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Abstract. Aspect-Based Sentiment Analysis (ABSA) is a significant task in the field
of natural language processing, and the existing ABSA models not only lack the min-
ing of sentiment knowledge, but also ignore the semantic feature representation of text.
To address the above issues, this article designs an ABSA method relied on knowledge
enhancement and Pre-trained Language Model (PLM). Firstly, a syntactic dependency
graph is constructed based on the sentiment knowledge of the text to integrate the syntac-
tic and sentiment information in the sentence. On this basis, PLM is utilized to encode
words and sentences in the text context to enrich the semantic feature representation of
the text. Secondly, the dependency graph of the sentence is enhanced by using emotional
knowledge and the dependency types between words, and the node features are modeled
by graph convolutional network to get the specific aspectual representation enhanced by
emotional knowledge; meanwhile, the conceptual graph is enhanced by using conceptual
graph for the aspectual word concepts and then fused with the specific aspectual repre-
sentation to get the aspectual representation enhanced by multi-source knowledge. Then
designing a dual interaction attention mechanism to realize the fusion of context and
aspect features. Finally, the fused characteristic information is adopted as the input of
the fully connected layer, and the softmax function is used to output the final sentiment
polarity classification. The experimental outcome indicates that the suggested method
outperforms the comparison model on the Restaurant and Twitter datasets, and better
experimental outcome are obtained.
Keywords: Aspect-based sentiment analysis; Knowledge enhancement; PLM; Graph
convolutional network; Interactive attention mechanism

1. Introduction. As social networks and Internet applications rapidly growing, more
and more user reviews appear on major Internet platforms. Usually, the sentiment ten-
dency of these comments is valuable for mining users’ preferences and understanding their
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behaviors. However, traditional sentiment analysis only judges the overall sentiment po-
larity of the comment text, which cannot satisfy the users’ demand for fine-grained analysis
of different aspects of sentiment tendency, therefore, researchers proposed Aspect Based
Sentiment Analysis (ABSA) [1, 2]. Unlike traditional coarse-grained emotional analysis,
ABSA is a fine-grained emotional analysis task. Since this technique can directly extract
the sentiment corresponding to the aspect words that the user cares about, thus helping
the user to understand the point of view expressed in the sentence [3, 4], how to discrim-
inate the sentiments of different aspect words present in a sentence has rapidly become
a hot research topic in the field of Natural Language Processing (NLP) since the ABSA
task was first proposed.

1.1. Related work. Early ABSA methods usually base their polarity judgments on sen-
timent lexicons and linguistic rules, or build supervised sentiment classifiers based on ma-
chine learning. Hardeniya and Borikar [5] proposed a lexicon-based approach to extract
the corresponding sentiment polarity for both explicit and implicit aspects. Haselmayer
and Jenny [6] optimized the lexicon-based approach by using a tree kernel to identify
the association between aspect and viewpoint, and achieved better performance. Rao et
al. [7] proposed a combination of sentiment lexicon and SVM to extract aspect-based
sentiment polarity, which achieved excellent ABSA performance at that time. Jain et al.
[8] joined the enhanced PSO method with SVM categorization method, which effectively
avoided the defects of traditional sentiment lexicon that is affected by word order and
different contexts.

As deep learning technology developing, neural networks have been applied to the field
of NLP in a large amount of applications. Zeng et al. [9] used LSTM [10] to model the
context before and after the target aspect respectively. Xu et al. [11] modeled the syn-
tactic and emotional relation among the aspect items in a sentence and the surrounding
context words by BiLSTM. Onan [12] used recurrent neural networks to learn emotional
intensity words, negation words, and context-sensitive words in sentences, which enhanced
the sentiment representation of the text from the perspective of contextual syntax. Li
and Chai [13] used statistical methods to extract attribute words of the comment text to
construct attribute-level text feature vectors, and used CNN networks for fine-grained sen-
timent analysis. Rammo and Al-Hamdani [14] proposed using CNN to classify languages
from short audio samples, and their methods, such as feature extraction and deep learn-
ing frameworks, have potential implications for multi-emotion classification in sentiment
analysis tasks.

Recently, considering the importance of syntactic knowledge in ABSA tasks, Graphical
convolutional network (GCN) models based on dependency trees have gradually been a
research hotspot of ABSA. Wei et al. [15] built an undirected graph based on dependency
trees and used GCN to learn contextual representations that contain syntactic knowledge.
Huang et al. [16] input syntactic dependency graphs into a GCN to perform syntactic
augmented embedding of sentence representations. Liu et al. [17] embed knowledge graph
triples into word sequences and correspond multiple targets to text to realize knowledge
enhancement in multiple scenarios.

Deep learning-based sentiment analysis approaches for different domains need to be tar-
geted and trained from scratch, which will cost much training time, Pre-trained Language
Model (PLM) was suggested in 2018, which deals with exactly the above-mentioned issue.
OpenAI suggested GPT [18], which utilizes Transformer [19] as a characteristic extractor.
Google suggested the BERT [20] pre-training language model, and the effect was recog-
nized by the industry. The PLM BERT-wwm [21], which is specialized for Chinese, and
the model ERNIE [22], which incorporates emotional knowledge, have appeared. Even
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Ding [23] and Tan [24] combined PLM with deep learning networks and verified that this
method is superior to the traditional deep learning-only or pre-trained language sentiment
analysis algorithms.

1.2. Contribution. In the task of ABSA, existing research focuses on mining semantic
information and syntactic dependency constraints of comment statements, and fails to
comprehensively consider the effects of affective knowledge, conceptual knowledge, and
the type of syntactic dependency between words on the accuracy of aspectual sentiment
tendency discrimination. To address this issue, an ABSA method based on knowledge
enhancement and PLM is proposed. Firstly, a syntactic dependency graph is constructed
based on the sentiment knowledge of the text to better extract aspect-oriented sentiment
information. On this basis, PLM is utilized to encode words and sentences in the text
context to improve the semantic representation of the text. Next, external sentiment
knowledge is utilized to weight the adjacency matrix of the GCN to effectively incorporate
the sentiment information. Meanwhile, conceptual knowledge is utilized to enrich the
aspect representation. Finally, the dual interaction attention method is adopted to realize
the feature fusion of context and aspect. The fused features are used as inputs to the
fully connected level, and the softmax operation is adopted to output the final sentiment
polarity classification.

2. Related theoretical analysis.

2.1. Pre-trained language model. BERT is a PLM based on the Transformer struc-
ture, and its key innovation lies in its bi-directional context encoding method [25]. While
traditional unidirectional language models only consider the context information on the
left or right side of the target vocabulary, BERT is able to consider the context information
on both sides of the target vocabulary. Compared to previous techniques such as GPT
and ELMo, which employ unidirectional or shallow bi-directional strategies respectively,
BERT’s bi-directional context encoding approach provides better semantic representation,
and BERT captures deep bi-directional contextual representations through unsupervised
learning in the pre-trained phase, and then adapts the model for a specific task in the
supervised fine-tuning phase, thus achieving excellent performance on a variety of NLP
tasks.

2.2. Graphical convolutional network. Although neural network models such as RNN,
LSTM, etc. have shown their powerful ability to extract text features in NLP tasks, there
are still a large number of unstructured features such as referential and syntactic relations
in natural language, which can only be accurately represented by graph structures. The
fundamental idea of GCN [26] is to extract the graph information by aggregating the
features of each node in the graph structure with the features of its neighboring nodes.
GCN extends the convolutional operation from the traditional data to the data of the
graph structure. The structure of the GCN is indicated in Figure 1.

In the GCN learning process, not only the feature vector representation of each node is
input to the model, but also the connection relationship between nodes, i.e., the adjacency
matrix. For a stacked multi-level GCN model, the mapping relationship of each level is
as bellow.

H l+1 = f(H l, A) (1)

GCN in the learning process, the neighbor node information of a node can be obtained
and aggregated simply by multiplying the adjacency matrix with the node features, as
implied below.
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f(H l, A) = δ(AH lV l) (2)

where V l is the weight matrix of the l-th level of the GCN and δ is a nonlinear activated
operation.

Further, the adjacency matrix A in the above model is normalized by adding the diag-
onal matrix of node degrees as implied below.

f(H l, A) = σ
(
D̂− 1

2 ÂD̂− 1
2H lV l

)
(3)

where D̂− 1
2 ÂD̂− 1

2 is also known as the Laplace matrix of the graph.
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Figure 1. The framework of the GCN model

3. Syntactic dependency graph construction based on affective knowledge. For
better ABSA, this chapter constructs a syntactic dependency graph based on the senti-
ment knowledge of the text. The dependency graph integrates syntactic and sentiment
information in sentences to better extract aspect-oriented sentiment information. The
syntactic dependencies are enhanced by integrating the syntactic knowledge from the
SenticNet lexicon [27] and incorporating the attention mechanism. The steps in detail are
as follows:

(1) Construct syntactic dependency graph. Firstly, we use spacy syntactic parser to
achieve the syntactic dependency tree of the text, take ”The food is very good” as an
example, and improve the directed syntactic dependency to an undirected syntactic de-
pendency, and consider the self-cycling of each word, as implied in Figure 2. Relied on
the syntactic analysis, the syntactic dependency DSyn

ij ∈ Rn×n of the text is derived, and
the mathematical expression is as follows.

Dij =

{
1 wi, wj contains dependency

0 others
(4)

DSyn
ij = Dij + (Dij)

T + I (5)

where I refers to the unit matrix; and (Dij)
T is the transpose matrix of Dij.

(2) Integrate the sentiment information from the SenticNet lexicon to obtain sentiment
knowledge and generate a text sentiment dependency graph ASco

ij ∈ Rn×n, as follows.
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Sij = Score(wi) + Score(wj) (6)

In addition, to highlight aspect terms in syntactic dependencies, an aspect term adja-
cency matrix Tij ∈ Rn×n is constructed by setting the value to 1 when an aspect term
exists in the sentiment dependency tree.

Tij =

{
1 wi, wj is aspect

0 others
(7)

The final textual sentiment dependency graph SSco
ij ∈ Rn×n is implied below.

SSco
ij = Sij + Tij + 1 (8)

(3) Generating textual contextual relevance dependency graphs using textual word
embedding and attention mechanisms AAtt

ij ∈ Rn×n.

AAtt
ij = softmax

(
hiwq × (hjwk)

T

√
d

)
(9)

where hi and hj are the embedding representations of the i-th and j-th words of the
text S, individually, and wq and wk are two parameter matrices that can be trained by
the neural network.

(4) Enhance the syntactic dependency of the text using the emotional knowledge and
contextual relevance of the text, and integrate the contextual semantic relevance and
emotional knowledge of the text into the syntactic dependency of the text to obtain the
syntactically enhanced dependency graph ASAG

ij ∈ Rn×n.

ASAG
ij = AAtt

ij × SSco
ij ×DSyn

ij (10)

Syntax-enhanced graph convolutional networks are constructed based on the above
syntax-enhanced dependency graph ASAG

ij ∈ Rn×n to output text syntactic features for
subsequent aspect-based sentiment analysis tasks.

very

The

food is good

Figure 2. Example diagram of syntactic dependencies

4. Aspect-based sentiment analysis based on knowledge enhancement and
PLM.
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4.1. PLM-based encoding of contextual information. On the basis of constructing
syntactic dependency graphs, this paper proposes an ABSA method based on knowledge
augmentation and PLM, which firstly uses PLM to encode words and sentences in the
textual context, and secondly, utilizes external sentiment knowledge to weight the adja-
cency matrix of the graph convolutional network to effectively incorporate the sentiment
information. Meanwhile, conceptual knowledge is utilized to enrich the aspect represen-
tation. Then, the dual interaction attention mechanism is suggested to realize the fusion
of characteristic information of context and aspect. Finally, the softmax operation is used
to output the final emotional polarity classification. The whole model of the suggested
method is implied in Figure 3.
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Figure 3. The whole model of the suggested method

Given a word sequence s = [ϖ1, ϖ2, ..., ϖb1 , ..., ϖbm , ..., ϖn], where b = [ϖb1 , ..., ϖbm ]
denotes an aspect containing m words. The text words are embedded into a dimensional
feature space cϖ using BERT in PLM to obtain the corresponding continuous word vectors
e = [e1, e2, ..., eb1 , ..., ebm , ..., en], ei ∈ Rcϖ . Then the word vectors are input into BiLSTM
to obtain the contextualized sentence representation gd = [gd1 , g

d
2 , ..., g

d
n].

The obtained vectors and lexical and syntactic dependency graphs are used as inputs
to obtain better representations with the help of local hierarchical lexical graphs and
hierarchical syntactic graphs, which are further interacted with the context processed by
BiLSTM. The local syntactic graph and the lexical graph contain hierarchical structures,
so they can be operated by using bi-level GCNs that can aggregate relations.

(1) First, nodes with the same relationship are aggregated to virtual nodes, and then
the same sum of normalized hidden features is used as the aggregation function in GCN
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to obtain virtual node embeddings, with each relationship type r corresponding to the
representation g̃l,ri . where l is the layer number and i is the target node for aggregation.
(2) Next, all virtual nodes and their relationships are aggregated and the representation

of the target node i is updated for different relationship types (virtual nodes) using the
average aggregation function.

gli = ReLU

(
Vl ·

(⊕
r

g̃l,ri

))
(11)

where
⊕

r denotes the connection corresponding to the representation of different rela-
tion types and Vl denotes the weight matrix in the l-th level.

4.2. Aspect information coding based on knowledge enhancement and GCN.
Based on the syntactic dependency graph constructed in Section 3, the SenticNet Sen-
timent Dictionary is used to analyze the sentiment of the review utterances, and then
the extended sensitivity relations are incorporated into the GCN to achieve sentiment
enhancement; secondly, the conceptual map is used to enhance the a priori conceptual
knowledge of the aspect words.

(1) Emotional knowledge enhancement. First, the neighbor matrix is obtained on the
syntactic dependency graph Tij. In this article, the adjacency matrix is constructed by
considering the dependencies of the words themselves, i.e., Tii = Tjj = 1.
On this basis, to fully utilize the emotional information among context words and

aspect words, the SenticNet emotional lexicon is used with the help of SenticNet, where
SenticNet(ϖi) ∈ [−1, 1] denotes the sentiment score of word ϖi. When SenticNet(ϖi) = 0
represents that ϖi is neutral or does not exist in SenticNet. The emotional dependency
strength of neighboring nodes denoted as Sij, as shown in Equation (6).
In addition, considering whether ϖi, ϖj are aspect words or not, the aspect-enhanced

matrix Zij is constructed, Zij = 1 when it contains aspect words, and Zij = 0 otherwise,
to obtain the sentiment-enhanced matrix Bij.

Bij = Tij × (Sij + Zij + 1) (12)

The processed sentiment adjacency matrix Bij is taken as input and every nodes in the
l-th GCN level is updated in terms of the obscured representation of its neighborhood.

gli = relu(B̃l−1
i V l + dl) (13)

hl−1
i = F (gl−1

i ) (14)

where hl−1
i denotes the input hidden state of node i at level l in the GCN, B̃ is the

standardized symmetrical adjacency matrix: B̃i = Bi/(Ei + 1), where Ei =
∑n

j=1Bi,j,

V l are linear transformation weight matrices, dl is a predetermine term, and F (∗) is
a location-aware transformation operation that enhances the importance of the context
close to the aspect and reduces the noise generated during the process.

The output of the l-th layer GCN is Gl = {gl1, gl2, ..., glb1 , ..., g
l
bm
, ..., gln}.

To emphasize the important characteristics of aspect words, aspect-specific masking [28]
is utilized to mask the non-aspect words of the output vectors studied by the ultimate GCN
level and to keep the aspect representation stiff: glt = 0, where 1 ≤ t < b1, bm < t ≤ n.
The sentiment aspect representation is obtained: S = {0, ..., gb1 , ..., gbm , ..., 0}.
(2) Conceptual knowledge enhancement. Aspects are conceptualized using Microsoft

Knowledge Graph [29] to obtain the set of aspect concepts C = (c1, c2, ..., cw), w is the
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number of concepts taken, and ci denotes the i-th concept vector in the set of concepts.
Self-attention is computed for the concepts and appropriate concepts are filtered out.

σi = softmax(wT tanh(V ci) + d) (15)

where σi is the attentional weight of the i-th concept vector in the concept set, V is the
weight matrix, and d is the bias. The attention mechanism assigns weights to concepts
according to their importance. Each concept vector is weighted to obtain the final concept
representation: p =

∑w
i=1 σici.

Then, the aspect vector b is combined with its corresponding concept vector p to obtain
the conceptually enhanced aspect part K = (k1, k2, ..., km). The conceptually enhanced
aspect K is concatenated with the emotionally enhanced aspect S to obtain the final
aspect representation b.

4.3. Feature information fusion based on interactive attention mechanism. The
two-part representation is interactively modeled using the interactive attention mechanism
[30]. First, the initial representation of the context is obtained by averaging the hidden
state vectors:

cavg =
n∑

i=1

gli
n
, bavg =

m∑
i=1

bi
m
.

(1) Aspect-context attention computation. For the context representation, the χ func-
tion is utilized to compute the semantic association of the hidden state vector gli ∈ Gl

of the context with the aspect vector bavg, and the associated attention weights αi are
assigned to each context word gli.

αi =
exp(χ(gli, bavg))∑n
j=1 exp(χ(g

l
j, bavg))

(16)

The χ function is calculated in the form shown below.

χ(gli, bavg) = tanh
(
gli · Va · bTavg + ab

)
(17)

where Va and ab are the weight matrix and the bias, individually, tanh is a nonlinear
operation, and bTavg is the transpose of bavg, tanh is a nonlinear function.
(2) Context-aspect attention computation. Similarly, a contextual representation cavg

is used to compute the attention vector of the aspect representation.

βi =
exp(χ(bi, cavg))∑m
j=1 exp(χ(bj, cavg))

(18)

After the above calculations, the context and aspect representations are obtained.

cr =
n∑

i=1

αig
l
i (19)

br =
n∑

i=1

βibi (20)

Connect the aspect representation br and the context representation cr, as the final
representation z = cr ⊕ br.
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4.4. Aspect level affective classification. Using the output of the interactive atten-
tion level, z, as the input to the fully connected level, a softmax function outputs the final
sentiment polarity classification.

y = softmax(V z + d) (21)

where z is the interactive attention layer output, V is the fully connected layer weight
matrix, and d is the bias vector.

For the sentiment classification task, cross entropy is adopted as the loss function.

L1 = − 1

N

N∑
i=1

C∑
j=1

yij ln ŷij (22)

where N and C are the amount of training instances and the amount of sentiment
polarity classes, respectively; y and ŷ are the true and predicted sentiment polarity, re-
spectively.

To further enhance the influence of affective and conceptual knowledge, an auxiliary
task of judging opinion words was introduced. Using the obscured state Gs as the input
of the auxiliary task, the output expression is as follows.

ys = Softmax(VsGs + ds) (23)

where Vs and ds are the trainable weights and biases, individually; ys denotes the
prediction of whether each word is an opinion word.

For the auxiliary task of judging opinion words, a binary cross-entropy loss function is
adopted as bellow.

L2 =
1

N

N∑
i=1

{
− 1

T

T∑
j=1

(
yijs loga

(
ŷijs
)
+ (1− yijs ) ln(1− ŷijs )

)}
(24)

where ys and ŷs are the true and predicted labels, individually; N is the amount of
training instances; and T is the length of the comment text sentence.
For the emotional categorization task and the auxiliary task of binary categorization

of opinion words are trained at the same time, then the entire loss function is the sum of
the loss functions of the 2 sub-tasks, and the L2 regularization is applied to all trainable
parameters, and the total loss function is implied as bellow.

L = L1 + L2 + µ∥Θ∥2 (25)

where µ is the regularization coefficient; Θ is the model trainable parameter.

5. Performance testing and analysis.

5.1. Comparison and analysis of experimental results. To validate the performance
of the suggested model KEPLM, this article is trained on 2 publicly available datasets,
including Restaurant [31] and Twitter [32] datasets. The datasets are categorized into 3
sentiment polarities, negative, neutral and positive. In the comment text, each sample
is further divided into 3 parts, sentences masking aspectual words, aspectual words and
corresponding sentiment labels. The specific division of the dataset is implied in Table
1. The model is trained adopting the Adam optimizer with a learning rate of 0.001,
regularization factor set to 10−5, batch size set to 64, and the amount of training iterations
set to 100.

This article adopts the Accuracy and Macro-F1 to estimate the effectiveness of the
method for ABSA tasks. To further evaluate the effectivity of the KEPLM and assess
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Table 1. Dataset information

Dataset Group Positive Medium Negative

Restaurant
Training set 2167 639 812
Test set 725 192 217

Twitter
Training set 1591 3169 1572
Test set 174 342 185

the performance in ABSA tasks, the suggested model in this paper is compared with the
models in literature [9], literature [11], literature [13] and literature [15] in comparative
experiments.

For ease of analysis, the model in literature [9] is denoted as EALSTM, the model in
literature [11] is denoted as SALSTM, the model in literature [13] is denoted as FGCNN
and the model in literature [15] is denoted as GP-GCN.

This section compares the sentiment categorization performance of the contrast model
and the KEPLM on the 2 datasets, the results of which are shown in Table 2, with bold
denoting the optimal data.

Table 2. Experimental results of different models

Model
Restaurant Twitter

Accuracy/% Macro-F1/% Accuracy/% Macro-F1/%
EALSTM 73.18 63.07 69.48 66.79
SALSTM 75.37 72.46 72.19 70.88
FGCNN 81.26 84.39 80.28 85.33
GP-GCN 87.58 86.01 84.39 86.35
KEPLM 92.49 91.37 93.23 92.79

As can be seen from Table 2, the overall performance of the KEPLM outperforms all
the compared models on the two benchmark datasets. The accuracy of KEPLM on the
Restaurant dataset is 19.31%, 17.12%, 11.23%, 4.91% and 3.14% higher than that of
the EALSTM, SALSTM, FGCNN and GP-GCN, respectively. The accuracy on Twitter
dataset is 23.75%, 21.04%, 12.95%, 8.84% and 5.79% higher than EALSTM, SALSTM,
FGCNN and GP-GCN, respectively. Specifically, both EALSTM and SALSTM add at-
tention mechanism to LSTM for sentiment feature enhancement. FGCNN uses static word
vectors as a model for text vectorization approach and utilizes CNN for sentiment clas-
sification without considering sentiment knowledge enhancement. GP-GCN is an ABSA
model based on GCN, which performs better compared to the models using LSTM, RNN
and CNN models, it performs better, but GP-GCN does not dynamically generate word
vectors based on context, which results in worse classification performance than KEPLM.
The KEPLM model uses syntactic dependency trees to establish the syntactic dependency
relationship between aspect words and context, effectively incorporating a priori knowl-
edge to enhance the feature representation and solving the problem that the attention
mechanism is unable to obtain syntactic information. In addition, KEPLM uses PLM’s
powerful linguistic characterization capability to directly obtain the low-dimensional fea-
ture representation of the text, which makes the model better than the one that uses
static word vectors as the text vectorization method.

Meanwhile, to compare the effect of KEPLM with the other four models more intu-
itively, Figure 4 and Figure 5 show the change of Macro-F1 value and the convergence of
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the loss function of each model with the number of training steps on the dataset Restau-
rant, respectively. All models fluctuate when the number of training steps is around 10,
and when the training reaches 20, the model effect begins to level off, and the KEPLM
model is always the model with the fastest increase in Macro-F1 value, the smoothest and
the most optimal model, which also proves the effectiveness of the model in this paper.
Meanwhile, the decreasing trend of Loss also shows that the model in this paper has the
fastest convergence speed and the best convergence effect, which further proves that the
designed KEPLM model is very competitive.
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Figure 4. Variation of Macro-F1 values on the dataset Restaurant
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5.2. Ablation experiment. To further examine the effect of every component of the
KEPLM on the performance, an ablation study of the KEPLM is conducted in this article
and the outcome are implied in Table 3. The ablation experiments for each component
are as bellow.

(1) KEPLM-PLM: Remove the lexical and syntactic coding part of the PLM coding
module for contextual information from the model.

(2) KEPLM-EM: Remove the emotional knowledge enhancement part of the model.
(3) KEPLM-CO: Remove the conceptual knowledge enhancement part of the model.
(4) KEPLM-IN: Remove the feature information fusion module in the model, and splice

the two parts of the representation to do the final classification.

Table 3. Ablation results of KEPLM model

Model Restaurant Twitter
Accuracy/% Macro-F1/% Accuracy/% Macro-F1/%

KEPLM 92.49 91.37 93.23 92.79
KEPLM-PLM 78.16 80.04 81.57 80.37
KEPLM-EM 76.32 78.39 75.61 76.92
KEPLM-CO 78.68 80.95 80.83 78.51
KEPLM-IN 85.29 88.14 87.13 90.66

It can be seen that KEPLM-IN with the interactive attention mechanism removed
outperforms the other models and the gap with the full model is relatively small. This
suggests that linguistic and external knowledge profoundly affects the whole sentiment
analysis task, and it is important to utilize this knowledge if it can be fully exploited.
Comparing the KEPLM-EM and KEPLM-CO, which remove affective and conceptual
knowledge respectively, the performance on the two datasets is not different, which shows
that affective knowledge and conceptual knowledge are equally important and should
not be neglected. Meanwhile, KEPLM-PLM with PLM linguistic knowledge removed
has a large decrease in the Restaurant, Twitter dataset compared to KEPLM-IN, which
indicates that although armed with emotional and conceptual knowledge, context has
more important semantic information, and it is indispensable to utilize PLM for lin-
guistic knowledge training. The KEPLM designed in this paper incorporates multilevel
knowledge to enhance the model’s classification ability.

6. Conclusion. ABSA task is a fundamental work in natural language processing. This
article suggests an ABSA based on knowledge augmentation and PLM to address the
issue that current ABSA research fails to comprehensively consider the effects of affective
knowledge, conceptual knowledge, and syntactic dependency types between words on the
accuracy of aspectual sentiment tendency discrimination. Firstly, a syntactic dependency
graph is constructed based on the affective knowledge of the text. Based on this, PLM is
utilized to encode words and sentences to enhance the contextual representation. Next,
external sentiment knowledge is utilized to weight the adjacency matrix of the GCN to ef-
fectively incorporate sentiment information. Meanwhile, conceptual knowledge is utilized
to enrich the aspect representation. Finally, the dual interaction attention mechanism is
designed to realize the feature fusion of context and aspect. Finally, the fused feature
information is adopted as the input of the fully connected layer, and the final sentiment
polarity classification is output by softmax function. Validation experiments are con-
ducted on the public datasets Restaurant and Twitter, respectively, and the accuracies
reach 92.49% and 93.23%, indicating that the suggested model has strong applicability
and competitiveness in the ABSA task.
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