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With the rapid development of DL technology, artificial intelligence (AI) and robotics are gradually merging, especially the combination of humanoid
robots and generative AI, which is becoming a key technology to promote the intelligent transformation of future industries. However, in traditional
research, humanoid robots and generative AI technologies are developed in isolation, lacking effective collaboration and natural interaction, and
lacking innovation in cross-domain application. To address these problems, in this study, an information system is constructed based on DL humanoid
robots and generative AI. The system consists of three modules: a perception, decision and action module, and generation and interaction modules.
The perception module collects and preprocesses data of multiple modalities and then fuses the multimodal data. The decision and action module
achieves the decision-making function of the information system through the DQN model. The generation and interaction module introduces the
Generative Pre-Trained Transformer (GPT) model to realize the generation and interaction functions of the information system. Experiments have
shown that the image perception ability of the system constructed in this study is good. The average perception error of 100 areas in the experiment
is 0.0361. The decision-making ability is strong, and the decision-making score for different scenarios exceeds 0.83. It can also maintain good
consistency in the generated content while taking emotions into account during conversations. The robot equipped with the system proposed in this
paper and the traditional robot were put into the service industry for comparative experiments. The results demonstrated that the robot equipped with
the proposed system is superior to the traditional robot according to all scoring indicators. The information system of humanoid robots and generative
AI based on DL constructed in this study breaks through the limitations of the isolated development of traditional humanoid robots and generative AI,
through the strong integration of deep perception, decision-making and interaction. It significantly improves the intelligence level of robots, has broad
application prospects, and provides new ideas and technical support for promoting industrial intelligent transformation and cross-domain application
innovation.

Keywords: Deep learning, Humanoid robot, Generative Artificial Intelligence, Multimodal Perception, Deep Q network, Generative Pre-Trained
transformer

1. INTRODUCTION

As AI [1–2] and robotics [3–4] continue to develop, deep
learning (DL) [5–7] technology, as its core driving force, has
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haeea.cn

been widely used in various intelligent systems. In particular,
the combination of humanoid robots and generative AI has
become an important driving force for the intelligent transfor-
mation of industries. However, in traditional research, these
two technologies tend to develop independently, without ef-
fective coordination and interaction. Humanoid robots focus
more on the operation and perception of the physical world,
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while generative AI has made significant progress in natural
language processing and content generation. Although each
has its own unique advantages, their combination faces many
technical challenges, including cross-domain integration,
emotional interaction, and adaptability and security in actual
application scenarios. Therefore, finding effective ways to
integrate these two technologies and foster their collaboration
in real-world applications has become a critical issue that
requires immediate attention.

In recent years, there has been extensive research in
the field of intelligent robots and AI within the academic
community. For example, Lin et al. studied the willingness
of customers to use AI robot equipment in hotel services,
borrowed and verified the extended theory of acceptance of
AI equipment use in hotel service environments, and the
results showed that the theory is applicable [8]. Zemmar
et al. integrated robots into a shielding layer to physically
isolate medical staff and patients. The results showed that
the use of robots and AI can reduce infectious contamination
and assist in patient management in surgical environments
when a large number of patients enter [9]. Grischke et
al. reviewed the existing applications of dental robots and
AI. The results indicated that machine learning and AI have
been utilized in dental research to process vast amounts
of data, aiding in dental decision-making through data-
driven analysis algorithms. However, the implementation
of robotic applications in this field remains limited [10].
Van Wynsberghe proposed a definition of sustainable AI,
that is, sustainable AI is a movement that aims to promote
changes throughout the life cycle of AI products to practice
greater ecological integrity and social justice [11]. Huang
and Rust created a strategic framework for leveraging AI to
attract customers by offering various service benefits. This
framework provides guidelines on how to utilize different AI
technologies to engage customers, depending on the nature of
the service task [12]. However, although these studies have
made progress in their respective fields, they still have certain
limitations. For example, when robots execute generative AI
instructions, they often lack the ability to understand context
and to provide real-time feedback; and when generative AI
generates content, it usually fails to fully consider the robot’s
execution capabilities and its limitations in the physical
environment. Therefore, the research at that time was mostly
limited to the optimization of a single technology and lacked
systematic integration across fields.

In order to overcome the above limitations, some scholars
have begun to try to adopt different technology integration
methods. For example, Chen Pei-Yu and Yuan-Chen Liu
investigated the use of neural networks and AI in image
recognition. In their study, students acted as instructors,
training AI robots to identify objects. The findings indi-
cated that teaching AI robots image recognition technology
was more motivating for students to engage with science
compared to traditional textbook-based learning [13]. Xue
et al. explored the feasibility and challenges of combining
multimodal fusion methods with physical human-computer
interaction based on its characteristics, and proposed some
research directions based on multimodal fusion methods
[14]. Han et al. proposed a hierarchical framework to
construct knowledge at the primitive, environmental, and

strategic levels, and used this knowledge as a training set
for legged robots, thereby training a robot that can imitate
animal or human behavior [15]. Xiao et al. developed a
collaborative bilateral upper limb rehabilitation robot system
based on mirror therapy and virtual stimulation. The system
uses an adaptive proportional-integral-derivative controller
based on a radial basis function neural network to improve
the tracking performance of the patient side of the robot
arm [16]. Although these fusion methods have advanced
the technology to a certain extent, they still have certain
shortcomings, especially in the context of deep integration
of generative AI and humanoid robot technology. Problems
such as situational adaptability and multi-tasking have not
been fully addressed.

In this study, a humanoid robot and generative AI in-
formation system is constructed based on DL, introducing
the perception module, decision and behavior module, and
generation and interaction module. In the perception module,
data of multiple modalities are collected, different modal
data are processed differently, and the data of multiple
modalities are fused and processed [17]. In the decision and
behavior module, the DQN model [18–20] is used to help
the system make decisions based on the collected data. The
inclusion of the GPT model [21–23] in the generation and
interaction module enables the system to generate natural,
fluent and emotional responses while understanding user
input. The experiments show that the system proposed in this
paper has good perception, decision-making and interaction
capabilities. The system is installed on robots and compared
with those of traditional robots in the service industry. The
results show that the robot equipped with the proposed
system superior to traditional robots according to several
evaluation indicators, showing good application prospects.
The significance of this study is that through the integration
and innovation of DL technology, it addresses the problem
of the isolated development of traditional humanoid robots
and generative AI technology, and can be integrated into
several domains. This provides a practical technical solution
for achieving the intelligent transformation of the industry
and promotes the development of robot technology so as to
achieve higher intelligence and personalization.

2. SYSTEM ARCHITECTURE

The system architecture in this study is divided into three
modules: perception module, decision and behavior module,
and generation and interaction module.

2.1 Perception Module

2.1.1 Data Collection

In the data collection stage, the perception module first
needs to collect raw data through various sensors. The data
generated by these sensors usually have different formats.
The sensors and data formats are shown in Table 1.

As shown in Table 1, the RGB camera collects visual
data of the environment and outputs a three-dimensional
matrixX ∈ RH×W×C . H and W are the height and width of
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Table 1 Data collection table.

Sensor Type Collection data format Data dimensions/features Function and use

RGB Camera X ∈ RH×W×C Image (width W, HeightH,
Number of color channels C )

Provides visual information of the
environment and capture images or video
streams for object detection and scene
understanding.

Depth Camera D ∈ RH×W Depth map (depth value for each
pixel)

Obtains depth information of the
environment for spatial perception,
obstacle detection, and path planning.

Light
Detection
and Ranging

P = {p1, p2, . . . pn} Point cloud data (pi = (xi , yi ,

zi ) ∈ R3)

Acquires three-dimensional structure data
in space for obstacle detection,
environment modeling and positioning.

Microphone s(t) ∈ R Speech or audio signals (time
series data)

Captures environmental sounds for
speech recognition, sound source
localization, and speech feedback
generation.

Inertial Mea-
surement Unit

a(t) = (ax(t),
ay(t), az(t)) w(t) =
(wx (t),wy(t),wz(t))

Acceleration a(t) ∈ R3

Angular velocityw(t) ∈ R3
Captures the robot’s motion state for
posture estimation, navigation, and
motion planning.

the image, respectively, and C is the number of color chan-
nels, which is 3, that is, three colors R, G, and B. The depth
camera generates depth information for each pixel through
structured light technology and outputs a depth mapD ∈
RH×W . The laser radar device generates point cloud data
P = {p1, p2, . . . pn} in three-dimensional space, and each
point contains three-dimensional coordinates(xi, yi , zi ). The
microphone collects sound data, which is audio information
that changes over time. The inertial measurement unit
measures the robot’s acceleration and angular velocity.

2.1.2 Data Preprocessing

The task of data preprocessing is to clean, normalize, and
denoise the raw data so that they are suitable for subsequent
analysis and feature extraction.

The data collected by the sensor is usually affected by
noise, which may come from the environment, the sensor
itself, or other external factors [24]. The goal of denoising is
to retain the effective signal as much as possible and remove
useless noise components. In this study, the Gaussian filter
method is used to denoise the data[25], for which the formula
is:

Xdenoised = Xraw ∗ Gσ (1)

where Xraw is the original signal, Xdenoised is the denoised
signal, Gσ is the standard deviation, σ is the Gaussian kernel,
and ∗ represents the convolution operation.

Different types of sensor data have different ranges and
scales. Standardization processing converts them into a
unified scale, making subsequent model training and fea-
ture extraction more efficient. This study uses the zero
mean method to standardize the data. The standardization
formula is:

Xnorm = X − μX

σX
(2)

where μX and σX are the mean and standard deviation of
the original input data respectively, and the standardized data
Xnorm has the property of mean 0 and standard deviation 1.

In a multi-sensor system, some sensors may have missing
data due to failure, occlusion or other reasons [26]. In this
study, the method used to process missing values is linear
interpolation [27-29] for which the formula is:

xk = xi + (xi+1 − xi )

(ti+1 − ti )
(tk − ti ) (3)

where ti and ti+1 are the time points corresponding to xi and
xi+1 respectively, tk is the time point corresponding to the
missing value, and xk is the interpolated data. However, if
there are too many missing data or linear interpolation is not
applicable, the missing time is filled with the mean:

X f illed = μX (4)

In a multi-sensor system, data from different sensors
usually have different timestamps, and the goal of time syn-
chronization is to align them to the same time axis. Assume
that sensors S1 and S2 provide time series X1(t1)andX2(t2),
respectively. In order to achieve time synchronization,
S2 interpolates the data to make it consistent with the S1
timestamp. Usually, the time that needs to be synchronized
is very close, so this study used linear interpolation for this
synchronization. The formula is:

X2sync(t1) = X2(t2)+ (t1 − t2)

(t1 − t2 + ε)
(X2(ti+1)−X2(ti )) (5)

where ε is a very small positive number, which is used to
avoid zero division errors without affecting the results.

2.1.3 Feature Extraction

The specific method used for feature extraction depends on
the type of sensor and the requirements of the task. This
paper uses different feature extraction methods for different
data.

For image data, this study selected Convolutional Neural
Networks (CNN) [30–32] to extract features from image data,
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Figure 1 CNN structure diagram.

and extracted local and global features of the image by means
of convolution and pooling operations. Each layer of CNN
can extract features at different levels, usually from low-
level edge and texture features to high-level object and scene
features.

The image data in this study is X ∈ RH×W×C captured
by the camera. First, through the convolution operation, the
image is extracted by the convolution kernel:

Xconv = Conv(X, W ) (6)

where Conv represents the convolution operation, and Xconv

is the feature map after convolution.
The nonlinear function ReLU is applied to the feature map

to enhance the network’s expressive power:

X ReLU = ReLU(Xconv) (7)

Afterwards, the maximum pooling operation is used to
further extract important image information:

X Max Pool = Max Pool(X ReLU ) (8)

The pooled feature map is flattened and processed through
a fully connected layer to obtain the final high-level feature
vector:

X FC = FC(X Max Pool) (9)

The CNN structure diagram designed in this paper is
shown in Figure 1.

For the three-dimensional spatial data P =
{p1, p2, . . . pn} collected by the laser radar device, this
study uses PointNet[33-34] to extract features from the data.
Each feature of the collected data is represented as f (pi).
The global feature representation of the entire point cloud
collected is obtained through PointNet:

fglobal = Max Pool( f (p1), f (p2), . . . , f (pn)) (10)

The features of audio time series data are extracted so as to
convert the audio signal into frequency domain representation
and extract the frequency components and time-frequency
features of the sound. The method used in this paper is Mel-
Frequency Cepstral Coefficients (MFCC) [35]. The specific
steps are:

(1) Perform short-time Fourier transform (STFT) [36] on
the audio. For the collected audio s(t) ∈ R, its STFT
representation is:

S( f, t) = F{s(t) · ω(t − t0)} (11)

where F is the Fourier transform, ω(t−t0) is the window
function, S( f, t) is the time-frequency representation, f
is the frequency, and t is the time.

(2) Map the spectrogram to the Mel scale.

(3) Use discrete cosine transforms[37] to extract MFCC
features. The extracted MFCC is expressed as:

M FCC(s(t)) = DCT (log(MelSpectrogram(S( f, t))))
(12)

where Mel-Spectrogram is the spectrum on the Mel fre-
quency scale, and DCT is the discrete cosine transform.

2.1.4 Multimodal Fusion

After the data has undergone preprocessing and feature
extraction, the features extracted from the data of different
modalities are fused to obtain a comprehensive analysis of the
data. This paper introduces the self-attention mechanism to
the data in different modalities for feature-level fusion. This
fusion method can effectively remove data redundancy and
improve computational efficiency.

The self-attention mechanism can assign different weights
to each modality based on the correlation between them.
By calculating the correlation between each modality, the
model can automatically learn which modalities are more
important to the task, thereby assigning them greater weights.
For the feature data extracted in the previous paper (image
features named fimage, point cloud global features named
fglobal , and audio features named faudio), the self-attention
mechanism can generate a weight α to adjust the fusion of
several features:

α = Attention( fimage, fglobal, faudio) (13)

Then, according to the weight α, feature fusion is per-
formed by weighted summation:

f f used = α1 fimage + α2 fglobal + α3 faudio (14)
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The data after feature fusion can provide better data input
for system decision-making.

2.2 Decision and Behavior Module

In this module, the deep Q network (DQN) is used to help the
system make decisions and plans based on the fused feature
data obtained by the perception module. The core idea of
DQN is to learn an approximate Q-value function through a
deep neural network, and then make decisions through the Q-
value function. The Q-value function is expressed as Q(s, a),
which represents the expected return that can be obtained
after taking action a in state s. The DQN approximates the
Q-value function through a deep neural network so that it can
handle high-dimensional state space.

The basic operation process of DQN is as follows:

(1) Initialization: The initial state can be set to s0, and
the parameters θ0 of the DQN can be initialized. θ0
is the initial weight of the deep neural network. The
parameters θ ′0 of the target network can be initialized.
The target network is usually the same as the Q network,
but it is updated regularly to maintain the stability of the
update. The experience replay pool is initialized, and is
used to store the historical experience of the system.

(2) Interaction with the environment: In each operation, the
system needs to interact with the environment to collect
data and make decisions.

Assuming the current state is st , in state st , the current
Q network Q(st , a) is used to calculate the Q value of
each action a, and the action with the largest Q value
is selected. Assuming the selected action is at , after
executing the at action, the environment returns the new
action st+1 and the corresponding reward rt . Finally,
the current experience (st , at , rt , st+1) is stored in the
experience replay pool.

(3) Update the Q network: The goal of DQN is to make
the Q value function accurately predict the long-term
return of each state-action pair (s-a). Therefore, the
Q network needs to be updated. To update, randomly
extract a small batch of data {(si , ai , ri , si+1)} from
the experience replay pool each time, calculate the
maximum Q value maxa′ Qθ ′(si+1, a′)under the next
state si+1 through the target network, and then calculate
the target Q value yi :

yi = ri + γ max
a′

Qθ ′(si+1, a′) (15)

where γ is the discount factor that determines the impact
of future rewards on the current Q value.

The current Q network can be used to estimate the Q
value Qθ (si , ai ), and then the parameters θ of the Q
network are updated by minimizing the error between
the target Q value and the current Q value:

L(θ) = 1

N

N∑
i=1

(Qθ (si , ai )−(ri+γ max
a′

Qθ ′(si+1, a′)))2

(16)

where N is the batch size, the gradient of L(θ) with
respect to parameter θ is calculated using the back-
propagation algorithm, and the parameter θ is updated
using the gradient descent method:

θ ← θ − α∇θ L(θ) (17)

where α is the learning rate, which controls the step size
of the update.

(4) Update the target network: In order to ensure the
stability of the system operation, the parameters θ of
the Q network are copied to the target network θ ′ every
certain number of steps. In this way, the high-frequency
fluctuation problem of the Q value during operation is
alleviated:

θ ′ ← θ (18)

2.3 Generation and Interaction Module

In this study, the GPT model is selected to build the
generation and interaction module, with the goal of enabling
the system to understand the user’s input and generate appro-
priate natural language responses. The specific construction
steps are as follows.

2.3.1 Input Preprocessing Context Understanding

The user’s input is usually text or voice input. Text
is processed directly, and voice is converted to text for
processing. Assuming that the current user’s input is xt , in
order to ensure that the generation and interaction modules
can understand the context and history of the conversation,
H = {h1, h2, . . . , hn} needs to be introduced. Each hi is
generated by the model or input by the user in the i-th round
of dialogue. Therefore, in this module, the dialogue history
and current input are concatenated and passed to the GPT
model to help the model capture the context of the dialogue.
The input format is:

Inputt = [H, xt ] (19)

2.3.2 Generation Process of GPT Model

The GPT model is based on the Transformer architecture.
The core part is the self-attention mechanism that captures
the dependencies between words in the input sequence. The
GPT model is an autoregressive model that generates the next
word step by step and uses the word as the condition for the
next moment.

After processing the input Inputt , GPT generates the
output through the following steps:

(1) Inputt is first converted into a vector representation in
the embedding layer:

Et = Embedding(Inputt) (20)

where Et is the word vector representation of the input
text, and these vectors are passed from the embedding
layer to the self-attention layer of the Transformer.
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Figure 2 GPT generation flow chart.

(2) In each layer of the Transformer, the input vector passes
through the self-attention mechanism, which calculates
the degree of dependence of each word on other words
based on the relationship between the current word and
all words. The calculation formula for the self-attention
mechanism is:

Attention(Q, K , V ) = so f t max

(
QK T

√
dk

)
V (21)

where Q is the query matrix, K is the key matrix, V
is the value matrix, and dk is the dimension of the key,
which is used to scale the stability of the calculation.
In Transformer, the input vector is calculated in parallel
through multiple self-attention heads, allowing the
model to focus on different parts of the input, thereby
obtaining a more comprehensive output.

(3) The output after the self-attention mechanism is passed
to the feedforward upgrade network for nonlinear trans-
formation. The formula for this process is:

Ht = F F N(Attention(Q, K , V )) (22)

where FFN represents the feedforward neural network,
and Ht represents the current hidden state.

(4) Finally, the GPT model transforms the hidden state Ht

into a probability distribution through a linear transfor-
mation. The distribution represents the probability of all
possible words generated at the current position. The
conditional probability of generating each word is:

P(yt |x1, x2, . . . , xt ) = so f t max(Wh Ht + b) (23)

where Wh is the weight matrix of the hidden state, b is
the bias term, and the softmax function converts it into
a probability distribution for generating the next word.
Based on this probability distribution, the model can
select the most likely word as the output with:

yt = arg max P(yt |x1, x2, . . . , xt ) (24)

where yt is the word with the highest probability and is
also the next output.

2.3.3 Emotion and Tone Adjustment

In actual interaction, it is necessary to understand the context
of the language, and to adjust the generated response based
on sentiment analysis and tone. For example, when it is
detected that the user is emotionally excited, the model may
need to generate soothing sentences; if the user communi-
cates in a humorous way, the robot can generate a humorous
response.

During the generation process, sentiment adjustment is
achieved by changing the generation probability distribution:

P(yt |Ht , xt , Sentimentt ) = sof t max(Wh Ht

+ b + λ · Sentimentt ) (25)

where λ is the weight of sentiment adjustment, and
Sentimentt is the sentiment information. In this way, the
system adjusts the output content according to the sentiment
state.

Ultimately, the generated response is not just a single word,
but a coherent sentence or dialogue. After each round of
generation, GPT can iteratively generate subsequent content
based on the generated vocabulary sequence (y1, y2, . . . , yn)

until the end symbol is generated. The GPT generation
process is shown in Figure 2.

3. EVALUATION AND ANALYSIS

3.1 Perception Error Analysis

In order to analyze the image perception results, the system’s
image perception ability is quantified and the image percep-
tion accuracy is evaluated. By means of experiments, the im-
age perception results and the real images are compared and
analyzed, the absolute error between the two is calculated,
and the error heat map is drawn.

Figure 3 shows the error heat map of the image perception
result and the actual image. There are 10*10 areas in
total, with each area representing the overlap of the image
perception result and the real image. The value represents
the absolute error between the image perception result and the
actual image in the area. The area with larger error can appear
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Figure 3 Error heat map.

Figure 4 Decision-based score comparison chart.

bright, and the area with smaller error can appear dark. The
absolute errors in most areas are below 0.05, indicating that
the system’s perception in most areas is relatively accurate.
However, there are some areas with large errors (higher than
0.1), indicating that the system’s perception in these areas
has large deviations, and further analysis of the causes and
improvements are needed. The average analysis of the error
values in the heat map shows that the average absolute error
of 100 regions is 0.0361, which shows that the overall image
perception ability of the system is relatively good.

3.2 Decision Quality Analysis

In order to evaluate the decision-making ability of the system,
twenty different scenarios were selected for the system’s
decision-making module. The cumulative reward of each

scenario was normalized into the interval [0,1] as a score.
At the same time, a benchmark strategy was introduced for
comparison with the DQN model of the decision module of
this system.

Figure 4 is a decision-based score comparison chart
showing the different decision scores for two decision models
in twenty different scenarios. Figure 4 shows that the
decision score of the DQN model used in this paper is roughly
maintained in the range of 0.83–0.96, while the decision
score of the baseline strategy is in the range of 0.78–0.85.
Compared with the baseline strategy, DQN has a decision
score of more than 0.85 in 18 out of 20 scenarios, and 8 out
of these 18 scenarios have a decision score of more than 0.9.
This shows that the DQN model can learn effective strategies
in different scenarios to maximize the cumulative reward,
indicating that the decision module proposed in this paper
can make better decisions in different scenarios.
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Figure 5 Content consistency analysis chart.

Figure 6 Accuracy of emotion recognition.

3.3 Generation and Interaction Analysis

In order to evaluate the functions of the system’s generation
and interaction modules, experiments were conducted to
randomly conduct conversations and use cosine similarity
to calculate the similarity between semantics. In this way,
the similarity between the generated text and the context
was compared to determine the content consistency between
the texts, thereby evaluating the system’s generation and
interaction functions.

Figure 5 is an analysis chart for content consistency from
the beginning to the end of the conversation. Early in
the conversation, the content consistency between the text
generated by the system and the context is low, which may
be mainly because there is not much text to learn at the
beginning of the conversation. However, after the first few
rounds of conversation, an upward trend in content consis-
tency can be observed. In the middle of the conversation,
the system’s response becomes more consistent and although
the consistency fluctuates, it is still increasing overall. At

the end of the conversation, the content consistency is
basically determined, indicating that at this time the system’s
interaction model for the conversation has matured and
can efficiently and stably generate content to complete the
conversation.

In addition to analyzing the consistency of the generated
content, the study also analyzed the recognition accuracy
of the emotional state of the generated content and the real
emotion to determine whether the system’s recognition of the
emotion in the sentence is consistent with the actual emotion.

Figure 6 shows the accuracy analysis of seven different
types of emotion recognition. The system has the highest
accuracy for the recognition of emotions such as sadness,
with a recognition accuracy of 93%. Next are the emotions of
happiness and anger, with recognition accuracies of 90% and
88%, respectively. Surprise and disgust emotions have recog-
nition accuracies of 86% and 85%, respectively. Finally, fear
and neutral emotions have recognition accuracies of 81% and
79%, respectively. Through numerical analysis, it was found
that the system’s recognition accuracy for most emotions is
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Figure 7 Comparison of robot scoring indicators.

over 85%, except for fear and neutral emotions. This may
be partly because fear and neutral emotions are not easy to
recognize, but it also shows that the system designed in this
study has certain differences in terms of recognizing different
emotions. Although the recognition is relatively accurate,
there is still room for improvement.

3.4 Robot Comparison

In order to further analyze the effect of the system designed
in this paper on robots, an experiment was conducted to score
the performance of robots equipped with the system proposed
in this paper (robots based on DL) and that of traditional
robots in the service industry. There are six scoring indi-
cators: customer reception, customer interaction, navigation
and positioning, task execution efficiency, flexibility, and
customer feedback.

Figure 7 shows a comparison of the six scoring indicators
of DL-based robots and traditional robots in the service
industry. The blue area is the score of the DL-based robots
proposed in this study, and the red area is the score of tradi-
tional robots. DL-based robots can provide customers with
a more human-like and natural interactive experience, while
maintaining high efficiency in a multi-tasking environment,
and responding to customers quickly. This shows that robots
based on DL have advantages over traditional robots and may
gradually replace traditional robots in the service industry in
the future.

4. CONCLUSIONS

This study examined and constructed a humanoid robot and
generative AI information system based on DL. On the
basis of multimodal data collection and fusion, the DQN
model and GPT model are introduced as the decision model
and generative interaction model of the system respectively.
The system achieves multimodal data collection and fusion,

and has good perception, decision-making and interactive
generation capabilities. Compared with traditional robots,
the system installed on the robot has obvious advantages.
This study has contributed to the integration of robots and
AI in the future, although it has several shortcomings. After
experimental analysis, the perception module designed in
this study is not ideal in terms of perceiving the actual
situation. There are perceptions with large errors, and the
recognition accuracy of some emotions in the generative
interaction module is low. Therefore, the aim of future
research is to further improve the perception module and the
generative interaction model, optimize the perception error
to the minimum, and ensure that the optimization effect is
balanced so that all emotions can be recognized accurately.
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