experiment involved reinforcement learning augmented
with human commonsense knowledge. As in the reinforcement
learning-only experiment, three starting positions were tested.
The training was conducted over 50 steps.
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Fig. 5. Reinforcement learning. (a) Robot trajectory without pre-training. (b) Robot trajectory with pre-training. (c) Training process.
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Fig. 6. Average minimum sensor values by starting position.

The robot starting from the lower-left turned directly toward
the center of the environment without hesitation, then roamed
around the center (Fig. 5(b), top). The robot starting from the
bottom center moved straight and then wandered around the
center (Fig. 5(b), middle). The robot starting from the lower-
right initially changed direction and moved straight to the center,
reaching it successfully (Fig. 5(b), bottom). In all cases, after
reaching the center, the robot performed back-and-forth move-
ments until the designated time steps were completed. Fig. 5(c)
shows the loss function obtained during sequential learning and
the loss function obtained in experiment B. This graph illustrates
the real-time learning process of the robot, showing a gradual
reduction in loss over 50 steps as the motion prediction model
improves. The results indicate that the loss decreases over time

regardless of whether pre-training is applied, demonstrating the
robot’s ability to adapt. The rapid decrease in loss suggests that
the model learns efficiently. However, when the robot starts from
the right, the loss function fluctuates significantly in the absence
of pre-training, indicating instability in the learning process.
These results indicate that with accurate prior information, the
robot can learn quickly based on pre-training without the need
for repeated trial-and-error collision avoidance. Furthermore, by
utilizing past sensor values in addition to current ones, the robot
can better understand its position and environment. While both
loss functions in Fig. 5(c) show a decreasing trend, the sequential
learning with pre-training exhibits lower loss from the initial
time steps. This suggests that human prior knowledge allows
the robot to establish a certain degree of behavioral policy from



M. Oriyama, P. Hartono and H. Sawada

Table 2

Welch’s t-test: Comparison of results without pre-training vs. with pre-training.

Statistic ~ Start from left side  Start from middle  Start from right side
t-value 341 11.8 28.1
p-value  9.591 x 107 1.411 x 10720 9.904 x 1074

the outset. As shown in Fig. 6, in the case with pre-training, the
average of the minimum sensor values remains stable around
50 cm from the start of the time steps. This suggests that the
robot can avoid obstacles early on. The robot learns efficiently
by performing real-time reinforcement learning while leveraging
previously learned knowledge.

Welch’s t-tests were conducted to evaluate statistical differ-
ences in the obtained results. The smallest sensor values recorded
by the robot at each time step were compared across experi-
ments. The analysis revealed statistically significant differences
in all experiments with different starting positions. This out-
come can be attributed to the reasonable knowledge provided by
humans during pre-training. Since the environment used for rein-
forcement learning matched the environment in which the robot
learned with human-provided knowledge during pre-training,
the prior knowledge was effectively utilized in the learning pro-
cess. These results suggest that significantly improving robot
performance requires ensuring that the human-provided knowl-
edge is relevant and applicable to the reinforcement learning
experimental environment. Table 2 presents the t-scores and
their corresponding p-values for all comparisons.

In the pre-training experiment (Experiment A), the robot
acquired a basic policy, which reduced its indecisiveness. In
contrast, the robot struggled to find optimal actions in the exper-
iment with reinforcement learning only (Experiment B). Lacking
a commonsensical policy, the robot needed to engage in repeated
trial and error to discover collision avoidance behaviors. Con-
sequently, in the experiment combining reinforcement learning
with pre-training (Experiment C), the robot could perform initial
actions based on the acquired basic policy, leading to more
refined subsequent action choices.

4.4. Experiment in the dynamical environment (Experiment D)

We created a dynamic environment that changes constantly
and conducted experiments to test our hypothesis. Unlike the
previous setting where prior knowledge was acquired, this new
environment differs significantly despite using the same prior
knowledge as in Experiment C.

To create a dynamic environment, we introduced an obstacle
robot identical in structure to the learning robot, which moved
back and forth along the black line in the image at 70% PWM
duty cycle speed (Fig. 7(a)). The learning phase lasted for 50
steps. During this period, the robot navigated from the lower left
to the upper part of the environment, approaching the moving
obstacle robot, then retreated without collision, moving towards
the center (Fig. 7(b)). In contrast, during the experiment without
prior knowledge, the robot collided with the moving obstacle
robot (Fig. 7(a)). Although it attempted to adjust its trajectory
and moved toward the center of the environment, it was unable
to implement an effective collision avoidance strategy. The loss
function obtained through this sequential learning is depicted in
Fig. 7(c). With pre-training, the loss function exhibits low values
from the initial stage. In contrast, in the experiment without
pre-training, the initial loss is higher. However, as reinforcement
learning progresses over time, the learning process eventually
converges similarly to the case with pre-training. As in the previ-
ous experiment, the plot of the average minimum sensor values
is shown in Fig. 8. As shown in Fig. 8, both with and without
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Fig. 7. Learning in the dynamical environment. (a) Robot trajectory without pre-
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Average of minimum sensor values

55

50

45

40

—— With pre-training
—— Without pre-training

Average minimum sensor value

1.0 15 20 25 3.0 35 40 45 50
Time-step averaged over 10 steps

Fig. 8. Average minimum sensor values in dynamical environment.

pre-training, the sensor values eventually stabilize at a consistent
level. This indicates that the robot effectively avoids obstacles as
the time steps progress. However, with pre-training, the mini-
mum sensor values are higher from an earlier stage, indicating
that the robot maintained a greater distance from obstacles. This
demonstrates that the robot efficiently used prior knowledge to
avoid obstacles, even in a dynamic environment.

The t-test results indicate no statistically significant difference
between the two methods, with a t-score of t = —0.774 and
a p-value of p = 0.441, when comparing results without and
with pre-training. This outcome may be attributed to the prior
knowledge provided by humans not being designed for a dynamic
environment. In other words, the relevance of the prior knowl-
edge was limited, leaving the robot in a state similar to starting
from random actions, which likely led to the non-significant
result.
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Fig. 9. Learning with faulty input values. (a) Robot trajectory without pre-training. (b) Robot trajectory with pre-training. (c) Training process.

Our findings highlight the effectiveness of using sensor values
that account for time series as inputs. Previous research [35]
conducted experiments in dynamic environments using only real-
time sensor values. In contrast, our study incorporated sensor
values from one to two steps earlier, enhancing the robot’s spatial
awareness. Additionally, our study revealed that the robot could
adapt and continue learning in a new environment even when
provided with human knowledge from a different setting. By
conducting experiments in environments that were constantly
changing, the robot showcased its ability to respond effectively
to temporal variations in its surroundings, further emphasizing its
adaptability and robustness in handling environmental dynamics.

4.5, Experiments with faulty input values (Experiment E)

Next, an experiment was conducted to observe the behavior
when physical factors change. In this experiment, one of the four
sensors was assumed to be faulty, and the same procedure as
in Experiment C was followed. To evaluate the utility of pre-
training, we also conducted the experiment without pre-training.

The sensor fault was simulated by adding a random value (—150
to 150) to the sensor readings. The readings from the faulty
sensor became random numbers each time, thereby replicating
the fault condition. The training was carried out in 70 steps.
Fig. 9 illustrates the learning process. Fig. 10 shows a graph of
the average values from the sensor closest to the obstacle. When
calculating the averages, the values from malfunctioning sensors
were excluded. Since malfunctioning sensors produce random
values, including them would compromise the reliability of this
graph, which aims to trace the robot’s movements.

Training with pre-training proceeded without issues, and the
robot successfully learned to avoid collisions. Additionally, the
weights from the hidden layer to the output layer for actions
leading towards the faulty sensor approached zero. This sug-
gests that the input from the faulty sensor contained redundant
features, which were compensated for by other sensor inputs
and past sensor values. Furthermore, it is likely that during the
learning process, the output node responsible for moving towards
the faulty sensor was deemed unnecessary, and the network
learned to ignore it, causing the associated weights to approach
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Fig. 10. Average minimum sensor values with faulty sensors: front, rear, right, and left.

zero. In contrast, in experiments conducted without pre-training,
the robot collided with the wall at early time steps in every case
where four sensors were malfunctioning. These results suggest
that the proposed learning mechanism is robust to the physi-
cal disturbance of inputs. As shown in Fig. 10, when the front
sensor is malfunctioning, the robot struggles with the initial
movement even with prior knowledge. This is likely because the
malfunctioning sensor causes a mismatch between the robot’s
prior knowledge of the environment and the current conditions.
However, as time steps increase, the robot compensates for the
faulty sensor and adjusts its behavior to move away from obsta-
cles. In contrast, without prior knowledge, the initial movements
appear random, and while the robot may sometimes avoid ob-
stacles, it often ends up colliding with walls, leading to stable
sensor values. The same pattern is observed when the right
sensor is malfunctioning. When the rear sensor is malfunctioning,
the robot’s initial movement is similarly poor, and its behavior
remains unstable as time progresses. This instability is likely due
to the rear sensor’s erratic readings, making it harder for the robot
to determine its position compared to when other sensors are
malfunctioning. As shown in Fig. 9(c), when the rear sensor is
damaged, the loss function decreases more slowly compared to
other cases, indicating that the benefits of pre-training are not
fully utilized. When the right sensor is malfunctioning, the robot
starts from the lower-left, and it can still estimate its position
using the remaining functional sensors, making the impact of
prior knowledge more significant in this case.

The results of the t-test are presented in Table 3. In this
analysis, the minimum sensor values from three functional loca-
tions were extracted, excluding the broken sensor values. When
the front, rear, and right sensors were faulty, the p-values ex-
ceeded 0.05, indicating no statistically significant differences. This
outcome is likely because the humans who provided prior knowl-
edge did not account for scenarios where the robot struggled to
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Table 3
Welch’s t-test: Comparison of results without pre-training vs. with pre-training
using faulty input values.

Statistic Faulty Faulty Faulty Faulty

front sensor rear sensor left sensor right sensor
t-value —0.380 0.194 6.97 —-1.95
p-value 0.705 0.846 4.036 x 1071 0.053

interpret its environment. However, when the left sensor was
damaged, the p-value was very small, revealing a significant
difference. This can be attributed to the robot’s behavior in the
absence of pre-training, where it oscillated to the right and left
within the left side of the environment. The damaged left sensor
gave the appearance that the robot was successfully adapting to
its environment. Although the robot successfully avoided colli-
sions, overall, there were few statistically significant differences.
The experiment highlights that the alignment between the rein-
forcement learning environment and human expectations plays a
critical role in achieving significant differences.

4.6. Experiments with faulty output values (Experiment F)

We conducted an experiment to observe how the robot’s
behavior changes when one of its motor’s malfunctions. This was
achieved by simulating a fault in one of the two motors, reducing
its speed by half. The normal motor speed is 200, but the faulty
motor’s speed was set to 100. The robot underwent 70 learning
steps in this altered state. To assess the utility of pre-training, we
also performed the same experiment without it. Fig. 11 displays
the robot’s movement paths and loss functions when either the
left or right motor is faulty.

Despite the motor malfunction, the robot was able to adjust its
behavior and move towards the center of the environment. When
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Fig. 11. Learning with faulty output value. (a) Robot trajectory without pre-training. (b) Robot trajectory with pre-training. (c) Training process.
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Fig. 12. Average minimum sensor values with faulty motors: right and left.

the left motor malfunctioned, the robot struggled with right turns
but managed to avoid obstacles by attempting right rotations or
repeatedly adjusting its orientation with left turns. The difference
in the reduction rate of the loss function (Fig. 11(c)) between
the left and right motor faults is likely due to the robot starting
from the left side. With the right motor failure, the robot quickly
reached the center by repeatedly moving forward, causing it to
make larger right turns. However, with a faulty left motor, the
robot had to learn to turn right by manipulating the malfunc-
tioning motor. The influence of the starting position and motor
malfunction is reflected in the average minimum sensor value
graph (Fig. 12). When starting from the lower-left, the experiment
with a malfunctioning right motor, which allowed the robot
to automatically move diagonally forward-right, shows that the
average minimum sensor value stabilizes earlier.

For cases where the left motor and right motor were broken,
the t-tests yielded t = 3.82(p = 2.042 x 1074) and t = 9.29(p =
2.958 x 10716), respectively, indicating statistically significant
differences between the two approaches. This significance can
be attributed to the environmental similarities. The environment
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used to provide human knowledge was static, and since the
experimental environment is also static, the prior knowledge
remains applicable. Consequently, the functionality of the motor,
whether intact or broken, has minimal impact on the results.

This experiment showed that, just as humans can act appropri-
ately based on their knowledge and experience even when their
outputs are compromised, robots can also use prior knowledge to
compensate for malfunctions and act accordingly.

4.7. Experiments in continuous control parameters (Experiment G)

We conducted an experiment to give the robot more freedom
in its movements. Previous experiments restricted the robot to
four directions at a constant speed. In this experiment, we con-
trolled the robot’s movements using function values, allowing for
greater flexibility.

The control structure involved applying a smooth sigmoid
function to the output layer of the reinforcement learning neural
network. This function controlled the motor speed, acting as a
membership function. We achieved the smoothing by scaling the
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sigmoid function with a factor k (Eq. (6)).

fkx) = (6)

14 ek

For this experiment, k was set to 0.5. This normalized the
output values between 0 and 1, adjusting the robot’s behavior
accordingly. The robot’s behavior was defined as follows:

Output value 0-0.1 : stop
Output value 0.1-0.2 : low
Output value 0.2-0.5 : moderate
Output value 0.6 and above : fast

We used the same pre-training data as in Experiment C and
conducted training over 50 iterations. The pre-training data in-
volved the robot moving in four specific directions, while the re-
inforcement learning used this new control mechanism. Figs. 13,
14 and 15 illustrate the robot’s trajectory, loss function, and
motor output values during this experiment. Fig. 16 presents the
graph of the average minimum sensor values.

The robot started well, using collision avoidance strategies
from pre-training, and moved toward the center of the environ-
ment without hesitation. Fig. 15 shows that the robot increased
its motor speed as it approached the center and as learning
progressed. This reflects the balance between exploration and
exploitation. Fig. 16 clearly shows that the robot develops a col-
lision avoidance strategy early in the time steps and continues to
operate while maintaining a consistent distance from obstacles.

In the early exploration phase, the robot did not fully under-
stand the consequences of its actions, requiring various actions
at slow speeds to gather information. As learning advanced, the
robot shifted to the exploitation phase, where it better under-
stood the environment and the results of its actions. It used
successful behavior patterns confidently, increasing motor speed
to achieve its goals efficiently.

A t-test produced a t-score of t = 6.28 and a p-value of
p = 9.219 x 1079, indicating a statistically significant difference
between the conditions with and without pre-training.

In just 50 steps of sequential learning, the robot effectively
developed a reliable collision avoidance strategy based on the
pre-trained knowledge provided.

5. Conclusion

In this study, we developed a transfer learning process that
incorporates HITL dialogue between Al and humans into robots,
leveraging human expertise. By pre-training with human com-
monsense knowledge, we improved reinforcement learning, en-
abling robots to better handle tasks such as adapting to sensor
failures and motor malfunctions.

During the initial training phase, human input provided a
dataset of commonsense knowledge about task completion. This
human-augmented data allowed the robot to learn and adapt
quickly to new environments, significantly reducing the time and
resources needed for optimal performance.

As the robot entered the reinforcement learning phase, the
benefits of HITL Al became more evident. Using the pre-trained
model along with new information acquired by the robot, the
exploration and decision-making processes were guided, leading
to more informed choices. In obstacle avoidance tests, robots
pre-trained with human data navigated more efficiently, showing
behavior similar to human attentiveness and foresight. This not
only increased the safety and reliability of robot operations but
also improved their effectiveness in dynamic and unpredictable
environments.

Our research demonstrates that integrating human expertise
significantly enhances robot capabilities, improving adaptability,
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efficiency, and transparency. To achieve this outcome, it is cru-
cial that the prior knowledge provided by humans in HITL is
not merely “adequate” but also sufficiently comprehensive and
tailored to the robot’s operating environment and task. If the
knowledge is merely adequate, its effectiveness may be lim-
ited, preventing the robot from fully realizing its potential. We
emphasizes the critical importance of aligning human-provided
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knowledge with the robot’s operational environment in HITL
systems. This approach offers a scalable solution for developing
robots capable of operating in complex real-world scenarios. As
we refine and expand this method, the potential for HITL Al to
revolutionize industries and enhance human-robot interaction
becomes increasingly clear.

Future work will focus on enabling robots to inherit human
intentions and applying HITL Al to a wider range of tasks. Addi-
tionally, we plan to conduct user experiments to investigate how
different pre-training approaches influence robot behavior.
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