
Research Article

Danhua Huang* and Shuaiqiu Xiang

Speech recognition and intelligent
translation under multimodal
human–computer interaction system

https://doi.org/10.1515/jisys-2023-0192
received October 11, 2023; accepted April 15, 2024

Abstract: The traditional translation robot is limited to the translation of single-mode text images and text
videos, which has the problem of low translation accuracy. Therefore, speech recognition and intelligent
translation in multimodal human–computer interaction (HCI) system are proposed. First, the network struc-
ture of speech recognition model in multi-channel HCI system is established, and the multi-head self-attention
mechanism is constructed. Then, the artificial intelligence voice wake-up function is designed, and a multi-
modal machine translation model is constructed. On this basis, selective attention is added to obtain visual
recognition of perceived text, and the decoder is used for multimodal gating fusion to realize the output of
encoder translation results. Experimental results show that this method has high BLUE value and high
translation accuracy.

Keywords: multimodal human–computer interaction, speech recognition, intelligent translation, attention
mechanism

1 Introduction

Multimodal human–computer interaction (HCI) technology from the character stage, graphical interface stage
to the touch screen stage, the touch screen brings convenience while there are also many inconveniences. With
the normalization of the Internet and the maturity of artificial intelligence (AI) technology, people’s needs are
changing, and they start to explore an interaction mode that can free their hands while also having a more
realistic interaction experience [1]. Multimodal HCI is the development trend of natural HCI, and multimodal
information interaction is used as input and output to make full use of the characteristics of various modalities
and improve the efficiency and realism of HCI. In recent years, the rapid development of machine learning has
prompted more and more researchers to consider how to use the increasingly mature computer vision, speech
recognition, speech synthesis, and other technologies in the field of natural language processing to realize the
application of multimodal HCI [2]. The current continuous improvement in machine learning methods and
information processing techniques, and the accompanying increase in computer computing power, has pro-
duced many mature algorithmic models in the field of deep learning, such as speech recognition, speech
synthesis, computer graphics, and natural language processing. How to use these mature AI technologies to
realize large-scale applications has gradually become a problem for researchers in these fields to explore and
think about; based on this, “multimodality” is also increasingly talked about by researchers, and multimodal
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HCI mode will be a very important research direction in the field of AI in the future. The multimodal HCI
model will be a very important research direction in the future AI field. Early speech recognition methods
were simple template-matching methods, and the research direction was mainly for the recognition of isolated
words and small vocabularies. After the 1980s, the research object of speech recognition shifted from isolated
words to continuous words, and the research method gradually shifted to statistical template methods
[3]. There were two very important modeling approaches at that time: acoustic models modeled using Gaus-
sian mixture distribution–hidden Markov models (GMM–HMM) and language models based on N-element
grammar modeling, and they dominated speech recognition for a long time. Although deep neural networks
(DNN)–HMM-based speech recognition systems had achieved good recognition rates at that time, since neural
networks actually work only on phoneme recognition, separate training is required for acoustic models,
language models, and pronunciation models, and the aforementioned models have to be doubled if discrimi-
native training is used, in addition to the fact that expertise is required to define pronunciation dictionaries
and phoneme sets for specific languages, DNN The network structure and training process of traditional HMM-
based speech recognition systems are very cumbersome [4]. Therefore, end-to-end structure-based modeling
algorithms are a hot research topic for speech recognition tasks in recent years. The end-to-end structure-
based speech recognition algorithm essentially solves the sequence-to-sequence mapping problem by mapping
acoustic feature sequences to text sequences through a neural network structure, which does not require
additional separate modeling of language models and pronunciation models and is much easier to train than
traditional recognition frameworks. In this regard, this article proposes a speech recognition and intelligent
translation method based on multimodal HCI system, aiming to improve the speech recognition effect and
provide reliable reference for machine translation [5]. Speech recognition technology is an important means of
achieving HCI. By converting speech signals into understandable text or commands, users can more conve-
niently interact with computers, and it can be applied in various fields. The research and development of
speech recognition technology can improve the efficiency and comfort of people using computers and other
intelligent devices. Intelligent translation refers to the process of using computer technology to convert text or
spoken language from one language into another. The development of intelligent translation technology can
effectively reduce communication barriers between different languages and promote cooperation and com-
munication among humans in various fields such as economy, technology, and culture. A comparison between
the proposed work and recent work on the subject of investigation is shown in Table 1.

2 Speech recognition technology under multimodal HCI system

2.1 Speech recognition network structure construction

The multimodal HCI system consists of three parts: input audio, intermediate link for cognitive and decision
control, output audio and video, where the intermediate link for cognitive and decision control is the core
algorithm part of the system, which combines technologies such as speech recognition, text dialogue, speech
synthesis, and generating face expressions, and contains multimodal information such as speech, text, expres-
sions, and faces. The input of the system is audio, and the output is video and audio, for which the speech
recognition technology needs to be designed, and the specific implementation process is as follows [6].

The task of speech recognition converts the input audio into the corresponding text, which is the first link
of the multimodal HCI system. In the task of speech recognition, a variety of speech data are usually used to
evaluate the performance of the system. The number of voices used depends on the size of the data set.
Generally speaking, in order to obtain reliable evaluation results, a certain amount of voice data is needed to
test the system. Hundreds or thousands of speech samples can be used for testing to evaluate the accuracy of
speech recognition and other indicators. Therefore, the accuracy of the model recognition will directly deter-
mine whether the output audio of the multimodal HCI system designed in this article can reasonably answer
the input audio, which is an important key factor affecting the system performance [7]. The network structure
of the model will be described below.

2  Danhua Huang and Shuaiqiu Xiang



The network structure of the speech recognition model in this article is borrowed from the transformer
model, which has superior performance in processing sequential data, and several modifications are made on
this basis: first, the frame rate is reduced and the sequence length of acoustic features is reduced to improve
the computational efficiency; second, the decoder does not completely use the teacher forcing technique
during training, but sets a threshold between the predicted characters and the real characters, which deter-
mines whether the decoder uses predicted characters or real characters for the next moment of input; third,
the minimum granularity of the units modeling the text in the decoder is subwords, and the network structure
of speech recognition in this article is shown in Figure 1 [8].

The model structure is a typical encoder-a-decoder-based network structure. In the multi-channel HCI
system, the network structure of speech recognition model plays a vital role. This network structure needs
strong feature extraction ability to effectively capture important information in speech signals; at the same
time, it also needs to have the ability of context modeling to consider the influence of context information in
speech signals on recognition results; in addition, the ability of multi-channel fusion is also important, so that
the speech features from different channels can be integrated to improve the overall recognition performance
and robustness; finally, in order to meet the requirements of real time, the network structure should have a

Table 1: Comparison between proposed work and recent work on the subject of investigation

Contrast
index

Proposed work HMM Language model based on n-gram
grammar modeling

Solve
problems

Solve the problem that only single-
mode text images and text videos
can be translated, and the
translation accuracy is not high.

Because neural network only works
in phoneme recognition, it is
necessary to train acoustic model,
language model, and pronunciation
model separately.

Solve the problem of using
specialized knowledge to determine
the pronunciation dictionary and
phoneme combination of a specific
language.

Methods First, the network structure of
speech recognition model in multi-
channel HCI system is established,
and the multi-head self-attention
mechanism is constructed. Then, the
voice wake-up function of AI is
designed, and a multimodal
machine translation model is
established. Selective attention is
added to obtain visual recognition of
perceived text, and multi-modal
gating fusion is carried out by
decoder to realize the output of
encoder translation results.

Acoustic model based on Gaussian
mixture distribution modeling

Acoustic model based on Gaussian
mixture distribution modeling

Innovation/
Deficiency

Modeling algorithm based on the
end-to-end structure is a research
hotspot in the field of speech
recognition in recent years. The
speech recognition algorithm based
on the end-to-end structure maps
the acoustic feature sequence to the
text sequence through the neural
network structure, which essentially
solves the mapping problem from
sequence to sequence, and it is
easier to train than the traditional
recognition framework without
additional language model and
pronunciation model.

Translation robots can only translate
single-mode text images and text
videos.

There is a problem of low translation
accuracy.
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low inference delay and can quickly process and recognize the input speech signal. By optimizing and
improving the network structure, the accuracy and robustness of speech recognition can be improved to
meet the needs of multi-channel HCI system. The encoder structure is a stack of N encoder layers; each layer
contains two sub-layers: a multi-headed self-attentive mechanism and a simple fully connected feedforward
network; the two sub-layers are connected by a residual network and then normalized by a layer [9]. The
decoder structure is a stack of M decoder layers; each layer contains three sub-layers: a multi-headed
self-attentive mechanism, an encoder–decoder multi-headed self-attentive mechanism, and a simple fully
connected feedforward network; and each sub-layer is also connected using residuals and then layer normal-
ization operations, and several important modules of the network structure are described below [10].
(1) Location code

There is no convolution and loop operation in the network structure used in this article, and it
is necessary to add some tagged position information to the input sequence, which can be the absolute

Softmax

Layer normalization

Feedforward networks

Layer normalization

Attention layer

Layer normalization

Multi-headed Self-Attention

Layer normalization

Embedding

Softmax

Feedforward networks

Layer normalization

Multi-headed Self-Attention

Layer normalization

Embedding

Figure 1: Network structure of speech recognition model under multimodal HCI system.
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or relative position information of the sequence. Therefore, the position encoding is added to the lower-
most embedding layer of the codec structure, which has the same dimension as the input embedding
dmodel, and the two can be added together [11]. The position encoding can be obtained by learning or
calculated by a fixed calculation using sine and cosine functions with different frequencies, as shown
below:
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where p
os
denotes the position in the sequence, PE denotes the vector corresponding to the position p

os
, and

dmodel denotes the dimension of the vector. The trigonometric function calculates the position encoding
with a generative law that can be expected to have some extrapolation, and according to the trigonometric
principle, the elements in ( )+P p nE os

can be represented by the elements in ( )P pE os
, so that the position

encoding of each input feature is associated with [12].
(2) Layer normalization

Layer normalization is to normalize the output of the activation function to accelerate the convergence of
the model so that all hidden units in the same layer of the network share the mean and variance, independent
of the batch size.

2.2 Multi-headed self-attentive mechanism construction

Attention mechanism is a kind of data processing, and some scholars have previously achieved better results
by applying attention mechanism to image classification tasks, and then, attention mechanism has gained wide
attention in the field of deep learning [13,14]. Suppose that the attention mechanism is used to learn the context
vector for an input sequence X (sequence length L and dimension d), a query vector Q is needed (the genera-
tion of this vector is determined by the specific task), and the attention score is obtained by calculating the
correlation between the query vector and each input in the input sequence X through the scoring function (in
this article, the attention score is calculated using dot product scaling), and then, the attention score is mapped
into a softmax function. The softmax function maps the attention score into a probability distribution between
(0, 1), and finally, the input information is weighted and summed to obtain the context vector. The attention
calculation method mentioned earlier is called soft attention, and the attention mechanisms in this article use
the soft attention method, as shown in the following expressions [15]:

( ) =A Q K V Q dV, , softmax KT , (3)

where ( )Α Q K V, , represents the attention mechanism that generates the query vector Q from the input
sequence X, which is called the self-attentive mechanism. The self-attentive mechanism generally adopts
the query one-key-one-value model, which maps the input sequence into Q, K, and V, respectively, by different
weight vectors, where the attention score calculated by the scoring function is the correlation between Q and
K. The attention mechanism that does multiple mappings of the query one-key-value vector is called the multi-
headed attention mechanism, and the specific structure is shown in Figure 2 [16].

Multi-attention mechanism is a common mechanism in neural networks, which is widely used in natural
language processing and computer vision. Each attention header gets a set of attention weights by inner
product of query and key. These attention weights reflect the correlation between the query and each key,
i.e., the degree to which the query pays attention to the key. The final output of multi-head attention
mechanism can be obtained by weighted summation of attention weights and corresponding values. Each
attention head can learn different correlation patterns, thus capturing the diversity within the data.
Specifically, in the network structure, input features are mapped into query, key, and value spaces through
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linear transformation, and these mapping matrices are learnable parameters of the network. The final output
can be transmitted to the next layer of network for further processing or application.

The advantage of multi-head attention mechanism is that it can capture the information in the input data
from different angles at the same time, and accurately weight and integrate the important information. By
learning the weights between multiple attention heads, the network can flexibly adjust different attention
modes and carefully interpret and deal with specific tasks.

The attention mechanism is characterized by focusing limited attention on important information,
acquiring critical information and it is data-driven, with fewer training parameters than convolutional neural
networks (CNNs) and recurrent neural networks while having the ability of CNN parallel processing. The self-
attentive mechanism focuses too much on its own location while encoding the features at the current location,
thus ignoring other information [17]. The multi-headed self-attentive mechanism is similar to the role of using
multiple filters simultaneously in CNN, which can solve the problem that the self-attentive mechanism focuses
too much on its own location features and can capture richer features, and the output of the attention layer
collects the encoded features of all subspaces, making the model more expressive.

There are three forms of keys for the multi-headed self-attentive mechanism in the network structure of
the model in this article. The query and key value in the self-attentive module of the encoder layer are derived
from the output of the preceding layer. Similarly, in the decoder layer, the query and key value for the first
self-attentive module are also sourced from the output of the preceding layer. However, due to the parallel
nature of the attention mechanism, a mask is applied to the input to prevent the decoder from accessing
irrelevant information during decoding. In the second self-attentive module of the decoder layer, the query is
still obtained from the output of the previous layer, but the key values are now derived from the context vector
features encoded by the encoder layer specifically for acoustic features [18].

Speech recognition is essentially a multi-classification problem, and the model uses a cross-entropy loss
function, which is a loss function commonly used in multi-classification tasks. And the label smoothing
strategy is used to reduce the confidence level of correctly classified samples to improve the adaptive ability
of the model, with the following formulas [19]:

( ) ( )∑′ =
=

H q p P p, log ,

K

K

1

E os
(4)

( ) ( )′ = −q k ε K1 , (5)
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Merge

Scaling dot product attention

Linear mapping Linear mappingLinear mapping

Q K V

Figure 2: Network structure diagram of the multi-headed attention mechanism.
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where H represents the cross-entropy, ε represents the smoothing parameter, K represents the number of
categories of token, ( )′q p, represents the model adaptive value, and ( )′q k represents the loss function. The
aforementioned steps are organized to obtain the speech recognition process, as shown in Figure 3.

As can be seen from Figure 3, based on the following four working principles, the speech recognition
system is able to complete the recognition of speech. First, the speech recognition library and detection
terminal are targeted and selected, and combined with anti-aliasing band-pass filtering technology, which
can effectively eliminate the noise of individual speech differences, sampling equipment, and sampling envir-
onment; then, the speech acoustic parameters such as average energy and vibration peak and average over-
zero rate are extracted, which can quickly and accurately reflect the phonetic characteristics of speech; then,
the speech pattern database is established, and the link of language repetition training mainly is to let the
speaker repeat the pronunciation, directly delete the redundant speech information one by one from the
original speech samples, only keep part of the key speech data, and scientifically classify the key speech data
according to the relevant scheme; finally, accurately output the relevant semantics of speech according to the
speech similarity [20]. Through the aforementioned steps, the speech recognition network structure and the
multi-headed attention mechanism network structure can be constructed and the loss function can be
obtained to complete the design of speech recognition technology under the multimodal HCI system.

3 Intelligent translation technology under multimodal HCI system

3.1 AI voice wake-up function design

In order to implement the voice wake-up function, a process needs to be set up in the background to regularly
monitor the environment around the device in real time and to detect the presence of the keyword required by
the device in the signal, as shown in Table 2.

As can be seen from Table 3, after completing the detection of the keyword signal, the detection callback or
static detection is performed and the action is recorded. In the static detection of the recorded action, the
process returns the recorded pulse code modulation (PCM) audio data to the main process and then continues
to the next step [21]. Based on this, the data slicing process is performed on the captured pulse code modulated

Pre-processing

Voice input

Feature Extraction

Pattern Matching

Learning Training

Reference Model 

Library

Recognition result 

output

Figure 3: Speech recognition process.
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signal using the prime multistage dynamic labeling model. The machine translation steps of the HCI function
are shown in Table 3.

Since the number of states in theWn set increases exponentially with n, it would take a lot of time if the set
is not pruned, so pruning is required. The pruning process is shown in the following:

For the identified source language sentence R R R, , ... , n1 2 , there exists a phrase model ( )f g s d, , , , and the
four elements in this model represent the phrase base, grammar model, distortion restrictions, and distortion
parameters.

Assume that Wn translates n words into m sets, and if an element of an m statement inW2 consists of two
words, it means that only two words are translated into the statement. For each state of Wi , there is a
translation state, and all possible states are added to the corresponding set, and the highest rated of them
is finally returned [22].

Let β be the search parameter and p be the transfer parameter, and the resulting grammar model
expression is shown in the following:

( )=g n p β, .ext (6)

After determining the search parameters, the pruning purpose is achieved after removing all the para-
meters in the set that do not satisfy equation (2):

( ) ( )≥ −a g a p β. (7)

When translating a source language sentence, the translation options of the source language sentence are
first read, and then, the translation hypotheses are expanded from the small container to the large container.
At each transition stage, if the difference between a score and the highest score in the container is greater than
a threshold, the state decreases; if the state remains the same, all available translation options are expanded; if
the old and new hypotheses are the same, the score is increased and the best translation result is to find the
highest scoring translated statement in the largest container [23].

Voice wake-up function is one of the basic functions of multi-channel HCI system, which activates the
system by recognizing specific voice commands and starts the subsequent interaction process. Perceptual
visual representation of text is to transform text information into a representation form that computers can
understand and process in a multimodal environment. The design and implementation of these two functions
are helpful to improve the user experience and interaction effect of multi-channel HCI system.

Table 2: AI voice wake-up process

Steps Process and instructions

01 Detection of process signals, hibernation for a specified length of time
02 Get PCM data and detect keywords
03 Determine whether to callback or not
04 Static detection of recording
05 Determine if the audio strength is less than the threshold value
06 Perform recording callback and return PCM audio data

Table 3: Machine translation process for HCI function

Steps Process and instructions

01 Read the machine translation model and select the pre-stored corresponding domain according to the user of the
translation domain

02 Splitting the text into sentences
03 Search for matching translations on the search network

8  Danhua Huang and Shuaiqiu Xiang



3.2 Visual representation acquisition of perceptual text

There is a close relationship between designing AI voice wake-up function and obtaining visual representation
of perceived text. As the entrance of the system, the voice wake-up function starts the system by recognizing
specific voice commands; the visual representation of perceptual text provides a treatable representation form
for text input in multimodal environment. The integration and collaborative design of these two functions is
helpful to improve the efficiency and user experience of multi-channel HCI system and promote the devel-
opment and application of HCI.

The main method to perceive the visual representation of the text is to collate the visual and textual
information, align them, and find the similarity score between them to obtain the attention matrix, after which
the visual representation weights are reassigned according to this matrix [24]. The specific steps are as follows:
(1) Transform the input text into word embeddings according to the word embedding table;
(2) Spatial visual features of images are obtained using the image pre-training model VCC19;
(3) Determining the visual feature dimension and the feature dimension of the text representation;
(4) If the dimensions of the two features are different, then a linear fully connected network is used for

dimensional transformation so that the two dimensions are the same;
(5) Dot product processing and normalization of textual and visual features to obtain the attention matrix;
(6) Based on the attention matrix and spatial visual features from Steps (3) and (2), the visual representation of

the perceived text is obtained;
(7) To encode and process textual and visual representations of perceptual text, two independent Transformer

encoders are utilized, each responsible for one type of representation;
(8) Two text states are obtained, which are the hidden state and the visual hidden state;
(9) Reassign and fuse the hidden state weights.

3.3 Intelligent translation model construction and optimization

In the intelligent translation model in multimodal HCI systems, visual information can only play an auxiliary
role, and if too much visual information is added to the model, it may make the redundant information in the
model increase, thus making the model translation accuracy decrease. To solve this problem, this article
proposes an intelligent translation model in multimodal HCI systems based on increasing the selection atten-
tion to replace the traditional feature summation by the important part of image features, which effectively
reduces the interference of redundant information.

Assuming that [ ]E e e e, , ... , ntext 1 2 and [ ]F f f f, , ... ,
nimg 1 2

represent the textual representation and the spa-
tial visual representation, respectively, the attention matrix can be obtained by finding the similarity between
them, and the specific matrix expression is shown in the following:

= ×M E F ,
T

atrix att text img
(8)

where Matrix att represents the attention matrix, where each element represents the similarity of a word to a
visual feature. The dot product of the textual representation ei and the visual representation f

i
is calculated to

obtain Matrix att. Each element is selected by −Gumbel sigmoid to obtain the region of the visual feature that is
more relevant to the current one. Once the attention matrix is obtained, it can be exponentially normalized to
a probability distribution where the similarity score does not sum to 1 and then multiplied with each element
of the sampling result matrix Matrix sel to obtain the multimodal attention matrix Matrix mm, which is calculated
as shown in the following:

( )= ×M M Msoft max .atrix mm atrix sel atrix att (9)

To further enhance the modeling capability of selective attention, a multi-headed attention mechanism
can also be added to this attention, as shown in the following expression:
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( ) ( )=M Q K V C G G G W, , , , ... , ,A A AhHGA oncat 1 2

0 (10)

where MHGA and h denote the multi-head selective attention and the number of this attention head, respectively;
G G G, , ... ,A A Ah1 2 both denote the sub-attention module, which is processed by splicing and linear transformation to
obtain the final output [25]. Based on the improvement of the aforementioned attention matrix, the encoder of the
multimodal translation model based on selective attention is obtained, as shown in Figure 4.

Through the aforementioned steps, the optimization and design of multimodal machine translation model can
be completed, and the encoder can be obtained to realize the machine translation function. By combining the
machine translation-related contents in this section with the speech recognition technology mentioned earlier, the
design of speech recognition and intelligent translation technology under multimodal HCI system is completed.

4 Testing and analysis

4.1 Test preparation

In order to prove that the speech recognition and intelligent translation techniques under the multimodal HCI
system proposed in this article are better than the conventional speech recognition and intelligent translation
techniques in terms of translation effect, after the theoretical part of the design is completed, an experimental
session is constructed to test the evaluation effect of the method in this article. In order to improve the

Encoder output

Encoder

Visual representation 

of sensed text

Encoder

Sampling 

matrix

Score matrix of 

attention

Visual 

markers

Text 

representation

Figure 4: Encoder structure of multimodal translation model based on selective attention.
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reliability of the experimental results, in addition to the method of this article, two conventional methods are
selected as the experimental control group, which are the speech recognition and intelligent translation
technology based on fuzzy algorithm and the speech recognition and intelligent translation technology based
on support vector machine (SVM).

To obtain better experimental results, the experimental data were chosen to be obtained from the Multi30K
dataset. This dataset contains 30,000 text-image data pairs with a total of 30 000 entries. Among them, the training
set, test set, and validation set are 25,000, 4,200, and 800 items, respectively. The text-a-video data was derived from
the VATEX dataset with a total of 42,000 entries. The data percentages of training set, test set, and validation set are
60, 20, and 20%, respectively, and the classification results of the test set are shown in Table 4.

To ensure the experimental effect, different parameters will be set according to the difference of datasets
for the text-image and text-video machine translation tasks. The numbers of layers of encoder and decoder are
set to 4 and 5 for text-images and text-video machine translation tasks, respectively; the word vector dimen-
sion is set to 128 and 256, respectively; the self-attention and multimodal attention between encoder and
decoder are set to 4, and the attention is set to 4 and 8, respectively; the initial learning rate is set to 0.001
Optimizer is selected as Adam, Batch Size.

4.2 Analysis of test results

The comparison criterion chosen for this experiment is the translation performance of the method, and the
specific measure is the BLUE index, which is mainly used to evaluate the accuracy of translation, and the basic
principle is to find out the degree of N-gram contribution between the generated translation and the reference
translation, and the specific calculation formula is shown in the following formula:

( )
=

∑ ∑
B

h c

B

min

,
i k k i

LUE

P

(11)

where BP represents the penalty factor, i and k represent the kth N-gram fragment and the ith sentence,
respectively, hk represents the current utterance, and ci represents the standard reference translation.

Analyzing the data in Table 5, we can see that compared with the other two conventional models, the BLUE
value of the machine translation model under multimodal HCI system proposed in this article is higher, which
proves that the model proposed in this article has higher translation accuracy and better model performance.

Table 4: Test set classification

Types of sentences Number of words Number of sentences

Simple sentences N < 8 458
Normal sentences 8 ≤ N < 18 368
Complex sentences N > 18 178

Table 5: Comparison results of BLUE values for different translation models

Number of tests Fuzzy algorithms SVMs Multimodal HCI

01 37.5 39.2 42.6
02 36.8 40.1 43.7
03 38.2 38.5 44.6
04 36.4 38.4 43.2
05 35.3 39.7 46.1
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Choose accuracy as the evaluation index, the higher the accuracy value, the better the representation
effect, and its calculation formula is as follows:

=
+

×F
F

F F
100%,PN

P

P N

(12)

where FPN represents the accuracy of speech recognition and intelligent translation, FP represents the number
of correctly predicted samples, and FN represents the total number of samples. Using formula (12), the
sentences in the experimental dataset are translated by fuzzy algorithm, SVM, and multi-channel HCI, respec-
tively, and the accuracy of translation results is shown in Figure 5.

As can be seen from Figure 5, compared with fuzzy algorithm and SVM method, the accuracy of multi-
channel HCI method is higher, with the highest value of 99%, which indicates that the research method has
better speech recognition and intelligent translation effect.

Use confusion matrix to verify the effect of speech recognition and intelligent translation in multimodal
HCI system. Confusion matrix, also known as error matrix, is a standard format for expressing accuracy
evaluation, usually expressed in the form of matrix with m rows and n columns, specifically as follows:

=
⎡

⎣

⎢
⎢

⎤

⎦

⎥
⎥

P

p p p

p p p

p p p

...

...

... ... ... ...

...

.

m

m

n n nm

E

11 12 1

21 22 2

1 2

(13)

Specifically, each column of the confusion matrix represents the prediction category, and the total number
of each column represents the number of data predicted as this category; each row represents the real
category of data, and the total number of data in each row represents the number of data instances in this
category. Through the confusion matrix, we can intuitively understand the performance of speech recognition
and intelligent translation. Under the application of different methods, three test samples are selected, and the
samples are identified by mistake and missed speech, and their numbers are counted, and then, the errors are
calculated. Finally, the results are compared, as shown in Table 6.

As can be seen from Table 6, the error of multimodal HCI method on test sample 1 is 1.2%, and the average
error is 1.5%. The error of fuzzy algorithm on test sample 1 is 6.9%, and the average error is 7.3%. The error of
SVM method on test sample 1 is 7.5%, and the average error is 7.7%. In the test sample 1, the error of multi-
modal HCI method is the lowest, while the error of SVMmethod is the highest. In terms of average value, multi-
modal HCI method is still the most accurate, and the average error of fuzzy algorithm and SVMmethod is high;
through the aforementioned analysis, we can know that the multimodal HCI method performs best in these
test samples, with higher accuracy and stability; The performance of fuzzy algorithm on test samples is
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Figure 5: Comparison results of translation accuracy of three methods.
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inferior to that of multimodal HCI method, but better than that of SVM method. SVM performs worst among
these test samples and has a high error rate. This shows that the research method is more accurate and
comprehensive, and the recognition effect is better.

To sum up, the speech recognition and intelligent translation methods in this multi-modal HCI system
have achieved better performance. By evaluating the BLUE value, the similarity between the translation
results and the manual reference translation can be quantified. It has higher BLUE value and accuracy, which
shows that it has better translation accuracy and model performance, and provides a more reliable language
processing tool for cross-cultural communication and cooperation.

5 Conclusion

In the multi-modal HCI system, speech recognition and intelligent translation are two key technologies, and
their combination can provide strong support for cross-cultural communication and cooperation. This article
discusses the research of speech recognition and intelligent translation in multimodal HCI system and draws
the following conclusions: the model proposed in this article has higher translation accuracy and better model
performance. It shows that the model in this article has a higher BLUE value than the traditional translation
model, which verifies its advantages in translation accuracy and model performance.

However, there are still some challenges and room for improvement. First of all, speech recognition
technology is still affected by background noise and speaker changes, and further research is needed to
improve robustness and reliability. Second, in the field of intelligent translation, although the model has
achieved good results in a multimodal environment, it still needs to solve some specific problems between
languages, such as structural differences and cultural differences.
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Table 6: Error comparison results of different methods

Different methods Test sample Error (%) Average value (%)

Multi-modal HCI method Test sample 1 1.2 1.5
Test sample 2 2.1
Test sample 3 1.2

Fuzzy algorithm Test sample 1 6.9 7.3
Test sample 2 7.3
Test sample 3 7.7

SVM method Test sample 1 7.5 7.7
Test sample 2 6.7
Test sample 3 8.9
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