Journal of Network Intelligence (©)2025 ISSN 2414-8105
Taiwan Ubiquitous Information Volume 10, Number 4, November 2025

A Study on Chinese Semantic Role Annotation
Based on Bidirectional LSTM Neural Networks

Bing-Rui Ren*

School of Chinese Language and Literature
Central China Normal University
Wuhan 430079, P. R. China
18635063025@163.com

Benjamin Thomas Johnson

Fayette Institute of Technology
Oak Hill 25901, USA
Benjamin.TJ@fayettetech.edu

*Corresponding author: Bing-Rui Ren
Received September 5, 2024, revised April 9, 2025, accepted August 12, 2025.

ABSTRACT. Semantic role annotation is a fundamental application of Natural Language
Processing (NLP), and deep learning is mainly adopted at present, but it is tough to
establish semantic links between words that are far away from each other in a long sen-
tence, which leads to low performance on long sentences. Therefore, this paper suggests
a Chinese semantic role annotation method based on bidirectional LSTM neural network
(BiLSTM). To address the issue of uneven distribution of semantic role labels in the
dataset, associative learning is used to select sentences similar to the target sentence
and their related information from the annotated dataset, and the BERT model is in-
troduced for encoding to obtain the output representation of associative learning. The
final word representation is obtained by stitching the association learning representation,
lexical representation and target word representation, and the attention mechanism is
introduced to model the semantic importance of each word in the sentence. The sentence
1s then encoded by BiLSTM to solve the long-distance dependency problem. Finally, the
optimal tag sequence is predicted by global tag optimisation using Conditional Random
Field (CRF). The results on the Chinese corpus CPB imply that the suggested approach
improves the F1 values on long sentence intervals by 14.27% and 5.3% compared to the
other two models, and performs better in the annotation of semantic role tasks.
Keywords: Semantic role labelling; Bidirectional LSTM; Attention mechanism; BERT
model; Conditional random field

1. Introduction. Natural language processing (NLP) technology uses natural language
to achieve effective communication and exchange between humans and machines, so that
people can use computers to carry out intelligent processing of massive data. As one of
the eight major languages in the world, Chinese is the language with the largest num-
ber of language applications in the world, and perfecting Chinese NLP technology is of
great significance for enhancing the core competitiveness of China [1]. Chinese seman-
tic role annotation (CSRA) is a common implementation of shallow semantic analysis,
which focuses on the predicate of a sentence and does not provide in-depth analysis of
the semantic information contained in the sentence, but only analyses the semantic rela-

tionship between each word in the sentence and the corresponding predicate, and makes
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the corresponding semantic marking [2, 3]. CSRA, as a basic technology of NLP, is an
essential part of many NLP tasks, and the good or bad annotation results will have a
subtle impact on the actual completion of natural language processing tasks. Therefore,
how to improve the performance of CSRA algorithms is one of the most popular research
contents at present [4].

1.1. Related work. Semantic role annotation was first studied by Gildea et al. [5],
who used syntactic tree features to identify the relationship between predicates and argu-
ments in Chinese corpus. Early CSRA models mainly used traditional machine learning
algorithms, Xue [6] used decision tree algorithm to conduct CSRA experiments, but this
algorithm is very limited in dealing with high-dimensional data. Wan et al. [7] used sup-
port vector machine to achieve good results, but the efficiency is very low. In addition,
most of the CSRA models based on traditional machine learning rely on syntactic anal-
ysis and feature extraction. Zhou and Xue [8] extracted features such as predicates and
lexical properties from syntactic trees and combined them, and then used a maximum
entropy classifier for semantic role annotation, with an F1 value of 75.60%. Wang et al.
[9] fused three features of combinatorial category, phrase structure and dependent syn-
tactic analysis, which is rich in information but noisy. Wang et al. [10] used the Chinese
frame network as experimental data, and adopted the Conditional Random Field (CRF)
model [11] to identify and classify semantic roles at the same time, and finally achieved
72% of the F1 value. As deep neural networks rapidly growing, there have been many
studies using neural network models for semantic role annotation. Huang and Chen [12]
used a multi-feature fusion neural network structure to construct a CSRA model, and
the final F1 value on the CPB dataset reached 70.54%. Shen et al. [13] used convo-
lutional neural network for CSRA, but it is easy to cause overfitting when the dataset
size is too small. To address this issue, Song et al. [14] designed an RNN-based CSRA
method, which exploits the long-distance information in the sequences, and the experi-
mental outcome on a Chinese proposition corpus achieved 77.09% of F1 value. Lin et al.
[15] offered a simple architecture for semantic role annotation, Deep Attentional Neural
Networks, which is based on self-attention mechanisms and RNNs, and is capable of di-
rectly capturing the relationship between pre- and post-texts. Gers and Schmidhuber [16]
verified that LSTM outperforms traditional RNN and demonstrated that LSTM performs
better in context-independent linguistic benchmarks of RNN. Jin et al. [17] adopted an
LSTM model to model the context of the current word in the sentence, and then spliced
together the feature vector representations, and finally predicted the tagged categories
using a CRF. Although the traditional LSTM model has made great progress compared
to RNN, it cannot capture the semantics of long-distance sentences well due to its own
structural defects, and bidirectional LSTM (BiLSTM) deals with this issue well. Wang et
al. [18] exploited the advantages of BiLSTM network and correlation network to jointly
train frame disambiguation task and semantic role labelling task, and the F1 value was
improved by 5.7%. Su et al. [19] fully integrated the syntactic path information into the
BiLSTM model, and experimentally proved that it could effectively improve the results.

1.2. Contribution. Although deep neural networks have achieved some success in CSRA,
they need to be based on the difficulty of establishing semantic links between words that
are far away from each other in long sentences, resulting in low performance on long
sentences. Intending to the above issues, this paper designs a CSRA model for BiLSTM.
Firstly, to deal with the issue of imbalanced distribution of semantic role labels, an asso-
ciation learning representation is used to select sentences similar to the target sentence as
association sentences from the annotated dataset without introducing external resources.
Then the associative learning representation, target word representation, etc. are spliced
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and fused to get the final word representation, and the attention mechanism is used to
enhance the attention to the keywords. Then the sentences are encoded by a bidirec-
tional LSTM encoder to solve the long- distance dependency problem in the semantic role
annotation task. Finally, the semantic role annotation results are obtained after global
normalization using CRF. Comparison experiments are conducted on the Chinese Antici-
pation CPB, and the results imply that the precision rate, recall rate and F1 value of the
suggested model are 90.05%, 88.19 and 89.11%, respectively, which are better than the
comparison model, and exhibit excellent performance in semantic role annotation.

2. Theoretical analysis.

2.1. LSTM network. Traditional RNN networks cannot make use of sentence future
information, and Bi-RNN can solve this defect well, but both of them cannot model long-
distance information well, and it is easy to have problems such as gradient disappearance
and gradient explosion, which can be solved well with the introduction of LSTM units
20, 21]. In contrast to traditional RNN networks, LSTM adds a cell state to record the
information passed over time. As shown in Figure 1, LSTM uses input gates, forget gates,
and output gates for information updating and utilization.
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Figure 1. Schematic diagram of LSTM unit
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Suppose g is the output of the LSTM unit, d is the value of the LSTM memory unit,
and x is the input data. The current input data x;, the unit output ¢g;_; at the previous
time, and the unit value d;_; at the previous time all affect the output at the current
time.

dy = tanh (vyq * T + Vgq * g1 + ba) (1)

it =0 (Vgi * Ty + Vgs * Gr—1 + Vei x dp—y + b;) (2)

(2) Forgetting gate: The f; function of range (0,1) is used to control the amount of
information transmitted from the cell state of d;_; to the current moment d;.

fo = 0(vyp * Tp 4+ Vgf * Gro1 + Ve * di_1 + by) (3)
(3) Output gate: used to control the output of LSTM memory unit status value.
Ot = 6<U:EO * Ty + Vgo * Jt—1 + Vgo * dtfl + bo) (4)

BiLSTM is an RNN composed of forward and backward LSTM, which is used to process
the forward and reverse order of input sequence respectively, and can take into account
all the information before and after the current moment, so as to improve the expression
power and prediction accuracy. When using BiLLSTM for annotation, not only the context
information before each word but also the context information after each word can be
considered, so that the model can capture more key information. Therefore, the BiLSTM
model is used in this paper, as shown in Figure 2.
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Figure 2. BiLSTM model structure diagram

2.2. Conditional random field. CRF combines the characteristics of maximum entropy
model [22] and hidden Markov model [23], and is an undirected graph model training
method that maximizes the conditional probability [24]. In the process of use, the graph
structure of the linear chain is usually used for sequential sequence labeling. The linear
chain component random field model defines y = (y1,92,...,¥i, .., ys) for a given input
sequence x = (xy,%a,...,%;, ..., x,) conditional probability with the parameter w to
express the form of the state sequence a, which is expressed as follows.

Puly |x>=:3%;exp(uﬂ“¢<x,y>) (5)

where the feature figures ¢(z,y) = [gbl g 2 thrans] , Dtrans = [011, Cla, . - . ,cij] represent the
observed transformation from the ¢ to the 7 element in ¥, Z,, is the normalized constant
with sum of 1, and the parameter estimation is solved by maximizing the trained Gaussian
priori, and the calculation formula is shown as follows.

> los (Puly | 7)) — 3 ©)

where ¢2 is the variance of the Gaussian segment and also the tuning parameter.

Using CRF model in CSRA can improve the accuracy of the model from many aspects.
CRF can jointly model the label sequence and better capture the interaction between
labels by introducing the dependency relationship between labels. Thus, CRF was used
in the annotation model to improve the accuracy of the model annotation.

3. Chinese word vector representation based on associative learning. The com-
plex sentence patterns of Chinese sentences make the distribution of semantic role labels
in the data set very uneven, and thus the information of labeled data cannot be fully
utilized in the process of model training and prediction, which affects the performance of
CSRA. Therefore, based on associative learning [25], this paper selects sentences similar
to the target sentences and their label information from the labeled data set to obtain the
word vector representation of the target sentences, laying the foundation for subsequent
CSRA. The specific process of associative learning representation is shown in Figure 3.
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Figure 3. The specific process of associative learning representation

Associative learning is introduced in this chapter to help the model complete the CSRA
for labeled sentences (target sentences) by using relevant information in labeled data. Due
to the limited computing resources and the noise contained in the labeled data, the most
similar and useful sentences can be selected from the labeled data set, which is called the
associative sentences of the target sentences.

Suppose that the target sentence to be labeled is s; and the sentence in the labeled data
set is sé-, where j € (1, m) and m are the number of sentences in the data set. First, the

L is calculated. Then s} is sorted according to its
corresponding similarity sim;. Finally, the first n 33 with the greatest similarity is selected
as the associative sentence of target sentence s;, denoted as sj, and its corresponding

semantic role tag sequence is [f, where k € (1,n).

similarity sim; between s, and each s

sim; = Similarity(s,, s}) (7)

The editing distance of s; and sé corresponding parts of speech sequence is taken as the
similarity of two sentences. As shown in Equation (8), where POS;, represents the target
sentence s; represents the corresponding part of speech sequence, and POS;, represents

the part of speech sequence corresponding to sé.
Similarity (s, s}) = —Edit_dis(POS,,, POS;;,) (8)

After selecting the associative sentence of the target sentence, the target sentence and
its associative sentence are transformed into the lexicon form, which are X*® and X°®¢
respectively. The BERT encoder is used to encode s; and si respectively, as shown in
Equation (9) and Equation (10), where k € {1,2,...,n}.

sPERT — BERT(X*") (9)
seP™ = BERT(X,) (10)

To make better use of the label information in associative sentences, the attention
mechanism is introduced in this chapter. Firstly, for any target sentence, the similarity
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matrix S = s;57 of s, and each associative sentence s¢ is calculated, and Equation (11) is
used to normalize S for line Softmax, where 3; represents the similarity of each word
in the i-th associative sentence of s; and its k-th associative sentence. Take 3;; as the
weight coefficient to sum each element in the semantic role tag [f corresponding to the k-th
associative sentence of s;, and get the Attention of the i-th word and the k-th associative
sentence in s; as

2 iy Sk, i)
For the goal of making better use of the label information in the associative sentence,
it is merged in a representation b;, which is merged in the following two ways.
(1) Concatenation: The Attention representation of the semantic role tag [{ correspond-
ing to the target sentence and all the selected associative sentences is concatenated as the
output representation of associative learning.

bi=bi1 || bia || - || bim (12)

(2) Average: After averaging the Attention representation of the semantic role tag [f
corresponding to the target sentence and all the selected associative sentences, it is rep-
resented as the output of associative learning.

_ 1 <&
bi=—D bk (13)
k=1

Because there is some difference between the associative sentence and the target sen-
tence, b; contains some noise and useless information, and the gating mechanism is used
to process b;, and the final associative learning representation b,, is obtained.

bm = sigmoid(w? + a;) (14)

)

Si(i, 7' ok
Bik = # big = Zﬂi,k Ly - (11)
=1

T

4. Chinese semantic role annotation based on bidirectional LSTM neural net-
work.

4.1. Attention representation of Chinese word feature vector. In CSRA tasks,
semantic role blocks are not always adjacent to target words, that is, there is a long-
distance dependency issue, which is not considered in the existing CSRA models based
on feature engineering methods. Therefore, this chapter uses the Bi-LSTM encoder to
code the sentences to obtain the long distance dependency information. Meanwhile, since
the semantic importance of words in sentence semantic roles is different, the attention
mechanism is introduced to model the semantic importance of each word in the sentence.
Finally, the labeling results are obtained by using CRF. The structure of the designed
CSRA model is implied in Figure 4.

Based on the Chinese word vector association representation in the previous chapter,
the proposed model generates a word for z; for each word w; in the sentence, where ¢
represents the position of the word in the sentence. Each z; is obtained by concatenating
the following feature vectors: associative learning represents xfm, pre-trained word vector
2P randomly initialized part of speech represents z¢°°, randomly initialized target word
represents x,"®"| location represents z.°°, predicate indicator £, and the final word
represents x; = {abm, xP¢ gP% g8 gloc pind}

For a particular target word, the semantic importance of each word in the sentence is
different. In order to make the model focus on the target words with important semantics,
the final word vector needs to be represented with attention. Firstly, the word representa-
tion matrix X is nonlinearly transformed using Equation (15) to obtain the intermediate
representation M. Then the similarity between the matrices M and W is computed by

loc
i
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Figure 4. The framework of the designed CSRA model

Equation (16), where W is a randomly initialized trainable parameter. Equation (17) per-

forms a normalization operation on this similarity to obtain the attention value (weight)

of each word in the sentence ¢'. Finally, Equation (18) weights and sums the attention

weights b’ with the matrix X to obtain the attention representation matrix B for each
word.

M = tanh(X) (15)

S(W, M;) = WM, (16)

exp(S(W, M;))
> exp(S(W, M;))

B=> VX, (18)

b; = softmax(S(W, M;)) =

4.2. Bidirectional LSTM coding. Since Chinese target words and semantic roles are
not always adjacent to each other, the results of CSRA are poor. Therefore, in order to
obtain long- distance information more effectively, a multi-level BiLSTM coding level is
added after the attentional representation of Chinese sentence word vectors to obtain a
richer representation and avoid the phenomenon of gradient vanishing in the coding pro-
cess. In the BILSTM network, each cell unit has C, g;, g¢, go, Ct, ht,where C'is a candidate
value for the current cell state; g is a gate controlling the flow of information; C; is the
current cell state; and h, is the cell cryptic state, as shown in Equation (19) to Equation
(22), where represents multiplication by element.

C = tanh(Wezy + U.hy—1 + a.) (19)
g; = sigmoid(W;z; + Ujhi—1 + a;) (20)
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Cy = g (21)
ht = 0o (22)

The two obscured level states output from BiLSTM are spliced into a new feature
fusing bi-directional information, by capturing sentence contextual semantic information
from both positive and negative directions. Bidirectional information splicing is an effec-
tive means of fusing contextual information. The state of the i-th word in the sentence
sequence is shown in Equation (23).

h; = [h; ® h;] (23)

where h; denotes the hidden layer state from left to right, h; denotes the hidden layer
state from right to left, and h; denotes the new hidden layer state with spliced context
information.

Suppose the input sentence sequence is * = (x1,Z3,...,T,), and the semantic feature
vector of the sentence encoded by the BiLSTM network is H = (hy, ho,...,hy,). The
decoder computes the semantic feature vector ¢; provided by the encoder at the current
time ¢ through the attention mechanism level, and Equation (24) shows the computation
process of the decoder, and z;_; denotes the state vector of the decoder in the hidden
layer at the moment (¢t — 1).

e = a(z—1, hy) (24)
B exp(ey .
“ Z <Zk ; exp( etk)hj) (25)

where e;; represents the similarity score between the feature vector of the ith one in the
encoder and the obscured level vector of the decoder at the time (t — 1), a(.) represents
the similarity function, ¢; represents the weighted average of the output vectors of the
encoder at the time ¢, and the label vector generated by the decoder at the time (¢t — 1)
is denoted as y;_1, which can be computed by the decoder’s obscured state vector z;
through Equation (26).

2t = f(zt—h Yt—1, Ct) (26)

4.3. Tag prediction. Although BiLSTM can capture longer contextual information, it
only considers the features of the words themselves and easily ignores the constraints
between the labels and labels in label prediction, whereas CRF can learn the dependencies
between the labels well and obtain the optimal sequence with the highest probability [26].

Assuming that the output sequence is y = (y1, ¥, - - - , Yn ), the model predicts the score
of sentence x with semantic role label y as score(x, y), as shown in Equation (27). Where
H denotes the state feature function computed from the output of the Bi-LSTM coding
layer, and H; denotes the score of the i-th word in sentence z labelled as y;. S denotes
the state transfer feature function, i.e., the transfer probability, and S;; denotes the
probability of transferring from one state y;_; to another state ;.

score(z, y) Z Syiwi1 T+ Z H; (27)

Using Softmax function, the correct tag sequence probability value is calculated as
shown in Equation (28).

ply|z) = (28)
yey,



2374 B.-R. Ren and B. T. Johnson

where Y, represents all the tag sequences, including possible and impossible ones, and y
represents the real tag sequences. Afterwards, the log-likelihood is used to maximise the
likelihood of the correct tag sequences, as shown in Equation (29).

ply | x) = (29)

The model is trained using the log-likelihood function [27], which corresponds to the
loss function as in Equation (30).

loss = —log(p | #) = —logy = —score(x,y) + log (Z exp(score(z, y))> (30)

Y

The model parameters are trained by optimizing the loss through the Stochastic Gra-
dient Descent (SGD) optimization function [28]. As shown in Equation (31), in decoding,
this chapter uses the Viterbi algorithm [29] to predict the optimal sequence of semantic
role labels corresponding to the output sentence x. where Yy denotes the sequence of all
possible labels for the input sequence .

y* = arg max score(x, y) (31)
yeYx

5. Experiments and analysis of results.

5.1. Experiment on the number of model training sessions. The text corpus used
in the experimental process of this paper comes from the Chinese Corpus of the University
of Pennsylvania CPB dataset [30]. There are 18418 Chinese words in the corpus, and
Figure 5 shows the statistics of the proportion of different sentence types, in which the
composition of sentences with more than 30 words is counted as super-long sentences;
those with less than 30 words and more than 20 words are counted as long sentences; those
with less than 20 words and more than 10 words are counted as medium-long sentences;
and those with less than 10 words are counted as short sentences. In this paper, the CPB
corpus is divided into two parts, the training set and the test set, according to the ratio
of 4 : 1.

In the experiment, the dimension of word vector is 100, the dimension of features such
as lexical and syntactic path features is 10, and the number of BiLSTM levels is 2. In
addition, the other hyperparameters are set as the learning rate is 0.015, the discard rate
dropout is 0.5, the number of hidden layers is 200, and the optimization function is SGD,
Batch size is 80. hardware experimental platform is Inter Core i5-7500M 3.40 GHz, 8G
RAM, Windows 7 system, tensorflow 1.4.0, python 3.5.2. In the performance evaluation
of different models, the precision (P), recall (R) and F1 values commonly used in reviews
are used and the proposed model is denoted as ABiLSTM. The comparison models are
selected as LSTM-CRF model [17] and TBiLSTM model [19]. Since the experimental
corpus in the input model is already tagged with labelled data, the backpropagation
algorithm is used for training, in which the model learns all the training samples is the
end of a training session. At the same time, it is necessary to allow the model to repeat the
learning process on the training samples on a continuous basis, in order to obtain a better
representation of the corpus. In the experimental process, the corpus and precomputer
were handled in the same way as above. The number of training sessions (T') is set to 50,
100, 150, 200, and the results are implied in Table 1.
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Figure 5. Statistics on the percentage of different sentence types

Table 1. Experimental results of ABILSTM under different training times

LSTM-CRF TBiLSTM ABILSTM
P/% R/% F1/%|P/% R/% F1/%|P/% R/% F1/%

50 | 73.28 74.22 73.75 |81.02 7815 79.56 | 85.17 83.08 84.11
100 | 76.26 73.95 75.09 | 83.71 81.29 82.48 | 90.05 88.19 89.11
150 | 81.84 79.82 80.82 | 86.98 85.95 86.46 | 87.04 84.29 85.88
200 | 77.41 76.94 T7.17 |83.96 79.82 81.84 | 88.12 85.66 86.87

T

From the experimental outcome in the above table, it can be seen that the labelling
results of ABiLSTM reached the optimum when the number of training times was taken
as 100, with P, R, and F1 being 90.05%, 88.19%, and 89.11%, respectively. Whereas, the
LSTM-CRF and TBIiLSTM annotation results reached the optimum is when the number
of training is taken as 150. In the entire picture, ABiLSTM performs best in A, P,
and F1 metrics under all training times, and the best F1 of ABILSTM is improved by
8.29% and 2.65% compared to the best F1 of LSTM-CRF and TBIiLSTM, respectively.
LSTM-CRF models the context of a sentence based on unidirectional LSTM, but does
not make effective use of the input forward and backward feature information. Although
TBILSTM fuses syntactic path information through BiLLSTM, it does not make full use
of the semantic role labelling information, which makes the labelled data contain noise,
and thus the training results are not as good as ABiLSTM.

Different Epochs are trained with the same set of data, but the weights of the models
are updated with completely different values. Because the models of different Epochs are
at different positions in the cost function space, the later the model is trained, the closer
to the bottom, the smaller the cost is. During the training process of the three models,
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Figure 6. Comparison of losses for different models

the Loss change curves of each model were counted and integrated into one graph, and the
specific results are shown in Figure 6. From Figure 6, after about 280 epochs of training,
the model starts to stabilize; after about 310 epochs of training, the LSTM-CRF starts
to stabilize; after about 240 epochs of training, the BiLSTM starts to stabilize; and after
about 260 epochs of training, the TBiLSTM starts to stabilize. In LSTM-CRF, more
data training is needed to stabilize, indicating that simple feature vector splicing makes
the word vectors more irregular and reduces the original semantic expressiveness of the
word vectors. As the training progresses, the change of Loss value in the late stage of
TBiLSTM training is much smoother than that of other models, which indicates that
the non-predicate word vectors have increased the correlation with the predicate word
vectors. ABiLSTM reduces the effect of the sparse target sentences on the imbalance of
the training of the model by applying the associative learning to the BiLSTM, so that
the data become more representative.

5.2. Impact of each sentence length on performance. To compare the performance
of the models on each sentence length interval, experiments were conducted on a test set

of four sentence length intervals using LSTM-CRF, TBiLSTM and ABiLLSTM, and the
results of the experiments are shown in Figure 7.
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Figure 7. Comparison of CSRA performance for different sentence lengths

As can be seen from Figure 7, the F1 values of the three models on the test sets of the
four sentence length intervals in Chinese decrease with the increase of sentence length,
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which shows that the longer the sentence length is, the more difficult it is for each model
to perform semantic role annotation. On the short sentence test set, e.g., the sentence
length interval of 1-10, the F1 values of LSTM-CRF, TBiLSTM, and BiLSTM are 75.84%,
85.15%, and 89.15%, respectively, and the F1 values of ABILSTM are improved by 13.31%
and 4% compared to LSTM-CRF and TBiLSTM, respectively. As for the long sentence
test set, for example, the sentence length interval of >30, the F1 values of LSTM-CRF,
TBIiLSTM, and BiLSTM are 67.1%, 76.07%, and 81.37%, respectively, and the F1 values
of ABILSTM are improved by 14.27% and 5.3% in comparison with those of LSTM-
CRF and TBIiLSTM, respectively. This is because when a one-way LSTM cell establishes
semantic associations for words that are far away from each other in a sentence, it needs
to calculate the corresponding time step according to the distance of the words, which
may result in the loss of semantic information. On the other hand, two-way LSTM
combined with the attention mechanism can establish a direct semantic link for any word
in the sentence with a single time step, which improves the model’s ability to model the
semantic information of long sentences, and thus improves the performance of semantic
role annotation on long sentences.

6. Conclusion. Semantic role annotation is an intermediate step in many NLP tasks.
Currently, deep learning methods are mainly used, but they need to calculate the corre-
sponding time step according to the sentence length, which makes it difficult to establish
semantic links between words that are far away from each other in long sentences, result-
ing in low performance on long sentences. For this reason, this paper proposes a CSRA
method based on BiLSTM. Due to the complexity of Chinese sentences, the distribution
of semantic role labels in the dataset is very uneven. In order to address this problem,
we use association learning to select sentences similar to the target sentence from the
annotated dataset as associative sentences, and use the associative sentences and their
labels to help the target sentence complete the semantic role labelling in a better way,
without the introduction of external resources. Then, Bi-LSTM encoder is used to encode
the context of each word in the sentence, and the Self-Attention mechanism is introduced
to model the semantic importance of each word in the sentence. The semantic role anno-
tation results are then obtained after global normalization using CRF. The experiments
imply that the designed approach can accurately annotate the semantic roles of Chinese
sentences with the F1 values of 5.3%-14.27% higher than the comparison model in long
sentence intervals.
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