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[Abstract]

Emoji recommendation is an important task that assists users in finding appropriate emojis from thousands of candidates.
Existing methods primarily focus on popular emojis related to user emotions in chat platforms. However, on SNS platforms, such
as Instagram, emojis are often used to complement or emphasize the content of short uploaded posts rather than conveying
emotions. This paper proposes a method for recommending emojis in Korean language posts on SNS platforms by understanding
the context of the posts. We apply a hierarchical KoBERT model to capture the context of Korean posts and recommend a diverse
range of emojis suitable for the content. We considered 616 emojis from 314 emoji categories for accurately conveying the
context of SNS posts. We constructed the real-world dataset by collecting Instagram posts and developed the hierarchical KoBERT
model to learn the hierarchical categories of emojis embedded within the texts. Experimental results validate the superior
performance of the hierarchical KoBERT model in emoticon recommendation compared to DNN, LSTM, Bi-LSTM, and GRU
models.
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Fig. 6. Hierarchical KoBERT model for emoticon recommendation
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Table 4. Performance of hierarchical KoBERT model compared to different models

Accuracy@T1 Accuracy@T3 Accuracy@T5 Precision Recall F1-Score
DNN 0.086 0.134 0.155 0.060 0.180 0.080
LSTM 0.104 0.180 0.226 0.169 0.184 0.133
Bi-LSTM 0.107 0.182 0.234 0.136 0.197 0.136
GRU 0.089 0.147 0.176 0.072 0.119 0.082
KoBERT 0.407 0.492 0.538 0.992 0.407 0.537
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