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Abstract

In Aspect-Base-Sentiment-Analysis (ABSA), a single 
sentence may contain multiple aspect words, making it 
challenging for the model to find appropriate sentiment 
words for each aspect word from the text. Therefore, this 
paper proposes a Multi-Task Dynamic Joint Training 
(MDJT). To learn better feature representations, we apply 
a text feature extractor and a graph feature extractor to 
extract semantic features and graph-structured features 
of text, respectively. In this paper, we use the multi-task 
frame to joint two tasks dynamically: the main task is the 
sentiment classification task (Polarity Task), which is used 
to classify the sentiment of each aspect word; the auxiliary 
task is the opinion word task (Opinion Task), whose 
purpose is to extract text. The features are most likely to 
become opinion words and the accuracy of the main task 
sentiment classification are further improved by optimizing 
the loss value of this task. Experiments on several 
benchmarking collections illustrate that our proposed 
model has comparable effectiveness to a range of state-
of-the-art models, and they further demonstrate that both 
syntactical information and multi-task join dynamically 
and properly.

Keywords: Multi-task dynamic joint training, Aspect-
based sentiment classification, Opinion word attention 
module, Weight dynamic allocation strategy

1  Introduction

Nowadays, sentiment classification has entered our 
life and plays a vital role in the field of natural language 
processing (NLP) [1]. Aspect-Based Sentiment Analysis 
(ABSA) [2-3] is a sub-task of sentiment classification. 
Unlike the general classification of samples in general 
sentiment, ABSA aims to judge the sentiment polarity of 
one or more aspect words within a single sentence. Aspect-
based sentiment classification tasks are now active in 
various industrial fields [4]. 

HelloBike is a platform focusing on local travel and 
life services. In addition to shared services (bikes, rides), 
there are hotels, shopping malls, communities, etc. Mining 
useful user feedback information can help companies 

improve their product experience. We mine effective 
information from the following three perspectives. (1) 
Opinion Word Angle: For example, given a comment 
“The place is small and cramped but the food is fantastic”, 
make emotional judgments for the aspect words place 
and food respectively. The aspect word place is a negative 
emotion, and the aspect word food is a positive emotion. 
The effective judgment of the aspect words place and 
food mainly comes from the information provided by 
the words small and fancy, which are called opinion 
words. Therefore, how to extract the features that are 
most likely to become opinion words from the text is the 
key to improving the ABSA task. (2) Feature Angle: 
When using neural networks (such as CNN, LSTM, 
etc.) [5-7] to extract features from the text, the part-
of-speech dependencies between tokens in the text are 
not considered. Both cases in Figure 1 are sentiment 
classifications for the aspect word recipe. In case1, like 
is used as a verb, and expresses the positive sentiment 
towards the aspect word recipe. In this example, ordinary 
neural networks can be used to classify it successfully. In 
case 2, like is used as a preposition and does not contain 
any sentiment, and using traditional methods can lead 
to misclassification. Therefore, learning better feature 
representations is beneficial for sentiment classification. 
(3) Model Angle: With the increase in the types of neural 
network models, when solving our downstream tasks, 
using a single model cannot achieve good results. Model 
fusion is often used to improve task indicators. Different 
models will extract features at different levels; for 
example, global features and local features are extracted 
by two different models. Therefore, for different tasks, the 
importance of the features extracted by each model will 
be different, and it is unreasonable to use the conventional 
feature fusion method (fixed weight). Determining how to 
dynamically assign different weights to different models 
will also further improve the performance of the model.

Figure 1. The influence of part of speech on ABSA

Based on the above analysis, this paper presents the 
following innovations:
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1. Opinion-Aware Attention Mechanism for ABSA 
We introduce opinion words into the Aspect-Based 

Sentiment Analysis (ABSA) task by constructing an 
opinion-aware attention mechanism. This mechanism 
extracts words in the text that are most likely to be opinion 
words, thereby enhancing the accuracy of sentiment 
classification through the use of Multi-Task Dynamic Joint 
Training (MDJT).

2. Enhanced Feature Representation through Dual 
Encoders 

Our model improves text feature representation by 
learning both semantic features and graph-structured 
representations. This is achieved through the construction 
of a Text Encoder and a Graph Encoder.

3. Dynamic Weight Allocation Strategy 
To address the subjective judgment regarding the 

importance of specific modules, we propose a dynamic 
weight allocation strategy that adapts based on the 
contributions of each module.

4. Comprehensive Evaluations on Benchmark Datasets   
Extensive evaluations conducted on the Restaurant 

and Laptop datasets demonstrate that our proposed model 
significantly outperforms baseline models.

2  Related Works

Deep neural networks and graph neural networks have 
achieved great success in the ABSA task. Today, most deep 
neural networks are based on traditional neural networks 
(CNN, LSTM, etc.) or pre-trained models (BERT, etc.). 
Most graph neural networks are based on GNN, GAT, etc. 
Below, we present important work based on them in the 
ABSA task.

2.1 Semantic Feature Extractor 
To better solve the ABSA task, researchers have made 

further explorations into deep neural networks, such as 
Dong; Tang; Chen et al. [8-12] who used neural network 
models to extract sentence feature representations. On 
this basis, Wang; Ouyang et al. [13-14] combined lexical 
resources with neural networks to achieve state-of-the-
art performance on the ABSA task. Due to the lexical and 
syntactic complexity of language, for two different aspect 
words in the same sentence to express opposite emotions, 
it is inappropriate to use neural networks to assign only 
sentence-level sentiment polarity. Therefore, some 
researchers strive to use the syntactic structure of sentences 
to establish connections and then use dependency-based 
parse trees to provide more comprehensive syntactic 
information, such as Li; Nguyen et al [15-17]. However, 
this kind of method cannot extract the features of the 
words around the aspect words very well. With the birth 
of the pre-trained model Bert [18], it has achieved success 
in natural language processing (NLP) tasks including 
ABSA. For example, Li et al. [19] exploited Bert’s end-
to-end approach to explore the ABSA task. Sun et al. 
[20] transformed the ABSA task into a sentence pair 
classification task by constructing auxiliary sentences. 
Chen et al. [21] used Bert as a feature extractor and 

adopted a machine reading comprehension approach to 
solving the ABSA task. 

Several other efforts have also been explored in 
the ABSA mission. In neural networks, some models 
used RNN variants such as LSTM and GRU to encode 
representations of sentences. Gu et al. [22] improved the 
performance by considering the location of aspect words. 
Zheng and Xia [23] used LSTMs to extract sentence 
contextual semantic features and target word feature 
representations while considering the interaction between 
target words and context. Majumder et al. [24] used a GRU 
and an attention mechanism to learn feature representations 
of sentences. However, these neural network-based 
methods ignore the syntactic dependencies between aspect 
words and opinion words.

2.2 Graph Structure Feature Extractor 
Recently, the combination of graph neural networks 

and dependency trees has achieved good results in the 
ABSA task. Zhang et al. [25] used graph convolutional 
neural networks (GCNs) to learn dependency tree node 
feature representations and used them along with other 
features for sentiment classification. Huang and Carley 
[26] used a graph attention network (GAT) to build 
dependencies between words. Sun et al. [27] proposed a 
method based on dependency tree convolution to reduce 
the distance between aspect words and opinion words 
so that dependencies can be efficiently stored in long 
sentences. Wang et al. [28] proposed an aspect-oriented 
dependency tree structure, which reconstructs the original 
dependency tree and builds a tree with aspect words as the 
root node.

3  Model

The structure of our model is shown in the Figure 2 
below, which consists of four parts: the Encoder Layer, 
the Feature Fusion Layer, the Opinion Attention Layer, 
and the Output Layer. Suppose the input sentence is: X = 
{x1, x2, xi−1, xi, xi+1, xN}. The goal of our main task is three-
category sentiment polarity: to classify sentiment for each 
aspect word in sentence X. The goal of the auxiliary task 
is multi-classification of opinion words: judging whether 
that sentence X belongs to one or several opinion word 
categories.

3.1 Encoder Layer
The word embedding layer (Encoder Layer) includes 

two modules: Text Encoder and Graph Encoder, which 
function to extract the semantic features of text and the 
graph-structured features of text, respectively. 
3.1.1 Text Encoder 

For a comment text consisting of N words X = {x1, x2, ..., 
xN}, the Text Encoder mainly extracts the semantic features 
of each word according to the contextual information of 
the text. BERT, a pre-trained model proposed by Google 
in 2018, has been experimentally verified to achieve good 
results in natural language processing tasks. Subsequently, 
researchers have proposed various pretrained models based 
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on BERT improvements, such as Roberta, Albert, etc., 
and have achieved good results. Inspired by the successful 
practice of many NLP tasks, this chapter adopts the initial 
pre-trained model BERT when extracting text semantic 
features, which is composed of 12-layer Transformer 
blocks and has a strong feature extraction ability. Of 
course, other pre-trained models can also be used. A 
transformer with 12 layers, along with the hidden layer 
features of the last layer of the Transformer, are used as 
the feature representation of the entire sentence. The Text 
Encoder part is as follows: 

1 2([ , , , ])b
NH TextEncoder x x x=  (1)

where Hb∈RN×d and d represents the dimension of the 
hidden layer vector. The Text Encoder mainly extracts 
the semantic features of each word (including context 
information) according to the context information of 
the text. It can be replaced by traditional neural network 
models, such as CNN and LSTM. It can also be replaced 
by pre-trained models, such as Roberta and Albert.
3.1.2 Graph Encoder 

The Graph Encoder mainly uses a graph neural 
network to extract graph-structured features of the text. 
Given a graph G, the graph-structured feature extractor 
mainly learns the word vector representation of the graph 
structure g = G(g,{xv}), where G(·) represents the graph 
structure feature extractor and {xv} represents the initial 
node representation of the input graph structure feature 
extractor. The Graph Encoder part is as follows:

1 2([ , , , ])g t t t
NH GraphEncoder H H H=  (2)

where Hg∈RN×f and f represents the feature dimension of 
each node. Similar to the Text Encoder, the Graph Encoder 
does not have a fixed model. The function of this part is 
only to extract the graph structured features of the text. 
GCN network, GAT network, or R-GAT network can also 
be used. Our model uses the GAT network to extract the 
graph-structured features between words and the R-GAT 
network to extract the graph-structured features of the 
dependencies between words.

Graph Attention Network: The dependency tree can 
be represented by a graph g with n nodes, where the graph 
g represents the composition of a sentence with a certain 
word as the root node. For any root node i, its neighbors 
Ni constitute a feature on the graph; that is, the structural 
relationship of the graph, where the edges of g represent 
the dependencies between words. For each root node i, 
the GAT method is used to learn the feature representation 
between the vertex and its adjacent vertices:
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where W is a shared parameter, hij represents the initialized 
feature representation of node i and node j, respectively, 
and [·||∙] represents the splicing of the two features. a 
represents the shared attention mechanism: RF×RF→R 
and h'

i represents the new feature (combined with neighbor 
information) of each node output by GAT.

Figure 2. Framework of MDJT

Relational Graph Attention Network:  In the 
dependency tree, GAT only learns the relationship 
between nodes and their neighbors and does not consider 
the dependencies between nodes, which may lose some 
important dependency information. The importance of 
dependencies between different nodes is not the same. 
For example, given a text “The food in this restaurant is 
delicious”, the dependency nsubj between node [food] and 
node [delicious] is more important than the information 
contained in the dependency det between node [food] 
and node [The]. This paper utilizes the R-GAT network 
to learn the weight distribution of different dependencies 
among nodes. First, map the dependencies into a vector 
representation, and then compute the relational attention 
as:
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Among them, W and b are trainable parameters, rij 
represents the word vector expression of the dependency 
between node i and node j, and h'

r represents the new 
feature of each vertex i that is output by using R-GAT to 
fuse the dependency information between nodes.

3.2 Feature Fusion Layer
To solve different tasks (the main task is the three-

category task of aspect words and sentiment; the auxiliary 
task is the multi-classification task of opinion words), 
different neural network models need to be built, and each 
model will include multiple modules. Different modules 
extract different semantic features, and for different tasks, 
the importance of each module is also different. This paper 
proposes three weight dynamic allocation strategies to 
dynamically assign weights to different modules.
3.2.1 Weight Dynamic Allocation Strategy Based on 

Gating Mechanism
The strategy is mainly to map the feature between 0 

and 1 through the gating mechanism, and this value is 
the weight of the relative importance of the feature. The 
weights are dynamically assigned to the semantic feature 
Hb and the graph-structured feature Hg through the gating 
mechanism: the weight of Hb is: α = sigmoid(Hb ∙ Wb). 
Then, the weight of Hg is: β = 1.0 − α. So, the final output 
based on the gating mechanism is: output = α ∙ Hb+ β ∙ Hg.
3.2.2 A Weight Dynamic Assignment Strategy Based on 

Parameter Adaptive
This strategy is an improvement on the gating 

mechanism, which solves the problem that gating only 
considers the importance of unilateral features, and its 
weight is the percentage of each module to the total 
modules. Using the parameter adaptation mechanism to 
dynamically assign weights to the semantic feature Hb and 
the graph-structured feature Hg:

( )b
b bweight sigmoid H W= ⋅ (9)

( )g
g gweight sigmoid H W= ⋅ (10)

/ ( )b b gweight weight weightα = + (11)

1.0β α= − (12)

Therefore, the final output based on the parameter 
adaptation mechanism is: output = α ∙ Hb+ β ∙ Hg.

3.2.3 Dynamic Weight Allocation Strategy Based on Kl 
Divergence

This strategy is to calculate the distance between 
modules, and the distance value is the weight of the 
module. Inputting each batch of data into different modules 
will get different features, and the features obtained by 

better data through different feature extractors should 
have a greater degree of discrimination. The degree of 
discrimination is measured by the distance between 
modules. The larger the distance, the more obvious the 
degree of discrimination between features; on the contrary, 
the degree of discrimination between features is relatively 
insignificant. That is, the weight dynamic allocation based 
on KL divergence is important to filter batch data. Using 
the KL divergence mechanism to dynamically assign 
weights to the semantic feature Hb and the graph-structured 
feature Hg,  we calculate softmax and logSoftmax 
separately for Hb:
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Calculate softmax and logSoftmax separately for Hg:
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The final weights are as follows:
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Where N represents the number of batches. Therefore, the 
final output based on the parameter adaptation mechanism 
is: output = α ∙ Hb+ β ∙ Hg.

3.3 Opinion Attention Layer
We extract the opinion words from the Restaurant 

and Laptop datasets for deduplication as the label of the 
auxiliary task, denoted as yo. First, map the labels to the 
same feature space as the output of the Feature Fusion 
Layer, which is: output   Rf and yo   Rf. Through 
the word embedding layer, each label is encoded into 
the corresponding word vector representation ci through 
Glove technology. Then, label yo is encoded into a two-
dimensional matrix as: C = {c1, c2, ..., ck}. where K 
represents the number of labels.

We use the Opinion Attention Layer to extract the 
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features that are most likely to be opinion words in the 
text. That is, each token in this article is weighted, and the 
closer to the opinion word, the greater the weight of the 
token. The weight can be obtained by Formula (20):

(( ) )Tsoftmax C output Mβ = ⋅  (20)

Where M is a normalized matrix of size K × f, and each 
element in this matrix is the L2 norm product of the k-th 
label and the t-th word, mkt = |ck| ∙ |outputt|. The softmax 

value of the l-th element is: 
'' 1

( )
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l L
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exp a
exp a
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=

=
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The final output after Opinion Attention Layer is:
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3.4 Output Layer
In this paper, MDJT is used to improve the accuracy 

of sentiment classification. The Polarity Task is used as 
the main task to classify the sentiment of aspect words; 
the Opinion Task is used as an auxiliary task to extract the 
features that are most likely to be opinion words in a piece 
of text. By optimizing the loss value of this task, the main 
task can achieve a better classification effect.
3.4.1 Main Task—Polarity Task

After Section 3.1.1 Text Encoder and Section 3.1.2 
Graph Encoder, the semantic feature Hb and graph 
structural feature Hg of the text can be extracted, and the 
output is obtained through the Section 3.2 Feature Fusion 
Layer. After linear activation by tanh, the probability of 
mapping to different emotional polarities through the 
softmax layer is as follows:

2 1 1 2( ) ( ( ) )p p p pP p softmax W tanh W output b b= ⋅ ⋅ + + (22)

Use cross-entropy to calculate the loss value for the main 
task:

1
( , )

( ) ( )p
S A pin

logP pθ
∈

= − ∑ ∑
D A

 (23)

Among them, D means that it contains all sentence-aspects 
pairs, and A means that all the aspect words appearing 
in the sentence S are set. θ1 represents the parameters for 
which the model can be trained.
3.4.2 Auxiliary Task—Opinion Task

Through the Opinion Attention Layer in Section 3.3, 
the output is O, and after the tanh linear activation, the 
softmax layer is also used to extract the features that are 
most likely to become opinion words in each data; that is, 
multi-classify each text, as shown below:

2 1 1 2( ) ( ( ) )o o o oP o softmax W tanh W O b b= ⋅ ⋅ + + (24)

Use cross-entropy to calculate loss values for auxiliary 
tasks:

2
( , )

( ) ( )o
S O oin

logP oθ
∈

= − ∑ ∑
D B

 (25)

Among them, D indicates that all sentence-aspects pairs 
are included, and B indicates that all opinion words 
appearing in sentence S are set. θ2 represents the model 
trainable parameters.
3.4.3 Joint Learning

Joint training is the connection between the main task 
and the auxiliary task. The main task is the three-classifica-
tion task of aspect words and sentiment, and the auxiliary 
task is the multi-classification task of opinion words. By 
optimizing the loss value of the auxiliary task, the model 
can learn a better feature representation, thereby improving 
the accuracy of the main task sentiment classification.

1 2( ) ( )p oθ θ= +   (26)

4  Experiment 

4.1 Experimental Settings 
4.1.1 Datasets Introduction

To ver i fy  that  the  proposed model  has  good 
effectiveness, this paper uses two base datasets, Restaurant 
and Laptop, for model training. It is derived from the 
SemEval2014 tasks, which are review texts for laptops and 
restaurants. The dataset for each domain is divided into the 
training set and test set. Table 1 summarizes the statistics 
of the dataset.

Table 1. Details of Restaurant and Laptop datasets

Dataset
Positive Neutral Negative

Train Test Train Test Train Test

Restaurant 994 341 870 128 464 169

Laptop 2164 728 807 196 637 196

The experiments in this paper are mainly based on the 
above two datasets. Since these two datasets are widely 
used, we modify the datasets accordingly to suit the 
experiments on this task. The main modifications include: 
(1) Add the opinion field and convert the two-tuple {aspect, 
sentiment} to the triple {aspect, sentiment, opinion}. (2) 
The amount of data is smaller than the size of the original 
data set.
4.1.2 Implementation Details

The experimental parameters involved in this model 
are shown in Table 2. Among them are sets according 
to experience: GloVe\_emb, gcn\_emb, hidden\_size, 
batch\_size, dep\_relation\_emb. Tuning according to the 
experimental results are max\_hop, num\_heads, num\_
gcn\_layers, and learning\_rate.
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Table 2. Model parameter settings

Parameter name Parameter 
value

Parameter name 
explanation

GloVe_emb 300 Dimensions of GloVe word 
vectors

gcn_emb 300 The dimension of the GCN 
encoded-word vector

hidden_size 300 The dimension of the 
hidden layer vector

batch_size 32 Batch size
dep_relation_
emb 300 Dimensions of Dependency 

Embedding

max_hop 4 Maximum number of 
neighbor hops

num_heads 7 Gat headcount 

num_gcn_layers 1 The number of layers of 
gcn

gcn_dropout 0.2 Drop rate for GCN
learning_rare 1e-3 Learning rate

4.2 Experimental Results and Analysis
The model in this paper is mainly for experimental 

analysis of fine-grained sentiment classification. The 
model is mainly designed based on a semantic feature 
extractor and graph-structured feature extractor. Therefore, 
some mainstream models are selected for comparison on 

Restaurant and Laptop datasets, including Text Encoder 
and Graph Encoder.

Text Encoder
LSTM: A long-short-term memory network is used to 

extract contextual semantic features in texts and further 
classify them.

RAM [11]: Adopts a multi-attention mechanism to 
capture distant emotional features and is more robust to 
irrelevant information.

BERT  [18]: Use a pre-trained model to solve 
downstream tasks.

Graph Encoder
ASGCN [25]: To resolve syntactically irrelevant 

contextual words incorrectly judged as aspect sentiment 
cues, Zhang et al. proposed to use graph convolutional 
networks to build sentence dependency trees.

CDT [27]: Sun et al. proposed a method based on 
dependency tree convolution to reduce the distance 
between aspect words and opinion words so that 
dependencies can be efficiently stored in long sentences.

GAT [29]: To learn the importance of different 
neighbor nodes in the graph structure, an attention 
mechanism is introduced. 

R-GAT  [13]: Wang et al. proposed an aspect-
oriented dependency tree structure to rebuild the original 
dependency tree by constructing a tree with aspect words 
as root nodes.

Table 3. Model experiment comparison results

Category Model Restaurant Laptop
Accuracy Macro-F1 Accuracy Macro-F1

Text encoder
LSTM 79.10 69.00 71.22 65.75
RAM 80.23 70.80 74.49 71.35
BERT 85.62 78.28 77.58 71.38

Graph encoder

ASGCN-DT 81.39 72.19 75.33 70.95
ASGCN-DG 81.78 73.47 74.24 70.70

CDT 81.83 72.54 71.30 65.89
GAT 78.21 67.17 73.04 68.11

R-GAT 89.52 80.22 77.68 63.61
Ours (Polarity task) model1 89.52 78.10 79.77 63.29

Ours (Joint task) model2 90.02 80.91 82.24 71.84

This article deals with the Restaurant and Laptop 
datasets, adding the opinion field and reducing the amount 
of data. Running the above models on the new dataset 
found that the results were slightly lower than the results 
of the original paper on the original dataset. For the sake of 
fairness, the better results in the original paper were used 
as a comparison with the performance of the model in this 
paper. The following two conclusions can be drawn from 
Table 3: (1) Our model is better than any other baseline 
model on either the Laptop dataset or the Restaurant 
dataset. On the evaluation metrics, it can be seen that 
our model performs better on the Laptop dataset, but on 
the Restaurant dataset, there is only a relatively small 
improvement in the ACC and F1 evaluation metrics. This 
phenomenon is mainly due to the difference in the number 

of aspect words and opinion words between datasets. 
Secondly, the domain differences of the datasets will also 
affect the model effect. (2) Comparing the performance of 
the single-task (Polarity Task) and multi-task (Joint Task) 
models, it is found that the effect of the multi-task model 
is better than that of the single-task model, which further 
verifies that the introduction of the opinion word field in 
this paper can be better. Connect the relationship between 
aspect words and sentiment words so that the model can 
achieve better results.
4.2.1 Comparison with Text Encoder

In this subsection, we compare our model with a 
semantic feature extractor model. LSTM further makes 
emotional judgments based on the contextual semantic 
features of the text; on this basis, RAM uses the fusion 
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of LSTM and attention mechanism to capture distant 
emotional features, thereby improving the accuracy of 
emotional classification. LSTM and RAM both are based 
on LSTM as the underlying feature extractor, while BERT 
is based on transform as the underlying feature extractor. 
The feature extraction capability of transform is due to 
LSTM, so the effect of BERT is due to LSTM and RAM. 
Our model is based on BERT as the underlying feature 
extractor; it extracts the graph-structured features of the 
text by constructing a graph-structured feature extractor 
and performs feature fusion through a weight dynamic 
allocation strategy. It is seen in Table 3 that its effects are 
better than Text Encoder.
4.2.2 Comparison with Graph Encoder

In this subsection, we compare our model with a graph-
structured feature extractor model. As shown in Table 3, 
it can be concluded that through the comparative analysis 
of ASGCN, CDT, GAT, and RGAT, the graph structure 
features constructed by the syntactic dependencies 
between aspect words and other words can indeed improve 
the effectiveness of the model. However, comparing the 
above model with the model in this section, it is found 
that not only are the graph-structured features of the text 
considered, but also the semantic features of the text can be 
further improved in the classification effect of the model.
4.2.3 Discussion

The effect of attention headcount: In this paper, the 

graph-structured features of the text are extracted by Graph 
Encoder. Our model uses GAT and R-GAT to extract 
graph-structured features between tokens in text and 
graph-structured features to extract dependencies between 
tokens in text, respectively. This paper uses the multi-head 
attention mechanism to extract features from different 
angles. This part discusses the effect of different numbers 
of attention heads on the experimental results. Define a set 
H={1, 2, 3, 4, 5, 6, 7, 8, 9, 10} of the number of attention 
heads, select the value of the number of attention heads 
of the model in this paper from this set, and observe its 
performance on Restaurant and Laptop datasets. As shown 
in Figure 3, when head=7, the ACC and F1 evaluation 
metrics achieve the best results on the Restaurant and 
Laptop datasets, respectively. 

Impact of Maximum Neighbor Hop Count: 
Similarly, when using GAT and R-GAT to compose text, 
the maximum number of neighbor hops may also affect 
the effectiveness of the model. This section discusses the 
effect of the maximum number of neighbor hops on the 
experimental results. Similarly, define a set H={1, 2, 3, 
4, 5, 6, 7, 8, 9, 10} with the largest number of neighbor 
hops, and observe the ACC and F1 evaluations of the 
experiments on the Restaurant and Laptop datasets. The 
results are shown in Figure 4. When maxhop = 4, the ACC 
and F1 values achieve the best results on the Laptop and 
Restaurant datasets, respectively. 

Figure 3. The effect of the number of attention heads on the experimental effect

Figure 4. The influence of the maximum number of hops on the experimental effect
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Influence of Feature Fusion Strategies: Section 3.2 
Feature Fusion Layer proposes three weight dynamic allo-
cation strategies: (1) weight dynamic allocation based on 
gating mechanism (2) weight dynamic allocation based on 
parameter adaptation (3) weight dynamic allocation based 
on KL divergence. This part mainly discusses the exper-

imental effect comparison between the weight dynamic 
allocation strategy and the fixed weight. 

From the Figure 5, it can be found that the effect of pa-
rameter adaptation and KL divergence for weight dynamic 
allocation is better than that of fixed weight, and the effect 
of the gating mechanism is worse than that of fixed weight.

Figure 5. Comparison of weight dynamic allocation strategy and fixed weight effect

5  Conclusion

This paper proposes the Multi-Task Dynamic Joint 
Training (MDJT) framework to address the Aspect-
Based Sentiment Analysis (ABSA) task.  First ly, 
given the grammatical complexity of the text and the 
interrelationships between aspect words and other 
words, we employ a combination of BERT Encoder 
and Graph Encoder to extract both semantic features 
and graph-structured features of the text. Secondly, to 
fully leverage the features of opinion words, our model 
adopts a multi-task learning approach based on the triplet 
{aspect, sentiment, opinion}. The primary task focuses 
on classifying each aspect word, while the auxiliary task 
aims to extract the most significant words in the text that 
are likely to represent opinion words. By optimizing the 
loss value of this auxiliary task, we can further enhance 
the accuracy of the primary sentiment classification 
task. Finally, as abstract feature extractors, the BERT 
Encoder and Graph Encoder open avenues for future 
work, where different models may be employed for 
feature extraction. Potential alternatives include utilizing 
RoBERTa or ALBERT for text feature extraction and 
employing Graph Isomorphism Networks for extracting 
graph-structured features. At the same time, our method 
still has some shortcomings, such as the consumption of 
computing resources which can be further optimized, and 
its performance in other fields needs to be verified.
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