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Motivation

The task of recognizing Chinese variant characters aims to
address the challenges of semantic ambiguity and confusion,
which potentially cause risks to the security of Web content and
complicate the governance of sensitive words. We propose a
shared-weight multimodal translation model (SMTM) based on
multimodal information of Chinese characters, which integrates the
phonology of Pinyin and the morphology of fonts into each Chinese
character token to learn the deeper semantics of variant texts.



Main idea

- To address the challenges of semantic ambiguity and confusion
inherent in Chinese variant characters, we integrate character-level
phonological and morphological features using bidirectional encoder
representations from Transformers (BERT) embedding, thereby
enhancing the efficacy of unimodal solutions.

- We propose a shared-weight embedding mechanism to initialize
decoder and generator weights based on the multimodal weights of
the source text, strengthening the connection between source and
target characters, thereby facilitating target sentence generation.

- We perform simulations using the variant dataset, yielding extensive
results that demonstrate the attainment of several state-of-the-art
performances by our method.
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Fig. 1 Illustration of the SMTM architecture, where & denotes vector concatenation




Method

Algorithm 1 Shared-weight multimodal embedding

200 1 —— Character trend
module BN Characier count
Require: source sentence of Chinese variant characters, € 175
sentence—(cy, ca,...,ci) § 150 .
Ensure: the vector after the extraction of phonological g
and morphological features, ¢'°**! g L
1: for i = 0 to len(sentence) do = 100 -
T @
2. ¢ = pinyinProcess(c.); § 75
3:  while len(c?™™) < 8 do 3
50 -
. _.plm, in 2
4: .append(0); £
5: end while © 25
6: for j=0to4do 0 -
ri c; = CNN(e:); 0 5 10 15 20 25 30
8: font .append(c } Stroke count
o end for Fig. 2 Distribution of the stroke count and the Chi-
10: (Lt.cr]wn cP*, ¢*°®) = BERTEmbProcess(c,); nese variant character count
11:  ¢°"** = Concatlc pm”",cf'“"",cf"ke"]; /* concate-
nated character representation */
12 C:.Dts.l — Cnt:cmcat. £y Cfos + C:eg;
13: end for

14: return ctot!




Results

Table 3 Performance comparison on the CCF BDCI dataset

Type Model BLEU;_2 (%) BLEUavg (%) F1 (%) Score (%)
Error correction model CPN 79.767 75.849 70.134 73.971
Recurrent Seq2Seq 70.690 65.886 65.510 66.899
Seq2Seq Convolutional Seq2Seq 72.269 68.533 66.667 68.534
BBT 87.333 83.150 67.027 76.134
e s RTT 85.206 80.745 76.392 79.684
e BTT 85.121 80.832 79.006 80.991
T Llama 3.1 8b 72.871 67.609 65.928 68.084
e MOEINE Qwen2-7B 81.537 77.132 75.264 77.299
Our model SMTM 89.550 86.017 79.480 83.632

The best results are in bold



Results

Table 4 Results of SMI'TM model ablation simulations

Model

BLEU;_ (%)

BLEUavg (%)

F1 (%)

Score (%)

SMTM

W /o Pinyin embedding
W /o font embedding

W /o sharing for decoder
W /o sharing for generator
W /o emoji enhancement

89.550
88.144 (11.406)
87.009 (12.541)
87.167 (12.383)
87.245 (12.305)
87.663 (11.887)

86.017
84.314 (11.703)
83.164 (12.853)
82.467 (13.550)
82.732 (13.285)
83.455 (12.562)

79.480
75.719 (13.761)
81.859 (12.379)
80.092 (10.612)
79.976 (10.496)
80.299 (10.819)

83.632
80.974 (12.658)
83.473 (10.159)
82.455 (11.177)
82.482 (11.150)
82.929 (10.703)

The best results are in bold. The value in the brackets means the improvement or decrease compared with the SMTM, denoted

by 1 and |, respectively
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Fig. 4 Error analysis results with baseline BTT as
the standard

Fig. 3 Comparison of the results of model’s efficiency
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Fig. 5 Case study
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Conclusions

In this work, we present the SMTM. It mines the deep semantic
features of Chinese variant texts based on Chinese characters,
Pinyin, and font images, and uses a shared-weight embedding
mechanism to generate target sentences. In the simulations, we
show that our model outperforms all compared models in the
Chinese variant-character-recognition task. In the investigation of
the Chinese variant-character recognition task, precise
classification and labeling of variant and standard characters are
particularly crucial.
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