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Abstract
In the era of digitization and social media, acrostic poetry, as a literary form that combines cultur-
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al heritage with modern expression, has posed a challenge to internet platform management due
to content monitoring. Because of its unique construction, where the initial letters of each line can
convey a specific meaning when connected, this feature makes it a means of hiding sensitive in-
formation. Particularly on social media and instant messaging platforms, users may use acrostic
poems to circumvent sensitive word filtering mechanisms. This study proposes a sensitive word
detection algorithm for acrostic poetry based on Bidirectional Long Short-Term Memory Networks
(BiLSTM-CRF). The algorithm first uses word embedding to represent the text as high-dimensional
vectors, then utilizes the BiLSTM model to understand the semantic context of acrostic poems in
both forward and backward directions and capture dependencies of acrostic words across sen-
tences in the text sequence. Finally, the CRF model outputs label sequences based on label relev-
ance. We tested the algorithm on various types of acrostic poetry datasets, and the results demon-
strate that the algorithm can effectively identify sensitive words with high accuracy and recall.
This algorithm has significant value for monitoring automatically generated text content, particu-
larly in preserving cultural heritage and complying with internet regulations.
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Figure 1. Five forms of five-character head-rhyme poems
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Figure 2. BiLSTM network structure
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Figure 3. BiLSTM-CRF model framework
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Figure 4. Data set labeling format

B 4. BREREER

4.2. SERINE ST IEHR

A SZIIAE N, linux #:1E R 4E. Python3.9. Pytorch 1.11.0. HK%5 %% CPU A Intel(R) Core(TM)
i7-12700H, P47 32 GB, GPU A RTX3070Ti.
NSRS FH BiLSTM-CRF B U R R 7 A P AT PEAIRERf 1%, AR A A 1B R #ERAZ P AT FL
1For KPP AR R, S VPN R AR T VAT
TP+TN

= @)
TP+TN +FP +FN
R-_'P (8)
TP+FN

Fl2x Pr ec_ls_lon x Recall ©)
Precision + Recall

DOI: 10.12677/sea.2023.126089 919 B TR R


https://doi.org/10.12677/sea.2023.126089

AT SEAE, AR

Hr TP (True Positives) 2 IERG T A IESEEH, TN (True Negatives) 2 IER T A 7255 H, FP (False
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Tablel. Comparison of different model results
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A Precision Recall F1
BIiLSTM 88.22 95.52 91.72
BiLSTM-CRF 94.61 96.90 95.74
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