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Abstract: As one of the special research directions of text emotion recognition task, the conversation emotion recognition task needs to take the conversation context, 
speaker and other factors into account to accurately identify the emotion state. To address challenges in multimodal information fusion and global-local feature extraction, 
this paper proposes a multimodal session recognition method based on multilevel attention mechanism and multistream graph neural network. Firstly, two key issues of the 
multimodal session recognition problem are analysed; secondly, a multimodal session emotion recognition model based on the improved attention mechanism strategy and 
the improved graph neural network is proposed to address the two issues; and finally, the effectiveness of the proposed method is verified through the analysis of simulation 
experiments. The simulation results show that the method achieves good accuracy in IEMOCAP and MOSEI datasets and effectively improves the efficiency of session 
fusion recognition. 
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1 INTRODUCTION 
 

With the development of Internet technology, the 
transformation of the user's network use mode has 
improved the user's participation [1]. As more and more 
users share their personal views and experiences on the 
Internet, the conversation platform as one of the most 
important social ways, users express their own views 
through text, audio, video, audio and video converted to the 
form of this paper, mining text features, and recognition of 
text content [2]. Conversational emotion recognition task, 
as one of the special research directions of text emotion 
recognition task, needs to take into account the 
conversation context, speaker and other factors to 
accurately identify the emotional state [3]. The general 
conversational sentiment recognition task lacks a certain 
degree of reasoning ability, and needs to be analysed 
accurately with the help of external knowledge 
conversational sentiment [4]. Therefore, it is necessary to 
study the improvement of conversational sentiment 
recognition methods. Currently, the research on 
conversational sentiment recognition generally adopts 
textual sentiment recognition methods, which are divided 
into sentiment recognition methods based on sentiment 
dictionaries, sentiment recognition methods based on 
traditional machine learning, and sentiment recognition 
methods based on deep learning, depending on the method 
used [5]. Emotion recognition methods were based on 
emotion dictionaries when the emotion dictionary was 
constructed manually to match the emotion words in the 
text, so as to obtain the text emotion polarity [6]. Zhong et 
al [7] propose an extended dictionary-based sentiment 
recognition method, which performs sentiment analysis 
based on the existing sentiment dictionary, and extends the 
sentiment dictionary using linguistic rules and vocabulary 
to increase the coverage and accuracy of sentiment words. 
The sentiment recognition method based on the sentiment 
dictionary fails to take into account the contextual 
relationships of words as well as sentences, making the 
classification and recognition ineffective [8]. Sentiment 
recognition methods based on traditional machine learning 
can complete the sentiment recognition task with different 
classifiers [9]. Commonly used machine learning 
algorithms for emotion recognition methods based on 

traditional machine learning include K-nearest neighbours 
[10], plain Bayes [11], and support vector machines [12] 
methods. Hao et al [13] propose a multi-feature fusion 
method based on support vector machines to extract text 
features from four aspects such as word form, sentiment, 
syntax, and semantics. Sentiment recognition methods 
based on traditional machine learning are not effective in 
recognising non-linear and high latitude datasets because 
of the use of traditional machine learning algorithms [14]. 
Deep learning-based sentiment recognition methods make 
predictions based on context and do not rely on manually 
labelled corpus [15], and commonly used methods include 
convolutional neural networks, recurrent neural networks, 
long and short-term memory networks, and attention 
mechanisms [16]. Zhang et al [17] combine convolutional 
neural networks and long and short-term memory networks 
to construct a sentiment analysis model considering 
contextual relationships. Sentiment recognition methods 
based on deep learning mine the deeper meanings of data 
by learning the intrinsic laws of the data without manually 
designing features [18]. Session sentiment recognition 
targets the session itself to mine user sentiment 
information, which is mainly divided into context-based 
sentiment recognition and user information-based 
sentiment recognition [19]. The current research on the 
task of conversational emotion recognition only models 
from the traditional context, speaker and external 
knowledge, which makes the constructed model lack a 
certain degree of common sense perception and contextual 
reasoning ability [20]. 

 Through the above literature analysis, the current 
multimodal conversational emotion recognition has the 
following two problems: 1) the fusion of different modal 
information suffers from the noise interference problem 
[21]; and 2) the global-local conversational emotion 
features are poorly captured [22]. In order to solve the 
multimodal information fusion problem and the global-
local session emotion feature extraction problem, this 
paper proposes a multimodal session recognition method 
based on multilevel attention mechanism and multistream 
graph neural network. In this paper, by describing and 
analysing the multimodal information fusion problem and 
the global-local session sentiment feature extraction 
problem, we construct a multimodal session recognition 
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model based on improved graph neural network by 
combining the multilevel attention mechanism and 
multiflow graph neural network. The effectiveness and 
applicability of this paper's method are verified by public 
datasets, and the results show that the proposed method is 
feasible and efficient. 
 
2 PROBLEM ANALYSIS 
 

In order to improve the accuracy and robustness of the 
conversation emotion recognition model, the multimodal 
conversation recognition model is constructed by 
analysing the multimodal information fusion and global-
local conversation emotion feature extraction, combining a 
variety of sensory modalities, and the specific model 
structure analysis is shown in Fig. 1. 

 
Figure 1 Structure of the multimodal problem analysis 

 
2.1 Multimodal Information Fusion Problems 
 

Considering multiple sensory modalities (facial 
expressions, speech, physiological signals and other modal 
information), this paper considers the problem of temporal 
alignment between different modalities [23]. In this paper, 
the multimodal representations of conversations are simply 
connected together by using the attention mechanism to 
extract contextual information and fused, as shown in Fig. 
2. 

 

 
Figure 2 Diagram of the multimodal information fusion 

 
2.2 Global-local Session Sentiment Feature Extraction 

Problem 
 
In order to better model conversational emotion 

recognition, this paper extracts conversational emotion 
features from both global and local aspects [24]. 
 

 
Figure 3 Global-local session sentiment feature extraction fusion 

 
Global information helps the model to understand the 

topic and context of the conversation, and can accurately 
capture the emotional tendency and attitude of the 
interlocutor [25]; local information helps the model to 
analyse the details and changes during the conversation, 
and can more accurately identify the emotional state and 
expression of the interlocutor [26]. In this paper, we first 

use the local emotional dependency between the 
interlocutors during the conversation, then capture the 
contextual information, fuse the outputs of each modal 
flow, and further fuse the global features of the modal 
ground, as shown in Fig. 3. 
 
3 A MULTIMODAL SESSION RECOGNITION MODEL 
3.1 Functional Analysis 
 

Based on the analysis of the multimodal conversation 
recognition problem, this paper proposes a Multimodal 
Conversation Emotion Recognition Combining Multi-
Level Attention and Multi -Stream Graph Neural Networks 
(MCER-MAMGNN) based on the Improved Attention 
Mechanism Strategy and Improved Graph Neural 
Networks. -Stream Graph Neural Networks, (MCER-
MAMGNN). MCER-MAMGNN includes Multi-Level 
Attention Mechanism Strategy, Multi-Stream Graph 
Neural Networks Algorithm, and Multi-Stream Merge 
Classification Strategy, and the specific overall framework 
is schematically shown in Fig. 4.  

 

 
Figure 4 Overview of the proposed MCER-MAMGNN framework 

 
As can be seen from Fig. 4, the multi-level attention 

mechanism strategy is mainly used for modal fusion of 
features and semantic interaction between video modality, 
text modality, and audio modality; the multi-stream graph 
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neural network algorithm is mainly used to extract the 
global-local session features of each modality; and the 
multi-stream merger classification strategy is mainly used 
for modal fusion and construction of classifiers. 
 
3.2 Multi-level Attention Mechanism Strategy 
 

In order to effectively fuse multimodal information, 
this paper adopts a multilevel attention mechanism strategy 
to enhance modal representation [27]. The specific 
structure of the multilevel attention mechanism strategy is 
shown in Fig. 4, which is mainly composed of the              
self-attention module and the cross-modal attention 
mechanism. 

(1) Self-attention module. 
Self-attention mechanism is mainly used for the first 

time to fuse the information of each modality, which is 
mainly composed of multi-head attention mechanism and 
feed-forward fully connected layer, and the specific 
structure is shown in Fig. 5. As can be seen from Fig. 5, 
audio modality, text modality and visual modality are 
spliced into fused modalities, and the session emotion 
modality features are obtained through the multi-head 
attention layer, normalisation layer, feed-forward fully 
connected layer and normalisation layer. 
 

 
Figure 5 Multi-level attention module 

 
Assuming that the session contains three modes, i.e., 

audio modal a
iu  , textual modal t

iu  , and visual modal v
iu  

the three modes are spliced together to obtain the fusion 

modal atv
iu : 

 
atv a t v
i i i iu u u u                                                             (1) 

 

where datv atv
iu  , atv a t vd d d d   . The fusion 

representation is dimensionally divided into r1 copies, i.e., 
r1 heads, and the ith head attention matrix is computed 
using scaled dot-product: 

 
softmax

T
i i

i i
k

Q K
head V

d

 
 
 
 

                                            (2) 

 

where, Q
i iQ XW , K

i iK XW , V
i iV XW  are three 

vectors generated from the fused modal representation 
after linear variation, i.e., query vector, robust vector, and 
value vector; X  denotes the fused modal representation, 

i.e., 1 2, , ..., n datv atv atv atv
nX u u u      ; d dQ atv k

iW  ,

d dK atv k
iW  , d dV atv k

iW   are three randomly 

initialised weight matrices; and 1/k atvd d r . 

The attention matrix obtained through the head is 
spliced to obtain the multi-head attention layer output, 
calculated as follows: 
 

1 2 1
 o

rU head head he d Wa                                 (3) 

 

where oW  denotes the weight matrix, i.e.,
d do atv atvW  . 

The normalisation layer, the feed-forward fully 
connected layer and the next normalisation layer are 
calculated as follows: 
 

 1 1; , U LN X U                                                                (4) 

 

 1 2ReluM UW W                                                            (5) 

 

 2 2; , M LN X M                                                      (6) 

 
where, LN is the layer normalisation, Relu  is the 

activation function, 1
datv  , 1

datv  , 2
datv  , 

2
datv   are the parameters, 1

datvW  , 2
datvW   

denote the trainable weight matrix of the feed-forward fully 

connected layer,  1 2, , ..., 
T

nM m m m  denotes the 

session fusion modal features containing contextual 

information, n datvM R  . 
 

 
Figure 6 Cross-modal attention mechanism 

 
(2) Cross-modal attention mechanisms. 
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The cross-modal attention mechanism mainly uses 
fused modal features to enhance the individual modal 
representations [28], which mainly consists of a                     
cross-modal multi-head attention layer, and a feed-forward 
fully-connected layer, and the specific structure is shown 
in Fig. 6. The cross-modal attention mechanism adopts the 
Crossmodal Transformers model structure, with the robust 
vector and the value vector coming from the fused modal 
representation, and the query vector coming from each 
modal representation. 

Combining each modality n du   and the fused 

modal features n dm  , the ith head attention matrix is 
calculated as follows: 
 

 
softmax

TU M
i i M

i i
k

Q K
head V

d 

 
    
 
 

                                 (7) 

 

Among them, U Q
i iQ XW   is the vector generated by 

the linear variation of each modal representation, i.e., query 

vector; M K
i iK XW  , M V

i iV XW   are the vectors 

generated by the linear variation of the fusion modal 
representation, i.e., robust vector, value vector;

d dQ k
iW   , d dK k

iW   , d dV k
iW    are the three 

randomly initialised weight matrices, 2/k atvd d r  , 2r  

are the number of heads. 
The cross-modal multi-head attention layer for layer i 

is calculated as follows: 
 

 1

1 2 1

,

 

M U M U
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CM U M

head head he Wad

 
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                                (8) 

 

where 1
M U
iU 
  is the cross-modal attention block output 

for layer i − 1 and o d dW    is the weight matrix. 
 
3.3 Multi-Stream Map Neural Network Algorithm 
 

Considering the influence of different modal                 
global-local features on the session recognition model, this 
paper adopts a multi-stream graph neural network [29] to 
carry out global-local session feature modelling for each 
modal representation separately, as shown in Fig. 7. From 
Fig. 7, the multi-stream graph neural network consists of 
multiple modal streams with the same structure, and each 
modal stream only processes specific modal data. The 
multi-stream graph neural network algorithm includes a 
graph construction module, a graph transformation 
network module, a graph convolutional network module, a 
graph transformer module, and a bidirectional MOGLSTM 
module. 
 

 
Figure 7 Schematic diagram of multi-stream map neural network 

(1) Graph building blocks. 
In order to obtain the discourse relations between the 

session participants and the session participants 
themselves, this method uses a graph building module to 
construct the session relations spatially and temporally. 
The relationship between the same session participants is 
represented as follows: 
 

  


1 1 1 1 1
1

1 1 1 1 1 1
1

, , ,

, , ,

S S S S S
i i ii P i
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i i i i i Fi

IR u u u u u

u u u u u u

 


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  




                              (9) 

 

where  1 2, , ..., S SS Si ii i
nU u u u  denotes the set of speakers 

i of the session and  1 1, , ..., S S STU U U U  denotes the 

session. 
The relationship between the speeches of the different 

interlocutors is expressed as follows: 
 

  


1 1 2 1 2
1

1 2 1 2
1

, ..., ,

, ..., 

S S S S S
i i ii P i

S S S S
i i i Fi

ER u u u u u

u u u u

 



  

 
                         (10) 

 
where   denotes past relationships and   denotes 
future relationships. 

(2) Graph Transformation Module. 
In order to model the differences of session emotional 

dependence in different modalities and capture the node 
relationship heterogeneity, this paper adopts graph 
transformation neural network to construct the relationship 
heterogeneity between nodes. The graph transform neural 
network consists of D graph transform layers, and 
generates the neighbourhood matrix by learning the graph 
structure, which is calculated as follows: 
 

  1,t t
i iQ A softmax W                                                 (11) 

 

1 2
t t t
i i iA Q Q                                                                          (12) 

 

where t
iQ  denotes the graph structure, 1tA   denotes the 

set of adjacency matrices, t
iA  is the new set of adjacency 

matrices, φ is the convolution operation, and 1 1 N
iW    

is the parameter of φ . 
(3) Graph Convolutional Networks Modules. 
In order to capture the relationships between sessions, 

graph convolutional network is used to obtain different 
importance of different session relationships and from that 
a new set of weighted neighbourhood matrices is obtained. 
The graph convolutional network [30] module makes use 
of each adjacency matrix and accumulates the convolution 
results under different relationship graphs, which is 
calculated as follows: 
 

  Relu ,
N

D
i i

i

P w GCN U A                                           (13) 
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where iw  denotes the weighting operation, Relu  denotes 

the activation function, GCN  denotes the convolution 
operation and N  is the number of matrices. 

(4) Figure converter module. 
In order to obtain local features, this paper adopts 

Graph Transformer model with homography learning and 
attention coefficients to obtain feature representations. The 
specific information fusion representation is as follows: 
 

 
1 , 2i i i j j

j i

g W p a W p


                                                   (14) 

 

   3 4
,

T
i jc

i j

W p W p
a softmax

d

 
 
 
 

                                   (15) 

 
where,  1 2, , ..., nP p p p  denotes the node features 

obtained by GCN, W1 ,W2, W3 and W4 are the coefficient 
matrices, ai,j denotes the attention coefficients, computed 

from the multi-head dot product attention, ,
c
i ja  is the cth 

head attention matrix, and d is the head hiding size. 
(5) Bidirectional MOGLSTM module. 
In order to deal with the dependency of new input and 

hidden state directly pressed, this paper adopts 
BiMogLSTM method to construct context information and 
enhance the capability of modelling context information. 
BiMogLSTM neural network is an improved version of 
LSTM, which uses the gate mechanism to interact the 
current moment input g with the hidden state hprev to get the 
new input and the hidden state, which makes the new input 
relevant to the context. BiMogLSTM neural network is 
calculated as follows: 
 

 G MOGLSTM G
 

                                                        (16) 

 

 G MOGLSTM G
 

                                                        (17) 

 
where   denotes inverse and   denotes forward. The 
output of BiMogLSTM is obtained by splicing the 
bidirectional output: 
 

 1 2, , ..., nZ z z z                                                              (18) 

 
3.4 Multi-stream Merger Classification Strategy 
 

In order to improve the overall recognition 
performance and efficiency, this paper proposes a                  
multi-stream merge classification strategy to merge 
multiple streams in everything. The strategy first splices 
the outputs of each modal stream together, and then adopts 
the self-attention mechanism to learn the importance 
degree of each modality, and finally outputs the 
corresponding session emotion categories. The specific 
computation of the multi-stream merge classification 
strategy is as follows: 
 

   '
2 1 1 2argmax softmax ReLUi iy W W h b b            (19) 

where W1, W2 denote the coefficient matrix, b1, b2 denote 
the bias, yi denotes the prediction type of the session ui, and

' a t v
i i i ih z z z      denotes the fusion sentiment feature. 

 
3.5 Multimodal Session Recognition Method Flow Steps 
 

Combining the multi-level attention mechanism, 
multi-stream graph neural network, multi-stream merger 
classification strategy, this paper proposes a multi-modal 
session recognition method based on improved graph 
neural network; the method flow chart is shown in Fig. 8, 
and the specific steps are as follows: 
 

 
Figure 8 Flowchart of the multimodal session recognition method based on 

improved graph neural network 
 
 Step 1: Acquire session data through sensors; 
 Step2: Input the multimodal session representations 

such as speech, text, and vision into the attention 
mechanism module to obtain the fused modal 
features; 

 Step 3: The first multimodal information fusion is 
achieved by the cross-modal attention module, which 
combines the modal representations and obtains the 
enhanced representation of each modality; 

 Step 4: Input the reinforcement representation of each 
modality into the multistream graph neural network 
to construct the conversation relationship graph with 
each discourse as a node; 

 Step 5: Construct session relationship heterogeneity 
features using GTN network and local features using 
GCN and Graph Transformor; 

 Step 6: Capture contextual information using 
BiMogLSTM neural network; 
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 Step 7: Fuse the outputs of each modal stream using 
the self-attention module to extract contextualised 
session sentiment features and complete the second 
multimodal information fusion; 

 Step 8: Use the classifier to complete the session 
recognition task. 

 
4 EXPERIMENTS AND ANALYSIS OF RESULTS 
 

In order to validate the effectiveness and efficiency of 
the proposed multimodal session recognition method based 
on improved graph neural network, the learning and 
training results of the proposed algorithm are analysed and 
discussed in this section by selecting the IEMOCAP 
dataset and the MOSEI dataset. 
 
4.1 Data Description 
 

(1) IEMOCAP data set. 
IEMOCAP is a binary multimodal emotion 

recognition dataset containing six emotion categories such 
as anger, excitement, happiness, frustration, and neutrality 
in each session. OpenSmile is used for feature extraction of 
session speech, and the features can be reduced to 100 
dimensions by normalisation and fully connected layer; 
Openface is used for face image and retrograde feature 
extraction, and the features are obtained to be 512 
dimensions; SBERT is used to extract the text features of 
the session, and the semantic representations are extracted, 
and the features are obtained to be 768 dimensions. 

(2) MOSEI data set. 
MOSEI utilises the largest dataset for sentiment 

analysis and emotion recognition of online video sessions, 
where each session contains the categories of happy, sad, 
angry, fear, disgust, and surprise. Attention mechanism and 
weighting are used to obtain 160-dimensional audio 
features and 70-dimensional visual features, similarly, 
768-dimensional session text features are extracted using 
SBERT. 

(3) Data division. 
The IEMOCAP dataset and the MOSEI dataset are 

divided into training, validation, and testing sets, as shown 
in Tab. 1. 
 

Table 1 Division of data 
data set training set validation set test set 

IEMOCAP 5810 162 
MOSEI 16327 1871 4662 

 
4.2 Experimental Configuration 
 

(1) Experimental environment configuration 
The experimental simulation environment is Windows 

10 with 2.80GHz CPU, 8GB RAM and programming 
language Python 3.8. 

(2) Comparison of algorithm settings 
The Adamw optimiser is used in this experiment with 

batch size set dimension 32, number of iterations 
dimension 65 and initialised learning rate dimension 
0.0003. 
 
 
 

4.3 Evaluation Indicators 
 

In this experiment, Accuracy and F1-score were used 
as evaluation indexes. 

(1) Accuracy. 
 

TP TN
Accuracy

TP TN FP FN




  
                                      (20) 

 
where TP, TN, FP, FN denote the number of correct 
samples with correct model predictions, the number of 
incorrect samples with correct model predictions, the 
number of correct samples with incorrect model 
predictions, and the number of incorrect samples with 
incorrect model predictions, respectively. 

(2) F1 value (F1-score). 
 

 2
1

P R
F score

P R

 
 


                                                        (21) 

 
TP

R
TP FN




                                                                           (22) 

 
TP

P
TP FP




                                                                    (23) 

 
where R denotes the model recall and P denotes the model 
precision. 
 
4.4 Analysis of Experimental Results 
 

In order to verify the effectiveness and superiority of 
the multimodal session recognition method based on 
improved graph neural network, MCER-MAMGNN is 
compared with other three models such as TFN, TBJE, 
COGMEN, etc., and the evaluation results of each model 
are shown in Fig. 9, Fig. 10 and Fig. 11. 

The results of the IEMOCAP multimodal 6-category 
emotion comparison experiment are given in Fig. 9. From 
Fig. 9, under the 6-category setting, MCER-MAMGNN 
has F1-scores values of 59.1%, 78.0%, 66.1%, 61.6%, 
77.2%, and 66.4% under the happy, sad, neutral, angry, 
excited, and frustrated emotion categories, respectively, 
and its average accuracy is 69% and average F1 is 68.9%; 
both the average accuracy and the average F1, MCER-
MAMGNN ranked first, and the other algorithms ranked 
COGMEN, TBJE, and TFN in that order. 

Fig. 10 gives the results of the IEMOCAP multimodal 
4-class emotion comparison experiment. As can be seen 
from Fig. 10, under the 4-class setting, MCER-MAMGNN 
has an average accuracy of 88.3% and an average F1 of 
86.0%; MCER-MAMGNN ranks first in both the average 
accuracy and the average F1, and the other algorithms rank, 
in order, COGMEN, TBJE, and TFN. 

Fig. 10 gives the results of the IEMOCAP multimodal 
4-class emotion comparison experiment. As can be seen 
from Fig. 10, under the 4-class setting, MCER-MAMGNN 
has an average accuracy of 88.3% and an average F1 of 
86.0%; MCER-MAMGNN ranks first in both the average 
accuracy and the average F1, and the other algorithms rank, 
in order, COGMEN, TBJE, and TFN. 
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Figure 9 Results of the IEMOCAP multimodal 6-category emotion comparison 

experiment 
 

 
Figure 10 Results of the IEMOCAP multimodal 4-category emotion comparison 

experiment 
 

Fig. 11 demonstrates the results of the MOSEI 
multimodal sentiment classification comparison 
experiment. As can be seen from Fig. 11, the average 
accuracy of MCER-MAMGNN, COGMEN, TBJE, and 
TFN is 85.70%, 84.43%, 81.50%, and 82.88%, 
respectively, and the average F1 is 84.45%, 82.12%, 
81.1%, and 81.4%, respectively; in terms of the average 
accuracy, the rankings are, in order, MCER-MAMGNN , 
COGMEN, TBJE, and TFN; in terms of average F1, the 
rankings were, in order, MCER-MAMGNN, COGMEN, 
TFN, and TBJE. 
 

 
Figure 11 MOSEI multimodal sentiment classification comparison experiment 

results 
 
5 CONCLUSION 
 

In this paper, a multimodal session emotion 
recognition model based on improved attention mechanism 
strategy and improved graph neural network is proposed 
for two key points of the multimodal session recognition 
problem. The method analyses the multimodal information 
fusion problem and the global-local session emotion 
feature extraction problem; for the multimodal information 
fusion problem, multilevel attention mechanism and cross-
modal attention method, multistream merger and 
classification technique are used to fuse multimodalities 
several times and extract key features; for the global-local 
session emotion feature extraction problem, graph 
construction, graph transformation network, graph 
convolutional network, and graph transformer are used, 

Bidirectional MOGLSTM and other strategies to 
effectively analyse the modal differences and 
conversational relationship differences existing between 
different modalities. The proposed method is analysed by 
IEMOCAP and MOSEI datasets, and the results show that 
the method improves the accuracy of multimodal session 
recognition, and effectively enhances the efficiency of 
session fusion recognition. The method in this paper does 
not focus on the parameter analysis of the algorithm, and 
the subsequent research will study how to use the 
parameter analysis to improve the model accuracy and 
efficiency. 
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