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ABSTRACT 
AI technology can accurately capture and feedback user emotions in digital media interaction to realize 
precise interaction. In this paper, we design an AI emotion interactivity enhancement model based on 
multimodal fusion, and apply the neural network model of Bi-GRU and dual attention mechanism to 
fuse the long and short-term emotion classification results of the tested samples at the decision level 
to obtain the final emotion classification results. Then the weight coefficient vector of each sentiment 
category is calculated based on the sentiment classification confusion matrix of the classifier, which is 
used as the a priori knowledge for multimodal sentiment analysis for decision fusion. The performance 
is examined on the MOSI dataset and the AI-based interaction design strategy in digital media is 
proposed. Analyzing the interaction design effect, the interaction design applying the model of this 
paper has better user experience sense, emotional arousal, pleasure level, and emotional feedback 
effect in subjectivity evaluation than the control group, and 75% of the experimental subjects think 
that the feedback-adjusted digital media has a better pleasure level. 

Keywords: digital media, interaction design, multimodal sentiment analysis, Bi-GRU, dual attention 
mechanism 
 

1. Introduction 

The current Internet and Artiϐicial Intelligence (AI) technology has also been developed signiϐicantly, 
which provides great convenience for human production and enhances the industrial value chain [1-
2]. With the continuous development of the Internet, digital media has entered into people's view. In 
the big data environment, production and work have also entered the digital operation stage. 
Enterprises using digital technology, can effectively enhance the efϐiciency of enterprise management 
of all kinds of information, the use of digital technology in personnel management, promoting the 
personnel management work to achieve new breakthroughs [3]. With the gradual integration of digital 
technology into the use of enterprises, some schools will also be introduced, through the application 
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of these new digital media technology, the school's teaching quality will be greatly improved, but also 
to enhance the students' ability to learn independently and learning enthusiasm [4-5]. 

Digital media is a combination of traditional media and information technology, which has brought 
about a profound revolution in communication media, information carriers, communication methods, 
audience participation and other aspects [6]. It not only expands the boundaries of traditional media, 
but also creates new communication methods and content forms. The most important feature of digital 
media is the efϐicient use of a large amount of digital data in the chaos of information, and these data 
are divided and digitized display, the realization of social and other forms of digitization, and can be 
achieved through the storage network to achieve the efϐicient popularization of these data, the 
encryption and storage of the network can also ensure the security of the information [7-8]. In addition, 
digital media are characterized by reproducibility and interactivity. Unlike traditional media, digital 
media information can be reproduced and transmitted through digital coding, and there is no loss of 
quality in the process of reproduction, which makes digital media information can be rapidly 
disseminated and diffused, greatly improving the efϐiciency and speed of information dissemination, 
and at the same time, it also brings about the problem of content piracy and copyright protection, and 
the digital media industry needs to set up an effective mechanism of copyright protection and revenue 
mode [9-10]. Traditional media is mainly one-way communication, while digital media realizes two-
way communication between users and media through the interaction of network and user interface. 
Users can participate in the creation and dissemination process of digital media through interactive 
ways, such as posting comments, sharing content, interactive display, etc., so as to personalize and 
customize and proliferate the media content [11-13]. Interactivity makes digital media no longer a 
passive tool for receiving information, but a diversiϐied all-round media platform. Due to the existence 
of interactivity, digital media can provide a richer experience than traditional media, and digital media 
has accelerated the development and become an important direction in the ϐields of culture, business, 
health care, and education [14-17]. 

This paper proposes an interactivity enhancement model for AI based on multimodal fusion. Firstly, 
a multimodal sentiment analysis method based on long and short-time features and decision-level 
fusion is proposed, and a neural network model based on Bi-GRU and dual attention mechanism is 
used to classify the measured multimodal information with short-time sentiment, then a neural 
network model with long-time features and LMF is used to classify the measured video with long-time 
sentiment, and ϐinally, the results of the long and short-time sentiment classiϐication are fused with 
decision-level fusion. Experiments are conducted on the dataset to verify the model classiϐication 
performance. The AI-based interaction design strategy in digital media is proposed, and the 
interaction design effect is analyzed in terms of subjectivity and objectivity. 

2. Interactivity enhancement model for AI based on multimodal fusion 

2.1. Application of Artificial Intelligence Technology to User Interaction and Experience 

2.1.1. The role and application of AI in user interaction. AI is one of the important applications of 
artiϐicial intelligence technology in user interaction and experience. They simulate human-to-human 
conversations and exchanges through technologies such as natural language processing and machine 
learning to provide users with intelligent questions and answers, advice and guidance [18]. 

A chatbot is a computer program that can interact verbally with the user. It can answer questions 
posed by the user, provide relevant information and advice, and mimic the way and style of human 
responses. Chatbots can be used in several ϐields, such as customer service, education, and healthcare, 
to provide users with 24-hour online Q&A services. 

Virtual assistant is a kind of chatbot with voice interaction function. It can have real-time dialog and 
interaction with users through voice input and speech synthesis technology. The virtual assistant can 
receive voice commands from users, answer questions, and provide services such as schedule 
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management and voice search. It can also connect with other smart devices to realize smart home 
control and personal assistant functions. 

2.1.2. Applications of AI in digital media. AI is one of the most important applications of artiϐicial 
intelligence in the ϐield of digital media. Intelligent speech recognition technology can convert human 
language into computer-recognizable text, while speech synthesis technology can convert text into 
human-understandable speech. Intelligent speech recognition technology uses sound signal 
processing and pattern recognition and other technical means to analyze and decode the input speech 
so as to convert it into text information. It can help users realize a more convenient and fast input 
method and improve the accessibility and user experience of digital media [19]. 

Speech synthesis technology, on the other hand, converts textual information into human-
understandable speech output. It uses algorithms and acoustic models of synthesized speech to 
process and synthesize the input text to produce human speech with natural ϐluency. 

2.1.3. The role of multimodal sentiment analysis in user experience. Multimodal sentiment analysis 
is one of the important applications of artiϐicial intelligence technology in user interaction and 
experience. It analyzes the user's language and behavior through techniques such as natural language 
processing and machine learning to understand their emotional state and mood changes [20]. 

Sentiment analysis recognizes and understands emotional information in text, speech and images. 
Combining emotional information with data about the user's behavior, feedback, and preferences 
allows for more personalized services and suggestions. Sentiment analysis, on the other hand, 
addresses the segmentation of emotions and can identify different emotional states of the user during 
the interaction. 

2.2. Multimodal data feature extraction 

2.2.1. Text Feature Extraction. Among the text sentiment feature extraction methods, the 
mainstream word vector models are Word2Vec, Glove, BERT and so on. Word2Vec model's mainly 
contain Skip-gram model and CBOW model. The main idea of CBOW model is to predict the target 
word based on the context word, while the main idea of Skip-gram model is that the model predicts 
the context of the target word based on the target word. However, Word2Vec model takes into account 
the local contextual information of the word, but ignores the global information between the word and 
the whole text. In order to solve the above problem, researchers proposed Glove model. The main idea 
of Glove model is the number of occurrences of each word in the corpus, constructing the word co-
occurrence matrix, and then optimizing the word vector representations by minimizing the loss 
function, so that the words with similar meanings are closer to each other in the vector space. 

However, the Glove model is still insufϐicient in semantic understanding and context modeling, for 
this reason, researchers proposed the BERT model, which is a deep bi-directional pre-trained language 
representation model based on the Transformer architecture. Unlike traditional unidirectional 
language models, BERT utilizes the encoder structure of Transformer, takes contextual information 
into account in the pre-training phase, and learns a rich feature representation through self-
supervised tasks such as masked language modeling (MLM) and next sentence prediction (NSP). 

2.2.2. Speech feature extraction. Speech, as the most widespread and natural way of communication 
in our real life, carries rich acoustic and semantic information. Acoustic information includes the 
frequency, intensity, and time-domain characteristics of the audio signal, while semantic information 
covers the content of speech and the meaning and emotion behind it. In order for computers to 
accurately understand and process speech information, speech features need to be extracted ϐirst, of 
which spectral features, tonal features and rhythmic features are closely related to emotions. 

Spectral features are a reϐlection of the correlation between changes in the shape of the vocal tract 



5930 G. ZOU 

 

and vocal motion, and MFCC features, as one of the spectral features, are widely used in speech 
recognition. Based on the research on the auditory properties of the human ear, in order to simulate 
the human ear's perception of the sound frequency, a logarithmic scale transformation is used for the 
part above 1khz and a linear scale transformation is used for the part below 1khz in the Mel ϐilter.The 
transformation between the Mel frequency and the Hz frequency can be shown in equation (1). 

    102595log 1 / 700Mel f f   (1) 

where f  is the frequency. 
The original speech signal is ϐirst pre-emphasized to highlight the characteristics of the high 

frequency part. Next, the pre-emphasized speech signal is segmented into short time windows, and 
then a Fourier transform is applied to each window to convert the signal to the frequency domain. 

Sound quality features are speciϐic attributes of a sound that are used to measure the clarity and 
quality of the sound. These features are usually extracted by analyzing the spectrum and waveform of 
the sound signal. 

Rhythmic features are the information contained in the speech signal related to speech rhythm, 
pitch and speech beat. The emotion recognition ability of rhythmic features has been widely 
recognized by researchers in the ϐield of speech emotion recognition. Commonly used rhythmic 
features are time duration, fundamental frequency, energy and so on. 

2.2.3. Image Feature Extraction. Image feature extraction is an important technique in the ϐield of 
computer vision, aiming to extract signiϐicantly representative and distinguishable features from 
image data to support subsequent image analysis tasks. The traditional methods for image feature 
extraction are scale invariant feature transform, accelerated robust features, and directional gradient 
histogram. With the development of deep neural networks, a series of neural network models are 
widely used in image feature extraction. Among them, convolutional neural network (CNN) is the most 
widely used class of neural network, which realizes the effective extraction and abstraction of image 
features through the combination of convolutional layer and pooling layer. 

ResNet introduces the concept of residual learning, which solves the problem of gradient vanishing 
or gradient explosion that occurs easily in deep neural networks by connecting across layers, and 
obtains a network structure that can be trained to greater depths.The Inception module, on the other 
hand, adopts multiple convolutional kernels of different sizes to work in parallel, which helps the 
network to learn the features of different scales at the same time, and improves the network's 
representation capability. 

2.3. Multimodal fusion methods 

Although many research results have been achieved in emotion recognition based on a single modality, 
emotion itself is a combination of features from many different modalities, and emotion recognition 
using only a single modality cannot fully capture the rich expression of emotion, so the development 
of multimodal fusion technology is crucial. The core of sentiment analysis utilizing multiple modalities 
lies in the fusion of different modalities. Multimodal fusion refers to ϐiltering and extracting the desired 
features from data received from multiple sources and fusing them using different fusion strategies. 

2.3.1. Model-independent fusion methods. Early fusion, also known as feature fusion combines all 
the features of each modality into a single feature vector, which is then fed into the classiϐication 
algorithm. 

In late fusion, the features of each modality are ϐirst processed and classiϐied independently. The 
classiϐication results are then fused to form a ϐinal decision vector, which subsequently produces a 
sentiment prediction. 

Hybrid fusion refers to an approach that uses a combination of different fusion strategies to better 
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integrate multimodal data and improve system performance. The advantage of hybrid fusion is that it 
can synthesize the strengths of multiple fusion methods and compensate for the shortcomings of their 
respective single methods, but due to the combination of multiple different fusion strategies, the 
structure of the model may become more complex, resulting in a more difϐicult training process. 

2.3.2. Model-based fusion methods. Multi-Kernel Learning (MKL) methods, as an extension of 
Kernel Support Vector Machines (SVMs), allow different data modalities to use different kernel 
functions for better fusion of heterogeneous data. Each modality enhances data fusion by selecting a 
speciϐic kernel function to improve model performance.MKL has the advantage of a convex loss 
function, which can be used to train the model using standard optimization packages and obtain a 
globally optimal solution. 

Deep neural networks have been widely used for multimodal fusion tasks. Neural network models 
such as recurrent neural networks and Transformer are widely used in multimodal fusion tasks.RNNs 
excel in processing time series data or data with temporal nature through their ability to model 
sequences. Compared to the RNN model, Transformer is able to efϐiciently capture dependencies over 
longer distances using a self-attentive mechanism. The combination of these neural network models 
makes the fusion of multimodal data more efϐicient and accurate. One of the important advantages of 
deep neural network methods in data fusion is their ability to learn from large-scale data. 

2.4. Multimodal Sentiment Analysis Method Based on Long and Short-Term Features 

In this paper, the long and short-time sentiment features extracted from the long and short-time 
sequences as a starting point that is, there are complementarities and differences, so how to effectively 
utilize the complementarities and differences between them becomes a problem that has to be thought 
about. Decision-level fusion can take the emotion classiϐication results from different classiϐiers as a 
priori knowledge and effectively improve the accuracy of emotion classiϐication of the tested video. 

In this paper, a multimodal sentiment analysis method based on long and short-time features and 
decision-level fusion is proposed. The short-time sentiment features and long-time sentiment features 
of text, expression and speech are extracted from short-time and long-time sequences, respectively, 
and the tri-modal feature fusion is performed to obtain the short-time fusion features and the long-
time fusion features, and then the classiϐication confusion matrices corresponding to the short-time 
sentiment classiϐication results and the long-time sentiment classiϐication results are obtained. 

The method proposed in this chapter uses a neural network model based on Bi-GRU and dual-
attention mechanism with a neural network model based on long-time features and LMF to classify 
the short-time and long-time sentiment of the video under test, respectively, and performs a decision-
level fusion of the classiϐication results using the corresponding classiϐication confusion matrices to 
obtain the ϐinal sentiment category of the video under test. 

The following section describes the decision-making strategy proposed in this paper, which is 
applied to the multimodal sentiment analysis method based on short- and long-time features and 
decision-level fusion. Five trained neural network models based on Bi-GRU and dual-attention 
mechanism are used to classify the test set samples with short-time sentiment respectively, and the 
results of the ϐive classiϐications are counted [21]. The short-term sentiment classiϐication confusion 
matrix S  is obtained. 
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where element ,i js  in S  represents the probability that a sample of category i  affective category 
is predicted to be category j  affective category by the neural network model based on Bi-GRU and 
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dual-attention mechanism, 1, 2, ,i C  , 1, 2, ,j C  , and C  denote the total number of affective 
categories, and in this paper, C  takes the value of 7, category 1 affective category is very negative, 
category 2 affective category is relatively negative, category 3 affective category is negative, category 
4 affective category is neutral, category 5 affective category is positive, category 6 affective category is 
more positive, and category 7 affective category is very positive. Then the elements on the main 
diagonal of matrix S   are normalized to obtain the weight coefϐicients ,

s
i i   of the short-time 

emotional features of the tested video that are judged as the i th emotional category. 
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According to Eq. (3), 1,1
s , 2,2

s , 3,3
s , 4,4

s , 5,5
s , 6,6

s  and 1,7
s  are calculated respectively. 

Similarly, ϐive trained neural network models based on long-time features and LMF are used to 
classify the test set samples with long-time sentiment respectively, and the ϐive classiϐication results 
are counted to obtain the long-time sentiment classiϐication confusion matrix L . 
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where element ,i jl  in L  represents the probability that a sample of category i  sentiment category 
is predicted as category j   sentiment category by the neural network model based on long-time 
features and LMF, and 1, 2, ,i C   , 1, 2, ,j C   , and C   denote the total number of sentiment 
categories. The elements on the main diagonal of matrix L   are normalized to obtain the weight 
coefϐicients ,

L
i i  for the long-time emotional features of the tested video to be adjudicated as the i

th emotion category. 
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According to equation (5), 1,1
L , 2,2

L , 3,3
L , 4,4

L , 5,5
L , 6,6

L  and 7,7
L  are calculated respectively. 

Using the neural network model based on Bi-GRU and dual-attention mechanism to categorize the 
N   discourse units of the tested video with short-time emotions respectively, the predicted 
probability vector of short-time emotion categories for N   discourse units is obtained 
 ,1 ,2 ,, , ,short short short Np p p , which is averaged to obtain the predicted probability vector of short-time 
emotion categories for the tested video ,1 ,2 ,3 ,4 ,5 ,6 ,7

T

S S S S S S S Sp p p p p p p p    , where ,S ip  
denotes the probability that the tested video is predicted to be in the i  th category of emotions, 
subscript S  denotes the short-time sentiment category, and superscript T  denotes the transpose. 

Using the neural network model based on long-time features and LMF to categorize the long-time 
sentiment of N  discourse unit of the tested video respectively, we obtain the long-time sentiment 
category prediction probability vector of N  discourse units  ,1 ,2 ,, , ,long long long Np p p , and average it 
to obtain the long-time sentiment category prediction probability vector of the tested video 

,1 ,2 ,3 ,4 ,5 ,6 ,7

T

L L L L L L L Lp p p p p p p p    , where .L ip  denotes the probability that the tested 
video is predicted to be in the i th category of sentiment, the subscript L  denotes the long-time 
sentiment category, and the superscript T  denotes the transpose of the vector [22]. 

The long-time and short-time emotion category prediction probability vectors ( Lp  and Sp ) of the 
tested video are weighted and fused to obtain the emotion category prediction probability vector p  
of the tested video. 
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where ip   is the probability that the video under test is predicted to be of type i   sentiment 
category. 

3. Experimental results and comparative analysis 

3.1. Experimental data set 

The experiments in this chapter use the MOSI dataset, which is one of the current mainstream datasets 
for multimodal sentiment analysis tasks, advancing the ϐield of multimodal sentiment analysis. It 
contains 96 Youtube movie review videos from 92 speakers; these 92 individuals contain 44 males and 
48 females, aged between 20 and 30 years old. The dataset segments the movie review videos in one 
sentence and takes the segmented short videos as the raw data, then processes the short videos using 
speech, text image and other related feature extraction tools to obtain text, speech and image data 
samples with a sample capacity of 2205 for all the three modalities.The MOSI dataset utilizes manual 
annotation to score the sentiment of each piece of data, with a score of -3 to a decimal between 3, 
where a lower score indicates a more negative emotion, a higher score indicates a more positive 
emotion, and 0 indicates neutrality, and the distribution of data in different categories in the MOSI 
dataset is shown in Figure 1. 

It can be seen that the number of Very positive and Very negative distributions are in the ϐirst and 
second places, which are 483 and 442, respectively. 

In this experiment, for the two-categorization task, we labeled the samples with labels between 0 
and 3 (including 0) as positive categories, and between -3 and 0 as positive categories. For the seven-
classiϐication task, the original dataset labels were used directly for training. 

 

Fig. 1. Sample distribution of MOSI data set 

3.2. Experimental setup 

The experiments in this chapter are based on Facebook's open-source Pytorch deep learning platform, 
the CPU is Intel(R) Xeon(R) Silver 4214, and a single RTX2080Ti GPU is used for training.The 
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experiments are conducted using 64-bit Ubuntu version 20.04.3 operating system, CUDA version 10.1, 
cudnn version v7.6.5, and Pytorch version 1.7. During the training process, we use the Adam optimizer 
to optimize the model parameters with a learning rate of 1e-4, a training period of 100 cycles, and a 
batch size set to 64. 

The experiments in this chapter mainly use the MOSI dataset, we ϐirst divide the MOSI dataset into 
training samples, validation samples and test samples, of which 1,355 training samples are used for 
model training, 309 validation samples are used to monitor the training process of the model and 
adjust the relevant parameters, and 724 test samples are used to test the effect of the trained model. 
The purpose of the experiments in this chapter is to validate the effectiveness of the multimodal 
sentiment analysis method based on uncertainty estimation, therefore, in order to validate the 
unimodal sentiment analysis part of the model, we carry out experimental validation of the text, 
speech, and image modalities, respectively; in addition, in order to validate the multimodal fusion part 
of the model, we carry out experimental validation of the combination of multiple bimodal modalities 
as well as multimodal modalities, respectively. Table 1 shows the comparison results of the accuracy 
rate of the seven-classiϐication task, as well as the comparison results of the accuracy rate of the two-
classiϐication task and the F1 value under different modalities. 

As shown in Table 1, T denotes the sentiment analysis of text modality, A denotes the sentiment 
analysis of speech modality, V denotes the sentiment analysis of image modality, T+A denotes the 
bimodal sentiment analysis of text and speech, T+V denotes the bimodal sentiment analysis of text and 
image, A+V denotes the bimodal sentiment analysis of speech and image, and T+A+V denotes the 
multimodal sentiment analysis, and all of the above experiments were conducted using the uncertainty 
estimation of the sentiment analysis model. 

From the data shown in Table 1, it can be seen that for the experiments using uncertainty 
estimation-based sentiment analysis for unimodal sentiment analysis, the recognition accuracy rate of 
text modality is the highest, with its seven-classiϐication accuracy rate of 35.44%, its two-classiϐication 
accuracy rate of 79.69%, and the F1 value of 0.8052, while the speech modality has the lowest effect 
on sentiment analysis. In the bimodal sentiment analysis experiments where uncertainty estimation 
was used, text and image based bimodal sentiment recognition was the most effective, with a seven 
classiϐication accuracy rate of 39.3%, a binary classiϐication accuracy rate of 83.84%, and an F1 value 
of 0.8391, while speech and image based bimodal sentiment recognition was less effective. It can be 
seen that among text, speech and image modalities, text modality is more important for sentiment 
recognition, and introducing information from other modalities on the basis of unimodal sentiment 
analysis can help to improve the effect of sentiment recognition. In addition, our multimodal sentiment 
analysis for text, speech, and image achieves 40.57% and 84.58% for the seven-classiϐication and two-
classiϐication accuracies, respectively, and the F1 value reaches 0.8414, which further improves the 
recognition effect relative to the bimodal sentiment analysis. Based on the experimental results, we 
verify the effectiveness and feasibility of the unimodal sentiment recognition method based on 
Dirichlet distribution and subjective logic theory and the multimodal fusion method proposed in this 
chapter. 

Table 1. Mosi data set of modal experimental results 

Model Acc-7(%)  Acc-2(%) F1 

T 35.44 79.69 80.52 

A 30.04 67.63 65.79 

V 32.52 73.98 73.88 

T+A 37.01 81.59 81.32 

T+V 39.3 83.84 83.91 

A+V 32.32 77.36 75.97 

T+A+V 40.57 84.58 84.14 
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In order to further verify the recognition effect of the multimodal sentiment analysis model based 
on uncertainty estimation proposed in this chapter, this paper compares several more classical 
multimodal sentiment analysis methods in recent years. The experimental results are shown in Table 
2. 

From the data in Table 2, it can be seen that the ICCN model and the MISA model outperform the 
other models both in the seven-classiϐication task and the two-classiϐication task, thanks to the fact 
that both have the ability to take into account the intra- and inter-modal feature representations. In 
contrast, the model in this paper introduces uncertainty estimation to evaluate and participate in the 
fusion of the prediction results of different modalities, and achieves the best results in the accuracy 
index in both the seven-classiϐication and the two-classiϐication tasks, in which the seven-classiϐication 
accuracy rate reaches 40.75%, and the two-classiϐication accuracy rate reaches 83.37%, which 
demonstrates that the multimodal sentiment analysis model based on uncertainty estimation 
proposed in this chapter is able to ensure the classiϐication performance in the and also outputs 
uncertainty estimation of the prediction results. 
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Table 2. Mosi data set compared with experimental results 

Model Acc-7(%) Acc-2(%) F1 

TFN 34.92 80.85 80.74 

MFN 34.18 77.41 77.35 

MFM 35.45 81.78 81.66 

ICCN 39.07 83.09 83.28 

MISA 37.59 82.16 82.04 

This model 40.75 83.37 83.14 

3.3. Sample analysis 

The multimodal sentiment analysis model based on uncertainty estimation proposed in this chapter 
has the advantage of being able to output the uncertainty estimation of the prediction results while 
ensuring the recognition accuracy. Therefore, to further validate the reliability and accuracy of the 
model's estimation of uncertainty, we selected three test samples from the MOSI dataset, and their 
outputs are shown in Table 3. 

In Table 3, the prediction results of the model and the uncertainty estimates for unimodal and 
multimodal are demonstrated. Where ut, uv, and ua denote the uncertainty of text, image, and speech 
modal sentiment analysis results, respectively, and u denotes the uncertainty of multimodal sentiment 
analysis results. Uncertainty estimation can be used to assess the reliability of the prediction results. 
In Sample 1, the text, image and speech modalities express different degrees of positive emotions, so 
the uncertainty of the prediction results is low in both unimodal and multimodal modalities. In Sample 
2, only the text modality has obvious negative emotions, and there is enough evidence to support the 
prediction results, so the text modality has low uncertainty while the speech and image modalities 
have high uncertainty, and due to the existence of modalities with low uncertainty, the ϐinal prediction 
results will not have high uncertainty according to Dempster's fusion rule. In Sample 3, when faced 
with words with ambiguity, the textual modality has higher uncertainty, when the speech and image 
modalities do not have strong enough emotional tendencies, and although the ambiguity of the text 
leads to a wrong prediction result, the ϐinal uncertainty estimation suggests that the credibility of this 
prediction result is low. 

Table 3. Test the output of the sample 

N Text Image Speech ut/uv/ua u 
Foreca

st 
Tags 

1 It looks really good. Smile 
Rising tone, normal 

volume 

0.06/0.08

/0.11 

0.

02 

Positiv

e 

Positiv

e 

2 I thought that film was awful Blink 
The tone is flat, the 

narrative tone 

0.08/0.36

/0.43 

0.

08 

Negati

vity 

Negati

vity 

3 
It not bad in the way I was 

expecting it to be bad 

Bow 

down 

Flat tone, normal 

volume 

0.48/0.22

/0.45 

0.

47 

Negati

vity 

Negati

vity 

4. AI-based interaction design strategies in digital media 

4.1. Basic Principles of Interaction Design for Digital Media 

4.1.1. Principle of consistency between design elements and emotional memory. Consistency in 
interaction design can make the interface more predictable, can reduce the user's learning cost, etc. It 
is one of the most common principles in design. However, the consistency in this paper is the 
consistency between design elements and emotional memory, which wants to keep the main features 
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of objects or things or feelings in design elements and emotional memory consistent. The consistency 
of design elements and emotional memory requires that human emotional memory be followed in the 
interaction logic, interface language or organization level, so as to better help people form and evoke 
emotional memory. 

4.1.2. Design principles for target user differentiation . Interaction design is human-centered, 
focusing on users' behavior and psychological needs. Different people have different needs, and people 
with different needs also have different experiences and emotional memories, so interaction design 
needs to clarify the target users. Taking the application as an example, before carrying out the 
interaction design, the designer needs to analyze the functional requirements of the target users, and 
determine the target user's preferred mode of operation and the expected effect. The principle of 
target user differentiation, which takes into account gender differences, special age groups, and 
cultural differences, can help designers better provide users with convenient and effective interaction 
design. 

4.1.3. Principle of technical assistance. Interactive products through the integration of digital media 
technology and Internet technology for people to build interactive bridges, so that the user in the 
process of using the product through the action and feedback formed by the exchange of information. 
At present, many digital media technologies have been developed and matured, we can use these 
technical means to better assist us to improve the interaction design experience, promote human 
emotional communication, which is also the advantage of the application of digital media technology 
in interaction design. 

In addition, digital media technology helps to guide users to form intuitive interactive operation 
behavior, so that users can better use and experience the product. Since user needs are clear, easy-to-
use, and in line with the operating habits of the interaction, directly interacting with virtual objects is 
the most intuitive and effective way shown in the gesture study, avoiding the need for users to try and 
fail many times before they can ϐind the way of interaction operation hidden under the layers of menus 
and tutorials. Virtual reality interaction technology allows us to operate products in three dimensions 
using keyboards, mice, joysticks and touch screens. 

4.2. Interaction design methods for different target users 

Looking for a breakthrough point from the perspective of differentiation of target users in 
interaction design, gender, age and culture, as the three basic differences of users, are the factors that 
we need to differentiate and consider when carrying out interaction design. Based on the previous 
research on the source and difference of emotional memory content, the author will propose the 
design principles of emotional memory applied to digital media interaction design from three different 
perspectives: gender difference, age difference and cultural difference. 

4.2.1. Gender-speciϐic interaction design: 
1) Interaction Design for Women. Survey research shows that women are good at image thinking, 
which makes them seem more careful than men and have a strong sixth sense (also known as intuition), 
so they pay more attention to details and are good at discovering subtle changes, and they prefer to 
analyze and deal with relatively stable work. When designing for female users in interaction design, 
the following design methods should be paid attention to: 

Utilize delicate and rich images to assist visual interaction. In the previous study, it was said that 
women react more strongly to emotional stimuli and their emotional memories are more durable and 
easier to be evoked, so it is necessary to make full use of visual stimulation to enhance the pleasure of 
emotional experience in the interaction process of women. Therefore, it is necessary to make full use 
of visual stimulation to enhance the pleasure of the emotional experience during female interaction. It 
is necessary to consider the shape, color, and style of the design elements, etc. Most women like more 
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bright and warm color combinations, and soft and sensual graphic images. Take the female favorite 
“Mushroom Street” as an example, it is a Taobao shopping and communication platform for young 
women in their 20s. 
2) Interaction Design for Men. Research shows that men are good at logical thinking, which makes 
them naturally like to challenge things with high difϐiculty coefϐicients, but they are also often not good 
at expressing their emotions and feelings. When designing for male users in interaction design, you 
should pay attention to the following design methods: 

Utilize hard and textured images to aid visual interaction. Men prefer black, gray and then white 
because these colors are more stable and low-proϐile, followed by cooler blue. In addition, thick lines, 
textured materials and angular shapes are masculine design elements that are more appealing to men. 

4.2.2. Interaction design for different ages: 
1) Interaction design for children. The development of science and technology not only affects adults, 
but also the inϐluence of digital products on children's growth and learning is gradually deepening, 
especially some educational software or educational digital media has been generally accepted by 
parents. Based on the above research, the author believes that the interaction design of digital media 
for children should utilize children's emotional memory characteristics, and pay attention to the 
following methods in the design: 

Use simple graphics, bright colors, friendly images and character settings. Children pay more 
attention to simple graphics and high purity and high brightness colors, and their living environment 
is also very simple and they have less contact with people, and most of the people they can remember 
tend to give them a warm and intimate feeling of character images. Therefore, simple and clear 
graphics and colors, cute and affectionate images or characters can bring them emotional memory 
reproduction. As shown in the following ϐigure, the cartoon image of the friendly mother chick uses a 
simple round shape, and the color is orange-red with high brightness and purity. 
2) Interaction design for the elderly. Based on the current development of the aging society in China, 
the demand for digital media interaction products for the elderly is also greatly increasing. Through 
the analysis of the emotional memory of the elderly above, the author believes that the digital media 
interaction design for the elderly should take advantage of the characteristics of the emotional 
memory of the elderly, and pay attention to the following methods in the design: 

Use precise context for expression. Because the era in which the elderly live causes the vocabulary 
and language they are familiar with to be very different from the popular language of modern society, 
so they can't understand the modern popular language well, so in the design, pay attention to the use 
of words that are easy to understand by the elderly, which will help them to understand and operate 
better when they are learning and using the electronic devices in connection with their past experience. 

5. Interaction design effectiveness and user evaluation 

Validation of the program proposed in this study. After completing the deployment of the digital media 
environment, experimental subjects were recruited to experience the digital media design example in 
two ways. The ϐirst one: experiencing digital media with feedback regulation collecting data as an 
experimental group. The second, experience only traditional digital media and collect data as a control 
group. At the end of the experience, complete the digital media feedback experience questionnaire 
registration. Twenty subjects were recruited, with a male to female ratio of 1:1, aged 23-27 years old, 
of whom ϐive had already experienced digital media. 

5.1. Subjective evaluation 

There are four main aspects of subjective evaluation: user experience, emotional arousal effect, 
pleasure level, and emotional feedback effect. Among them, UX is a comprehensive assessment, 
including immersion, presence, interactivity, and imagination. Figure 2 shows the visualization of UX 
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assessment. 

 

Fig. 2. The visualization of user experience 

In the evaluation of the degree of emotional arousal, for the three target emotions of Happiness, 
Disgust and Surprise, the degree of emotional arousal can be enhanced by changing the brightness and 
the volume of background music in the digital media environment. The main reason for this is that the 
subjects' sense of immersion and presence in the digital media environment with emotional feedback 
is enhanced, which makes it easier to awaken emotions. For the natural state (Neutral), the digital 
media with emotional feedback makes users deliberately focus on their own body state, which creates 
a kind of psychological expression of emotion, and thus is lower than the control group data. The 
visualization of the degree of emotional arousal is shown in Figure 3. 

 

Fig. 3. Emotional arousal 

Of the two different digital media experiences, 75% of the subjects perceived the feedback-
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moderated digital media as having a better level of enjoyment, which was 25% higher compared to the 
digital media experience with a lack of feedback mode. In addition, the ratings of “very good” (9-10) 
were 15% to 20% higher than those of the control group, which can reϐlect that emotional feedback 
can increase the enjoyment of digital media. In the experimental group, only 4% to 6% of the subjects 
thought that there were problems during the experience and that emotional feedback could not 
increase the fun of digital media. Upon analysis, it was found that the experimental subjects, including 
those who thought the same in the control group, experienced digital media frequently. There is a 
strong adaptation to the sense of presence in the digital media environment. Compared to the 
experimental subjects who did not experience or infrequently experience digital media, emotional 
arousal requires a higher potency. The experience pleasantness scores are shown in Figure 4. 

 

Fig. 4. Experience pleasure 

For the analysis of the feedback regulation effect of the target emotion, the subjects all thought that 
the three emotional states of Happiness, Surprise and Neutral could achieve a good feedback effect. In 
the low arousal and low valence emotion Disgust does not achieve the expected feedback regulation 
effect, the main reasons include two aspects: (1) the user state, through the emotional feedback 
regulation, the experimental subjects to enhance the sense of presence in the virtual space, for the 
arousal of this kind of emotion caused by a certain degree of difϐiculty, so the arousal needs to be more 
valence of the emotional material. (2) In terms of hardware, the feedback regulation can reduce the 
effect of dazzle, resulting in less likely to produce Disgust emotion due to hardware. Speciϐic data are 
shown in Fig. 5 Emotional feedback effect. 
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Fig. 5. Emotional feedback effect 

5.2. Objectivity analysis 

In order to further investigate whether the effect of feedback regulation is achieved. The user's 
emotional state during the digital media was recorded, and the time step was set to 1 minute, i.e., the 
emotional changes of all subjects were recorded within 1 minute. In the design of digital media task 
duration, it was not realized as expected plan, mainly because the experimental subjects needed time 
to adapt to the environmental changes in the VR digital media, even though the familiarization of the 
digital media environment had been carried out for the subjects who had no or infrequent experience. 
As a result, 5 minutes more time than pre-planned was spent on digital media elapsed. Data were 
collected for each emotional state of the 20 experimental subjects during the digital media time, and 
after calculating the mean values, they were visualized and expressed. Figure 6 shows the emotional 
changes of the subjects. 

In summary, it can be said that this paper basically realizes the digital media interaction 
enhancement function by recognizing the user's emotional state. 

 

Fig. 6. The emotional changes of subjects during the feedback games 
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6. Conclusion 

In this paper, we design an interactivity enhancement model based on multimodal fusion of AI, and 
utilize the multimodal fusion sentiment analysis algorithm to realize emotional interaction in digital 
media. The performance of the algorithm is veriϐied on the dataset, and the interaction design strategy 
in digital media is proposed to analyze the interaction design effect. Uncertainty estimation is 
introduced into the model in this paper to evaluate the prediction results of different modalities and 
participate in the fusion, and the best results are achieved in the accuracy index in both the seven-
classiϐication and two-classiϐication tasks, in which the seven-classiϐication accuracy rate reaches 
40.75%, and the two-classiϐication accuracy rate reaches 83.37%, which demonstrates that the 
multimodal sentiment analysis model based on uncertainty estimation proposed in this chapter is 
capable of ensuring the classiϐication performance while This shows that the multimodal sentiment 
analysis model proposed in this chapter is able to ensure the classiϐication performance while also 
outputting the uncertainty estimation of the prediction results. Subjective evaluation of the interaction 
effects of digital media designed based on the strategy of this paper shows that the user experience, 
emotional arousal, pleasure level, and emotional feedback are all higher than those of the control 
group. It is able to perform digital media interaction enhancement functions by recognizing the 
emotional state of the user. 
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