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Abstract

To effectively identify sentiment polarity in Chinese microblogs, based on the
cognitive fact that emoticons can alter or enhance the sentiment polarity of
microblog text, we propose a neural network model for microblog sentiment
analysis based on an emoticon attention mechanism. This model employs a
Bidirectional Long Short-Term Memory (Bi-LSTM) network to learn feature
representations of text, while utilizing an emoticon attention mechanism to ob-
tain new feature representations that integrate text with emoticons, thereby
achieving microblog sentiment recognition. Experimental results demonstrate
that compared with a Bi-LSTM model that inputs both pure text and emoticons,
the emoticon attention mechanism-based model improves accuracy by 4.06%;
and compared with a Bi-LSTM model that only inputs pure text, the accuracy
improvement reaches 6.35%.
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Abstract: To effectively identify sentiment polarity in Chinese microblogs, this
paper proposes an emoji-attentional neural network model for microblog senti-
ment analysis based on the cognitive fact that emojis can alter or intensify the
sentiment polarity of textual content. The model employs a bidirectional recur-
rent neural network (Bi-LSTM) to learn feature representations of text, then
utilizes an emoji attention mechanism to obtain new feature representations
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that integrate text with emojis, thereby achieving sentiment recognition for mi-
croblogs. Experimental results demonstrate that compared with a Bi-LSTM
model that inputs plain text and emojis, the emoji-attentional model improves
accuracy by 4.06%; compared with a Bi-LSTM model that only inputs plain
text, the emoji-attentional model improves accuracy by 6.35%.

Keywords: emoji; microblog; sentiment analysis; attention mechanism

0 Introduction

Microblogs have become one of the most important media for people to ex-
change information and express emotions and opinions. Numerous research
efforts have focused on microblog text for tasks such as public opinion analysis
[1], emergency event detection [2], opinion mining [3], and sentiment analysis
[4,5], with sentiment analysis being one of the foundational and key topics in
microblog research. Current sentiment analysis primarily employs methods in-
cluding Support Vector Machines [6], decision trees [7], and neural networks
[8-10]. To express emotions and viewpoints, people use large numbers of emojis
in microblogs, prompting many researchers to incorporate emojis as important
factors in their models. Common approaches treat emojis as model features
[11-12] or as a form of natural annotation [13-14] to expand training corpora.
However, research [13] has shown that directly using emojis as sentiment labels
introduces significant noise.

Studies in social and cognitive sciences suggest that emojis function similarly
to non-verbal components in human communication, such as facial expressions
and gestures, which convey emotions between communicators [15]. These studies
argue that in social media, emojis exert the most significant influence on textual
sentiment expression and can even alter the sentiment polarity of text. Consider
the following two examples: 1. “Tomorrow I have to go to school” 2. “Mom’ s
birthday gift for me”

The sentiment shift in these texts is illustrated in [Figure 1: see original paper].
As shown, emojis play a crucial role in textual sentiment expression. How-
ever, sentiment expression in microblogs is not simply the additive combination
of text and emojis. For instance, although the two examples above contain
the same emoji, its effect differs depending on the context. This effect resem-
bles the attention mechanism in neural networks [16], where each word in a
microblog sentence carries different information weights, and emojis simultane-
ously influence the weights of words in the text, transforming textual expression
and consequently changing sentiment polarity.

Therefore, this paper combines these insights and proposes a neural network
model based on emoji attention mechanisms. [Figure 2: see original paper]
presents the framework of our proposed model. Microblogs are divided into two
types of information: text and emojis. The model first employs a bidirectional
recurrent neural network (Bi-LSTM) to learn low-dimensional feature represen-
tations of the input text, then combines these with emoji vectors through an
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emoji attention network layer to alter the weights of words in the text, thereby
obtaining textual feature representations for final sentiment classification.

The main contributions of this paper are: (a) construction of an emoji-based
sentiment annotation corpus for microblogs containing 6,905 posts; (b) unlike
previous work that treated emojis as single features, this paper trains emojis
and words simultaneously during corpus processing to obtain emoji word vec-
tors containing contextual information, and proposes a neural network model
based on emoji attention mechanisms. FExperimental results demonstrate the
effectiveness of this model.

1 Related Work

Sentiment analysis involves analyzing, processing, summarizing, and reasoning
about subjective texts with emotional coloring. For example, analyzing movie
reviews and product evaluations helps objectively assess products. It is typically
treated as a classification problem, with various classification models widely ap-
plied, such as SVM, decision trees, and neural networks. Common features
include words, word counts, part-of-speech tags, syntactic structures, and man-
ually annotated sentiment dictionaries.

In recent years, neural network models have developed rapidly, avoiding complex
feature engineering and achieving widespread application in sentiment analysis.
Most methods employ RNN, CNN, and other models. Chen et al. [16] proposed
a user-product attention mechanism for sentiment analysis tasks. Zhang et
al. [17] introduced a gating mechanism. These models primarily use text as
input without considering the effect of emojis on text.

In social media platforms such as Sina Weibo and Twitter, numerous emojis
exist to express user emotions and opinions. Current strategies for utilizing
emojis mainly include three categories:

The first strategy [13,14] treats emojis as natural annotations, assuming that
emojis independently express user emotions and opinions. Purver et al. [18]
used hashtags and emotions in Twitter data to generate training datasets. Ex-
perimental results showed this method effective when using happiness, sadness,
and anger as emotion labels, but less effective for other emoji types. Davidov
et al.” s research [13] revealed that due to emoji ambiguity—where the same
emoji can be positive or negative—training corpora built using emojis contain
considerable noise that may negatively impact model training.

The second strategy [11,12] incorporates emojis as features into analysis models.
Jiang et al. [19] fused microblog structural features, sentence structure features,
and emoji features in an SVM model for three-class sentiment classification
(positive, neutral, negative). This strategy also fails to capture the emotional
effect of emojis on text.

The third strategy treats emojis and text as two parallel information sources.
Hogenboom et al. [20] divided social media text into emoji and text compo-
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nents, then used different models to compute sentiment for each, finally linearly
combining the two sentiments to obtain the final text sentiment.

Although these three strategies consider emojis in models, they do not account
for the mechanism by which emojis affect text. Attention mechanisms were
initially applied in image processing [21] and have recently been gradually in-
troduced to natural language processing, serving to select key information from
numerous sources. In natural language processing, research has shown that at-
tention mechanisms significantly improve performance in machine translation
[22], question answering systems [23], and sentiment analysis [16]. This paper
proposes a neural network model based on emoji attention mechanisms, effec-
tively simulating the cognitive fact that emojis influence textual sentiment.

2 Model
2.1 Bi-LSTM-Based Sentiment Classification Model

The Bidirectional Long Short-Term Memory (Bi-LSTM) model is a special re-
current neural network (RNN) primarily designed to process sequential data
and has achieved widespread application in natural language processing. In
sentiment classification tasks, this model is typically used to learn sentence rep-
resentations for subsequent text classification. Yang et al. [24] used Bi-LSTM
for document classification with good results. Below is a brief introduction to
the Bi-LSTM model.

LSTM is a special recurrent neural network that enhances the memory mecha-
nism for receiving input information and training data, substantially improving
output results. For the ¢-th word w, in short text, the model first maps w, to
a word vector z, € R?, where d is the word vector dimension. The input to an
LSTM unit is: word «,, previous hidden state h,_;, and previous memory state
¢;_1; the output is hy, c,. The specific formulas are as follows:

.

¢ = oWz, + Ushy_y +b;)

i = U(fot + Ufhtfl + bf)

¢, =tanh(W_x, + U.h, ;1 +b,)

=0 1+i,06

o, = tanh(W,x, + U h, 1 +b,)

h; = o, © tanh(c,)
For standard LSTM, a disadvantage exists: it can only read text forward. There-
fore, this paper uses the Bi-LSTM model that can read text bidirectionally. Bi-

LSTM contains a forward LSTM that reads from z; to zp, and a backward
LSTM that reads from z to xy:

h; = LSTM(z,,h, ), te€[1,T)]
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}Tt = m(xt,m), te[T,1]

After this layer, the model transforms a word w, into a hidden variable h,, where
h, = h, ® h,. Concatenating h, yields the representation of a single word, i.e.,
s = [hy,hg, ..., hp]. This is then passed through an average pooling layer to
obtain the representation of a single sentence.

To perform sentiment classification on text, the model uses a nonlinear function
to map the text representation to a target category space. After introducing the
emoji attention mechanism, the model obtains the final vector representation of
the text, then employs a softmax function to obtain its sentiment distribution.

2.2 Emoji-Attention-Based Bi-LSTM Sentiment Classification Model

To represent the mechanism by which emojis affect text, this paper proposes an
emoji attention mechanism to model emoji effects on text. For a microblog post,
each word has a different impact on sentiment polarity, and the effect of inter-
acting with emojis also differs. The emoji attention mechanism measures the
importance weights of words in microblogs after combining them with emojis.

For a microblog text {w;,wsy, ..., wp; By, Ey, ..., B}, where w,; represents tok-
enized words in the microblog and E; represents emojis in the microblog. First,
both w; and E; are converted to vector representations. Let z, € R< be the word
vector representation and e; € R? be the emoji vector representation, where d
is the vector dimension.

Since many microblog users post multiple identical emojis in the same post,
the average of emoji vectors in the microblog is taken here to prevent excessive
weight of a single emoji from affecting model performance:

e =

k
Z €j
=1

Let h, denote the representation of pure text w in the microblog after pass-
ing through the Bi-LSTM neural network, as described in Section 2.1. The
representation of the entire sentence is as follows:

x| =

T
5= E ahy
t=1

Here, o, represents the importance degree of the ¢-th word combined with emojis,
i.e., the attention weight of the ¢-th word in the sentence as modeled by the
attention mechanism. «, is defined as:
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exp(score(e, h,;))
Z].Tzl exp(score(e, h;))

Q=

The score function measures the importance of word-emoji combinations and is
defined as:

score(e, h,) = tanh(Wyh, + Wge +b) v

where Wy, W, are weight matrices, b is a bias vector, v is a weight vector, and
T denotes transposition.

2.3 Optimization Objective

The model adopts cross-entropy loss as its loss function. If D represents the
training microblog set, the loss function for the emoji-attention-based model is
expressed as:

C
L==Y" log(p,(c))

c=1deD

where C represents the number of sentiment labels and p,(c) represents the
predicted probability of sentiment label c.

3 Experiments
3.1 Dataset

To obtain training and testing corpora, 100,000 microblogs containing emojis
were extracted from Sina Weibo in April 2017. The jieba Chinese word seg-
menter was used for tokenization, replacing URLs, usernames, and topic hash-
tags in microblogs. Posts with length less than 5 were filtered out. Then over
10,000 microblog texts were randomly sampled as candidates for annotation,
with the requirement that each emoji appear more than 10 times. After re-
moving duplicates and posts with too few emojis, 6,905 posts remained in the
corpus. During annotation, sentiment labels were divided into three categories:
positive, neutral, and negative. The corpus and annotation statistics are shown
in .

Table 1: Corpus Statistics | Different Emoji Count | Total Emoji Occur-
rences | Number of Instances | | | | |

To obtain vector representations of words and emojis in microblogs, 100M mi-
croblog posts were extracted for pre-training. After tokenization and preprocess-
ing as described in Section 3.1, ordinary words and emoji symbols were treated
as the same type of token. Word vector representations were pre-trained using
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the SkipGram model [25] with a dimension of 300, yielding vector representa-
tions for microblog words and emoji vectors containing contextual information.
For words or emojis not appearing in the vocabulary during model operation,
random initialization was used.

Microblog text representations were learned using Bi-LSTM. Each hidden node’
s vector was 100-dimensional, with each word’ s representation formed by con-
catenating bidirectional hidden vectors, resulting in a 200-dimensional output
representation per word. The Adadelta method [26] was used to optimize pa-
rameters during training. In each optimization step, the model updated weight
matrices, bias vectors, word vectors, and emoji vectors. Training ran for 100
epochs.

The annotated corpus was split into training, development, and test sets in an
8:1:1 ratio. Accuracy was used as the evaluation metric.

3.3 Experimental Results

The primary goal of these experiments was to test the effect of emojis on text.
Therefore, three baselines were established:

a) Emoji-based: Using only emoji polarity for judgment. Each emoji’ s
polarity was manually annotated.

b) Bi-LSTM-text: Pure text input to Bi-LSTM sentiment analysis network.
Emojis were removed from microblogs, with pure text as network input.
The microblog representation from Bi-LSTM served directly as the feature
vector for the classification model. Optimization objectives and training
methods were identical to our proposed model.

¢) Bi-LSTM-text-emoji: Pure text + emoji input to Bi-LSTM sentiment
analysis network. Emojis were retained in microblogs, with both emojis
and text as network input. The microblog representation from Bi-LSTM
served directly as the feature vector for the classification model. Opti-
mization objectives and training methods were identical to our proposed
model.

Table 2: Sentiment Recognition Results | Model | Accuracy (%) | |—|
——-| | Emoji polarity only | | | Bi-LSTM-text | 68.51 | | Bi-LSTM-text-emoji
| 70.80 | | Emoji-Attention Bi-LSTM | 74.86 |

Table 2 shows the recognition accuracy of each model. The results reveal that in-
troducing emojis into the model improves performance from 68.51% (text-only)
to 70.80%. This is primarily because microblog text contains many humorous,
self-deprecating, and sarcastic posts where emojis cause shifts in sentiment po-
larity that cannot be identified from text alone. Comparing attention-based and
non-attention emoji models, the attention-based model accuracy rises to 74.86%,
demonstrating that emoji attention mechanisms more effectively represent text
sentiment.
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Table 3: Recognition Results for Different Sentiment Polarity Texts
Using Emoji-Attention Model | Polarity | Precision | Recall | F1-Score | |
| |—- | | Positive | | | | | Neutral | | | | | Negative | | | |

Table 3 shows that the emoji-attention mechanism model outperforms the emoji-
as-feature model. To verify the attention model’ s impact on microblogs with
different sentiment polarities, Table 3 presents recognition precision for different
sentiment polarities. The results show that after adding emojis, negative polar-
ity accuracy improves significantly, also exceeding positive polarity recognition
rates, while neutral polarity accuracy remains lowest. This indicates negative
emojis have the greatest impact on text polarity; emojis have little effect on
neutral microblog accuracy but significantly improve recall.

The following examples show cases where the Emoji-Attention Bi-LSTM (LSTM-
EA) model correctly identified sentiment while Bi-LSTM-text+emoji (LSTM-E)
failed:

1) “I don’ t mind PDA, but I mind PDA flooding my feed. Sorry, us single
dogs are just that direct, okay?”

2) “Sorry, my comprehension is low. Your wake-up call didn’ t wake me up;
instead, it knocked away my respect and gratitude for you. Thanks.”

3) “[Video of two cars colliding then drivers laughing it off] PS: Fellow Zhu-
madian folks, can’ t understand~ Hahaha~Reminds me of last time when
heavy rain in Nanping trapped me for 3 days and I fished from my bal-
cony, my fellow Chongqing people are so cute. Also & those who want
to capitalize on tragedy and spread rumors.”

4) “Thanks for passengers’ support and understanding!”

Examples 1) and 2) are clear cases of sarcasm where the LSTM-E model, which
simply averages word vectors as classifier input, makes incorrect predictions.
The LSTM-EA model correctly predicts by considering different weights for
each word. Examples 3) and 4) are misclassified by LSTM-E because they only
consider some negative words while ignoring the overall sentiment requiring
holistic interaction.

Since microblogs contain much sarcasm and “twist-ending” examples like those
above, the proposed model demonstrates superiority and practical value.

3.4 Experimental Analysis

The experiments above demonstrate that our proposed model significantly out-
performs models considering only pure text and also surpasses models that sim-
ply treat emojis as features. The main reasons are that emojis change or intensify
text polarity, while the emoji attention model also discovers semantic weights
within the text, improving recognition effectiveness.

In Table 2, neutral sentiment microblogs still show lower accuracy because they
contain some biased words and emojis while the text itself is not #fiE; another
reason is that some users employ emojis casually, using emojis unrelated to the
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main text. The following two sentences are actually neutral but were identified
as positive:

“Life is like a volcano. When you’ re angry and furious, it erupts; when you’ re
happy and joyful, it sprays underground springs to water the flowers and plants
at your feet.”

“Can’ t be careless:--”

4 Conclusion

Based on the cognitive fact that emojis play an important role in textual senti-
ment expression, this paper proposes a sentiment analysis model based on emoji
attention mechanisms. In the model, each word in a sentence receives different
weights after combining with emojis, enabling more precise semantic expression
of a sentence. Experimental results show that the emoji attention mechanism
can effectively identify microblog sentiment polarity, with both accuracy and F-
score surpassing methods that simply add emojis as features to neural networks,
achieving good results.

This work still has some limitations. During annotation, microblog polarity was
labeled with only three categories, which is relatively coarse-grained. Addition-
ally, some users’ microblog text and emoji usage are rather casual, affecting
model performance. Future work will investigate fine-grained microblog senti-
ment analysis based on emojis.
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