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Abstract

The frequent introduction of new emojis in
each Unicode release creates a dynamic shift
in social media content, providing a unique
opportunity to explore the evolution of digital
language. Analyzing a large dataset of sam-
pled English tweets, we examine how newly
released emojis gain popularity and evolve in
meaning. We find that community size of
early adopters and emoji semantics are pos-
itively correlated with their popularity. Cer-
tain emojis experienced notable shifts in the
meanings and sentiment associations during
the diffusion process. Additionally, we pro-
pose a novel framework utilizing language mod-
els to extract words and pre-existing emojis
with semantically similar contexts, which en-
hances interpretation of new emojis. The frame-
work demonstrates its effectiveness in improv-
ing downstream text classification performance
by substituting unknown new emojis with fa-
miliar ones. This study offers a new perspective
in understanding how new language units are
adopted, adapted, and integrated into the fabric
of online communication.

1 Introduction

The language landscape of the Web era is ever-
evolving, characterized by the emergence and evo-
lution of new language units. Individuals have cre-
atively crafted out-of-vocabulary language units,
such as Internet memes and viral hashtags, to en-
capsulate and convey complex ideas, sentiments,
and cultural phenomena, fostering shared lexicons
that resonate across digital communities. Under-
standing the adoption and adaptation of these lan-
guage units is crucial for gaining insights into the
dynamic nature of online communication, the in-
formation diffusion process in social networks, and
the underlying social trends and movements. How-
ever, analyzing the dynamics of these emerging
language units in online communication presents
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unique challenges. These units lack universal con-
ventions and standards and their characteristics may
vary during diffusion, making it complex to track
their initial appearances, early adoption, and fre-
quency of use.

As a recent addition to this landscape, emojis of-
fer a distinctive opportunity to explore the diffusion
and evolution of new language units. Emojis are
visual symbols that are embedded into text. These
non-verbal symbols go beyond a single word or
phrase, encapsulating rich semantics spanning a
wide spectrum of emotions, actions, objects, and
concepts. Originating as emoticons in the early In-
ternet culture, emojis have evolved into a standard-
ized and universally recognized visual language.
Unlike other language units like hashtags or inter-
net memes, emojis undergo a standardized process
prior to their inclusion in the language. They are
proposed to the Unicode consortium, formally de-
fined by the Unicode standard, uniquely coded as
Unicode strings, such as U+1F603 for emoji &),
and then rendered by various platforms.

Since the Unicode started to adopt emojis in
2010, we have witnessed emojis’ remarkable rise
on the Web, with their adoption consistently in-
creasing across multiple platforms (Rong et al.,
2022; Lu et al., 2018; Kejriwal et al., 2021; Halver-
son et al., 2023). New emojis continue to be intro-
duced in response to user requests. From 2018
to 2022, five new versions of emojis (Unicode
11.0 to 15.0) have been released, some of which,
like the pleading face emoji (©9) and the partying
face emoji (58), have gained widespread adoption
among Twitter users.

This standardized approach ensures that emojis
maintain a stable form throughout their journey
within social networks, enabling precise tracking
of emoji adoption and diffusion. These attributes
— precise definition, standardized implementation,
stable form, and accurate release information — un-
derscore the unique suitability of emojis for study-
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ing the evolution of language in social networks.

We take the initiative to study the diffusion of
emerging language units on social media through
the unique perspective of Unicode-versioned emo-
jis. We investigate the diffusion of newly created
emojis introduced in Unicode versions 11.0 to 13.0,
across the Twitter platform, particularly the usage
frequency and semantic shift as the new emojis
cascade through social media.

Because of the rich semantics, the Unicode defi-
nition (such as “pleading face”) is far from enough
to interpret the meaning of an emoji. To this end,
we propose an interpretation framework that lever-
age language models (LMs) to identify words and
existing emojis that share similar semantic contexts
with the new emojis. Finally, we evaluate the prac-
tical implications of our framework by substituting
new emojis with semantically similar ones in senti-
ment classification and irony detection tasks, which
demonstrates the effectiveness of our approach in
helping NLP models interpret emerging language
units for downstream tasks. We summarize our
major contributions as follows:

* We explore the pattern of emoji diffusion ini-
tial adoption to widespread usage, with a fo-
cus on frequency and sentiment aspects.

* We introduce an interpretation framework to
interpret the semantics of new emojis by ex-
ploring the words or old emojis with similar
semantics.

* To validate the effectiveness of our interpre-
tation framework, we replace emojis in texts
with surrogates and improve the model per-
formance in the sentiment classification and
irony detection task.

2 Related Work

Our work builds upon three research areas: emoji
understanding and applications, innovation diffu-
sion on social media, and temporal effects in ma-
chine learning models.

Emoji Understanding and Applications. The
functions and applications of emojis are widely
studied, including their role in conveying senti-
ment (Ai et al., 2017), irony (Hu et al., 2017), top-
ics (Lu et al., 2016), and identity (Ge, 2019). Emo-
jis have been incorporated into various downstream
NLP tasks, notably sentiment analysis (Chen et al.,
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Figure 1: Frequency trends per emoji version over three
years post-release. Y-axis: proportion of total emoji
usage from each version (shown every four months).

2019; Felbo et al., 2017; Eisner et al., 2016) and
irony detection (Hayati et al., 2019). While the
emoji development process (Lu et al., 2018) and
requests (Feng et al., 2020) have been examined,
the diffusion dynamics and evolving interpretations
of recently introduced emojis remain largely unex-
plored. Furthermore, existing methods often fail to
generalize effectively to these new, unseen emojis.

Innovation Diffusion on Social Media. Re-
search has explored the diffusion patterns of var-
ious online content like hashtags, memes, and
news (Ma et al., 2014; Johann and Biilow, 2019;
Kiimpel et al., 2015; Zhou et al., 2021), includ-
ing studies on general language innovation (Grieve
et al., 2018; Kershaw, 2018). We argue that the
standardized, versioned nature of Unicode emo-
jis presents a unique, controlled setting to study
language unit adoption. Therefore, this work
specifically investigates the diffusion of new emo-
jis through the lens of innovation diffusion the-
ory (Rogers et al., 2014; Ma et al., 2014), examin-
ing factors influencing their uptake and popularity.

Temporal Effects on Models. Language evolu-
tion on social media causes a temporal shift, de-
grading the performance of models trained on older
data when applied to newer text (Rottger and Pier-
rehumbert, 2021; Huang and Paul, 2018; Agarwal
and Nenkova, 2022). Newly introduced emojis,
appearing as out-of-vocabulary tokens to models
trained prior to their release, exacerbate this is-
sue. While methods like continual training can
adapt models (Rottger and Pierrehumbert, 2021;
Ke and Liu, 2022; Su et al., 2022), they incur sig-
nificant computational costs. We propose a novel
emoji substitution approach as a computationally
efficient alternative to help models interpret new
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emojis without requiring retraining.

3 Emoji Diffusion: Frequency and
Semantics

We explore the diffusion of new emojis (Uni-
code 11.0-13.0, released 2018-2020) on Twitter
from May 2018 to May 2022, focusing on us-
age frequency and semantic evolution, particularly
through the lens of sentiment context. Our dataset
comprises English tweets collected via the Twitter
API'.

3.1 Emoji Usage Frequency Dynamics

Newly released emojis generally exhibit increasing
usage over the subsequent two years (Figure 1),
though adoption rates vary dramatically both be-
tween versions and within versions. The popularity
often follows a power-law distribution, similar to
established emojis (Lu et al., 2016), with top emo-
jis being orders of magnitude more frequent than
others (Figure 2). Adoption speeds also vary; for
example, @ initially lagged behind others in Emoji
11.0 but later surged in popularity, suggesting dif-
fusion across different community boundaries over
time. We also observe that older emoji versions
(e.g., Emoji 11.0) can eventually plateau or de-
crease in usage, potentially as users adopt newer
alternatives.

While overall usage grows, short-term frequency
can be influenced by external events. Fine-grained
weekly analysis revealed temporary spikes in us-
age coinciding with events like New Year’s Day
and Valentine’s Day, confirmed by examining as-
sociated keywords during those periods (details in
Appendix A).

3.2 Semantic Evolution during Diffusion

Given increasing adoption, we investigate if emoji
meanings adapt during diffusion. As a proxy for se-
mantic context, we analyze the sentiment of tweets
containing new emojis using Vader (Hutto and
Gilbert, 2014), averaging scores over two-month
periods.

For most top emojis studied (from Emoji 11.0),
the average sentiment score remained relatively
constant, suggesting stable interpretations (Fig-
ure 3). However, a notable exception is @ (plead-
ing face), whose average sentiment score progres-
sively increased (became more positive) during the
first year post-release.

1https://developer.twitter.com/en/docs/
twitter-api

This shift suggests an evolution in usage. Ini-
tially, @ appeared frequently in negative contexts,
but over time, its usage in positive contexts grew
significantly (see Appendix Figure 6 for score dis-
tributions). Analysis of highly associated words
(via PMI) supports this: early associated senti-

mental words included negative terms like ‘{sad ‘
and ‘-‘, while a year later, positive terms like

‘\prettiest * and ‘[cutest|’ became prominent (Ta-
ble 1). This demonstrates that the perceived mean-
ing and application context of an emoji can evolve
as it diffuses through the user population.

Time Period Top 10 PMI Sentimental Words

cry |sad please miss -
sorry idk [wish . stop

sobbin rotect  C rettiest pls
2019-10 ae e P 0.221
precious hug cutest sad heart

Score Avg.

2018-10 -0.198

Table 1: Top 10 associated words with positive or nega-
tive sentiments of emoji @ in October 2018 and Octo-
ber 2019. Red and blue highlight positive and negative
words, respectively. The darker the background color,
the more sentimental the words.

4 Influencing Factors of Emoji Diffusion

The observed popularity discrepancies (Section 3)
raise the question of what influences the diffu-
sion process. Viewing emojis as digital innova-
tions, we apply Rogers’ diffusion of innovation
theory (Rogers et al., 2014), examining factors re-
lated to the diffusion network (early adopters) and
the innovation itself (emoji semantics). We defined
early and late stages as two months and fourteen
months post-release, respectively.

Diffusion theory suggests larger early adopter
communities accelerate spread (Ma et al., 2014;
Steffes and Burgee, 2009). We proxied commu-
nity size by the popularity of hashtags co-occurring
with new emojis early on (Yang et al., 2012; Zhou
and Ai, 2022) (details in Tables 5 and 6 in Ap-
pendix B.1). We found positive Spearman cor-
relations between early hashtag counts and late
emoji counts for the top 10 emojis across ver-
sions (e.g., p = 0.580,p = 0.08 for Emoji 11.0;
p = 0.530,p = 0.11 for 12.0), indicating a ten-
dency for larger initial communities to predict
greater eventual popularity.

The innovation’s characteristics also mat-
ter (Rogers et al., 2014). We proxied semantic
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Figure 3: Average Vader scores of the tweets containing
the top 5 popular emojis in Emoji 11.0 from October
2018 to October 2019.

popularity using the early-stage frequency of se-
mantically similar words generated by GPT-4 (Ope-
nAl, 2023) (details in Tables 7 and 8 in Appendix
B.2). We found significant positive correlation for
Emoji 12.0 (Spearman p = 0.780, p < 0.01; Pear-
son r = (0.812) and positive tendency for 11.0, sug-
gesting emojis representing frequently discussed
concepts tend to become more popular. The weaker
correlation for 13.0 might reflect limitations in key-
word proxies for certain emoji semantics. Overall,
both early community size and semantic relevance
show associations with emoji diffusion success,
aligning with innovation diffusion principles.

5 Interpret Emojis with Language Models

The analysis so far shows that the semantic of emo-
jis not only affect their diffusion process, but also
evolves during the diffusion process, both of which
highlights the importance of an effective frame-
work to interpret new emojis dynamically.
Although ChatGPT is capable of showing us sim-
ilar words to emojis in Emoji 11.0 to 13.0, it relies
on the stereotypical associations to infer emojis’

semantics and lacks the understanding based on
the application scenario, which cannot capture the
semantic evolution during diffusion (Zhou et al.,
2024). Secondly, the pre-training data of Chat-
GPT may not cover the recently-released emojis or
emojis not included in the Unicode organization.
For example, GPT4 generates hallucinations when
prompting it to explain the semantics of &2 (bro-
ken) and & (onlooker), specifically used on the
WeChat app (Zhou et al., 2024).

To address these challenges, we utilize the cor-
pus containing new emojis and open-source lan-
guage models (LMs) to investigate the application
scenario and semantic meaning of emojis. Previ-
ous researchers used LMs in interpretation work
(Lin et al., 2023; Zhou et al., 2023; Romanou et al.,
2023) and relied on the attention mechanism to ex-
plore the inner association of the fine-tuning data
(Wang et al., 2021). In this section, we use the
attention score method and the cross-dataset infer-
ence method to explore words and old emojis with
semantics similar to new emojis.

5.1 Interpretation with High-attention Words

Attention scores are a well-studied interpretability
method to identify important tokens for LMs to
make the decision (Clark et al., 2019; Wang et al.,
2021). To understand what words are specifically
associated with newly created emojis, we design
an emoji prediction task and extract high-attention
words to interpret the emoji’s meaning.

5.1.1 Attention Calculation

Formally, we first construct an emoji classifica-
tion dataset with the input space x € & and the
pre-defined output space y € Y = {0,1,--- ,n},
where x is a tweet excluding the emoji and y rep-
resents the emoji label. To better distinguish the
word association between new and old emojis, the
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tweet with label 0 means that the tweet contains
the old emoji, and with label 1 < k£ < n means
that the tweet contains the new emoji k. Denote f
as the fine-tuned model in the emoji classification
dataset (specifically the Roberta model for our ex-
periments) (Liu et al., 2019). For each input tweet
z; € X with tokens {t},t? - #"}, where m is
the token number, we adopt f in the input ¢ and ob-
tain the attention scores {a},a?,--- ,a} and the
emoji prediction f(7). Since for Roberta model, the
embeddings of the [CLS] token in the last layer are
used to make the prediction, we compute the scores
a;" as the average attention scores of the m*" token
to the [CLS] token across different heads. For the
overall attention scores ay; of the token ¢ for the
emoji k, we extract the sentences with prediction
f(z;) = k and average the attention scores of the
token ¢ in these extracted sentences, which can be
formulated as

> piea 1 (@) = k) - 37 (a - 1(H] = 1)

gt = 4

_ J_
inex 1(f(zi) = k) - Z;ﬂﬂ (ti =)
where 1 is the indicator function. With the overall
attention scores, for each emoji k, we can extract
the keywords with the highest attention scores az;
to understand the semantics of the new emojis.

5.1.2 Experiment Setup and Results

To verify the effectiveness of the attention method,
we first extracted tweets containing emojis from
April 2022 to May 2022 using the Twitter APL.
We randomly selected six emojis from Emoji 13.0,
each appearing in more than 1,000 tweets: @& (smil-
ing face with tears), & (ninja), » (magic wand),

" (pinched fingers), ‘@ (coin), and & (people hug-
ging). A balanced dataset was constructed with a
total of 50,000 tweets, divided into 7 labels (label
0 for old emojis and labels 1 to 6 for the new emo-
jis), ensuring each emoji had a sufficient number
of tweets for accurate fine-tuning.

We fine-tuned the RoBERTa model pre-
trained on tweets (Barbieri et al., 2020)
(twitter-roberta-base?) on the emoji pre-
diction dataset with an 8:1:1 train-validation-test
split, achieving a training accuracy of 78.29%
and a test accuracy of 66.98%. The top 10 words
with the highest attention scores are presented
in the second column of Table 2, with words
recognized by the authors as having similar
semantics highlighted in bold.

2https://huggingface.co/cardiffnlp/
twitter-roberta-base

Emoji  Top 10 Attention Score Words ~ Top 3 Inference Score Old Emojis

same, its, o, me, no,

why, this, please, oh, i © (167), & 8.5, @ (6.1)

days, account, ninja, both,
)-§ assassins, who, samurai, coin,
gaming, website

(13.3), 20 (13.2), @ (10.2)

magic, wish, magician,
v wizard, follow, hours, tweet,
special, light, recent

(22.6), 3¢ (10.1), & (9.9)

this, puff, the, that, kiss,
another, you, art, perfect,
please

@ (10.2), & (7.8), 12 (6.1)

start, billion, coins, token,
) coin, money, proof, gob,
hours, follow

3¢ (25.1), # (16.4), ¥ (10.5)

thanks, hugs, my, hug,
& good, you, hugging, dear,
friend, happy

@ (11.2), € (8.9),  (8.3)

Table 2: Words with high attention scores and old emo-
jis with similar inference scores for emoji inference of
the new emojis from Emoji 13.0. High-attention words
suggest words with similar semantics and the applica-
tion scenario of emojis.

Table 2 demonstrates that attention scores are
effective in identifying words semantically similar
to specific emojis. These words not only mirror the
primary meaning of the emojis but also reveal their
application scenarios and extended interpretations.
For entity-related emojis such as &, ~ , and ‘@,
their high-attention words extend beyond their di-
rect symbolism. For instance, the word “gaming”
associated with Y@ highlights its frequent use in
the context of action video games. Similarly, the
term “token” linked with ‘@ (coin) suggests its ap-
plication in representing Bitcoin tokens, indicating
a broader usage beyond its conventional meaning.

Regarding sentiment-related emojis, the high-
attention score words encapsulate the sentiments
embedded in the emojis. For instance, the word
“perfect” associated with ..> implies positive senti-
ment, while “why” and “no” linked to &) suggest
negative sentiments. The qualitative results in Ta-
ble 2 demonstrate the effectiveness of using the
attention mechanism to probe the application set-
ting and the extensive meaning of the new emojis.

5.2 Interpret Emojis with Old Emojis

Words with high attention scores do not fully cap-
ture the sentiments inherent in emojis. For example,
the degree of negative sentiment conveyed by @),
or the specific sentiment associated with R and @,
remains ambiguous. Besides exploring words with
similar semantics, we employ the rich and complex
sentiments encoded in old emojis to interpret the
newly created emojis.

We utilize LMs to conduct cross-version infer-
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Figure 4: The upper half shows the framework of using
old emojis to interpret new emojis and the lower half
presents the pipeline of replacing new emojis in the
downstream prediction task dataset to old similar emojis
to enhance the results.

ence to explore old emojis with semantics similar
to a new targeted emoji. If the semantics and syn-
tactic features of the text containing two emojis
are similar, the semantics of two emojis are also
similar. Our method is to first fine-tune the LMs on
an emoji classification dataset with old emojis as
the labels, and we use the fine-tuned LMs to do the
inference on tweets containing new emojis. If LMs
predict tweets with a new emoji to contain another
old emoji, it means that two emoji share a similar
text context distribution, indicting similar seman-
tics. The pipeline of the interpretation framework
is shown in the upper half of Figure 4.

5.2.1 Cross-Version Analysis

We construct an emoji classification dataset with
the input tweets X,y and the pre-defined emoji
labels from old emojis {egld, eéld, - ,elo}. Pre-
trained LM f. is fine-tuned in tweet collec-
tion X,;;. We construct another tweet dataset
Xhew, Where each tweet contains the new emojis
{€0 sl s e, } and ask the fine-tuned LM
fe to do the inference on each tweet Z,cy € Xper-
The prediction on the tweet x,,¢,, containing the

emoji Ynew 18:

fe(ifnew) = argmaxp(eold|xnew)-
€old

The semantic similarity between an old emoji e;q

and a new emoji ey, can then be quantified as the
proportion of predictions equal to e 4:

El’new l(ynew:enew7fe (xnew):eold)

]l(ynew:@new)
(1

We sort the old emojis for each new emoji by
the calculated simi(-) values and extract the top
three old emojis with the highest similarity values
for each new emoji.

Simi(&)lda enew) =

Tnew

5.2.2 Experiment Setup and Results

We first constructed X4 using tweets from April
2020 to May 2020, before Emoji 13.0 appeared on
Twitter. We extracted 10,000 tweets for each of
the top 32 emojis from April to May, along with
an additional 10,000 tweets without any emojis.
This resulted in a training dataset, X,;4, compris-
ing 330,000 tweets and 33 emoji labels (32 emojis
plus a "no emoji" label). The pre-trained RoOBERTa
model, f., was fine-tuned on X,;4, and the fine-
tuned model was then used to infer on the test
dataset constructed with tweets from 2022 contain-
ing the emojis from Emoji 13.0, as described in
Section 5.1. We calculated the semantic similar-
ity values between the old and new emojis using
Equation 1 and presented the top 3 similar ones for
each new emoji, along with their similarity values,
in the third column of Table 2.

Table 2 reveals that preexisting emojis effec-
tively reflect the semantic content, particularly the
sentiment dimension, of new emojis. For sentiment-
related emojis such as @), older emojis such as &
(pensive face), @ (pleading face) and @ (weary
face) encapsulate the blend of sadness and begging
inherent in the new emoji. Furthermore, in the
case of entity-related emojis, while it may be chal-
lenging to pinpoint analogous emojis that precisely
capture an entity’s characteristics, it is feasible to
discern the underlying sentiments these emojis con-
vey. For example, the f& (ninja) emoji, in relation
to existing emojis such as '~ (sparkles), ** (eyes),
and @ (smiling face with smiling eyes), reveals the
positive sentiment in Y& in usage.

In the next section, we will demonstrate how
this associated emoji analysis can be applied to
downstream tasks. We find that simply substituting
new emojis with their similar old emojis, as emoji
surrogates, significantly increases the accuracy in
the sentiment classification and irony detection task
of fine-tuned language models.

5.3 Emoji Substitution in Downstream Tasks

Sentiment classification and irony detection are two
well-studied natural language processing (NLP)
tasks widely used in many deployed systems. Emo-
jis, as non-verbal tokens rich in semantics, have
been shown to be important for training effective
machine learning models for sentiment classifica-
tion or irony detection (Chen et al., 2019; Hayati
et al., 2019).

The current state-of-the-art (SoTA) method for
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text classification tasks on tweets involves fine-
tuning pre-trained language models on a training
dataset. However, given a fine-tuned language
model on a tweet dataset from 2020, testing on
tweets from 2022 containing the new emojis from
Emoji 13.0 may lead to imprecise predictions due
to the absence of these new emojis in the fine-
tuning data.

To address this issue, instead of fine-tuning mod-
els on 2022 tweets again, which requires high com-
putational cost, we propose a method to directly
substitute the new emojis with old emoji surrogates
known by the fine-tuned language models. We ex-
pect the semantics encoded in similar old emojis
(emoji surrogates) to compensate for the loss of se-
mantics in the unknown new emojis. We illustrate
the emoji substitution process in the downstream
classification tasks in the lower half of Figure 4.

5.3.1 Emoji Substitution

Suppose that we have a tweet classification dataset
Snew that contains the new emojis and that each
tweet is labeled with the label y € {0,1}. Given
a classifier fs fine-tuned in S,;4, where the new
emojis are not in the vocabulary of the classifier f;,
for each tweet s; = [t},t7,--- [t €
Snew, We can replace the new emoji €,,¢,, in tweet
8; € Spew With the old emoji surrogates (top 3 old
similar emojis sorted by the calculated similarity
value in Section 5.2) and obtain a dataset S’ with
s;=[thtF, -  €olds Coia> s+ + 1] Then we
feed the tweet s; with the old emoji surrogates to
the classifier f; to get the model prediction, which

is: fo(s) = argmax,eqq 1y p(yls;)-

y Enew, *

5.3.2 Experiment Setup and Results

For the existing classification datasets for tweets,
they were developed before 2018 and did not con-
tain the newly created emojis for Emoji 13.0 or
Emoji 14.0. Therefore, we collect tweets from
2020 and 2022, respectively, and ask LLM to anno-
tate the labels. Due to the superiority of LLMs over
human crowd-workers on the text annotation task
(Gilardi et al., 2023; Zhou et al., 2024), we utilize
ChatGPT to annotate the sentiment or irony label
for tweets (Ouyang et al., 2022). Given a tweet
input s, the ChatGPT model (GPT-3.5 for Emoji
13.0 and GPT-40 for Emoji 14.0), a sentiment label
set {positive, neutral, negative}, an irony label set
{irony, non-irony}, we ask ChatGPT to annotate
the tweet with the given sentiment and irony label
sets. We repeat the LLM annotation process twice

with the temperature 0.7 and only keep the exam-
ples and labels agreed by two LLM annotators.

We first collect tweets from April 2020 to May
2020 and then use ChatGPT to label the sentiment
of each tweet as S,;4. We first split S,;4 into train-
ing, validation, and test dataset by 8:1:1 and down-
sample the training set to make a balanced set with
35,388 tweets. We fine-tune the Roberta classifier
(twitter-roberta-base) pre-trained on tweets
before August 2019 as f; (Barbieri et al., 2020).
We repeat the collection and labeling process on
tweets from April 2022 to May 2022 to form Sy,¢y-
In the randomly sampled test dataset, the fine-tuned
model f; can achieve an accuracy of 67.52% in
tweets from 2020 and 67.65% in tweets from 2022
in the sentiment classification task, which means
that the two-year language evolution is not signif-
icant to greatly affect the overall performance of
the classifier.

To validate ChatGPT’s reliability for tweet an-
notation, we evaluated its performance on the
SemEval-2015 Task 10 sentiment classification test
set (Rosenthal et al., 2015). ChatGPT achieved
77.29% agreement with the gold standard labels.
This accuracy compares favorably to the reported
average human agreement of 75.70% obtained dur-
ing the dataset’s construction. Given this compara-
ble performance to human annotators on a standard
benchmark, we consider ChatGPT sufficiently reli-
able for annotating tweets in our study.

To evaluate the effectiveness of our emoji re-
placement method for tweets containing new emo-
jis, we randomly selected 16 popular emojis
from Emoji 13.0 and Emoji 14.0, each appearing
more than 300 times in S,e,. These included 8
sentiment-related emojis and 8 entity-related emo-
jis. We collected a total of 91,066 tweets containing
the selected emojis and used the fine-tuned lan-
guage model f, to make predictions for each tweet.
Next, we applied the proposed emoji replacement
method, substituting the new emojis with exist-
ing emoji surrogates, and asked fs to re-predict.
Additionally, we prepared two baseline methods
for replacing new emojis with text: one replaced
the new emoji with its corresponding emoji name
(words representing the emoji’s meaning), while
the other replaced the emoji with a description gen-
erated by ChatGPT, leveraging its detailed under-
standing of emoji semantics (Zhou et al., 2024).
The generated descriptions of ChatGPT for each
emoji and the prompt are shown in Table 9 in the
Appendix. We computed the prediction accuracy
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Emoji 13.0 (sentimental)

emoji  surrogates  # test original acc replaced acc name acc description acc

% & 23,080 64.44+1.38 66.4+3.53 60.9+1.49 58.5+ 7.77
@ 1,908 55.8 £10.0 649+142 659+1.97 64.1 +£1.07
& 6,580 82.44+201 9044122 86.4+1.63 85.2 +3.92
6,972 80.8+1.53 83.6+1.05 65.7+2.89 64.8 £ 2.85

Emoji 13.0 (entity)
fi B3¢ 614 2394234  207+253 244+132  283+206
2 00Q 6,649 56.1£1.53 58.4+£219 56.0£2.74 56.8 £+ 2.50
9 wEG 3,209 56.0£5.22 61.3+0.88 59.2+0.49 56.3 £+ 0.59
& EA0D 922 66.5+1.11 67.44+0.82 68.1+0.85 61.1 4 5.56

Emoji 14.0 (sentimental)

D & 9305 787+036 77.2+0.88 70.9 £5.22 70.544.48
W Y 9328 80.0+£0.92 8254049 77.5+3.37 61.7+0.84
Yo 9374 76.7£0.07 81.9+£0.18 80.2+249 81.2+1.15
W tee 9333 80.4+0.53 79.9+1.31 76.7+1.84 78.240.49

Emoji 14.0 (entity)
e R 1702 86.2+0.16 87.7+0.25 86.7+0.75 81.4+1.38
- &4 1325 83.3+0.32 85.0+048 822+1.28 79.0 £3.15
& K+ 383 89.2+1.67 8944166 86.9+1.10 88.4 £ 0.86
@ } 382 93.3+0.18 92.74+0.74 90.8 & 0.00 89.0 + 1.41

Table 3: Sentiment prediction accuracy using emoji
replacement for Emoji 13.0/14.0. Model pretrained pre-
Aug 2019 (new emojis excluded). Accuracy columns
compare: original text, replacement with similar old
emojis, emoji names, or GPT descriptions.

for original tweets, emoji-replaced tweets, name-
replaced tweets, and description-replaced tweets
for each emoji. The results of the sentiment classi-
fication task are presented in Table 3, and those of
the irony detection task are presented in Table 10
in the Appendix.

From Table 3, we observe a notable performance
improvement for the model f fine-tuned on tweets
without new emojis when replacing the new emojis
with older emojis of similar semantics. Specifi-
cally, the model exhibits a relative improvement
of 5.02% for sentimental emojis and 4.71% for
entity-related emojis from Emoji 13.0, as well as
a relative improvement of 1.78% and 1.51% for
sentimental and entity-related emojis from Emoji
14.0, respectively. When compared to replacing
new emojis with text (names or generated descrip-
tions), our proposed method outperforms in 11/16
cases. This is likely because the words from emoji
names or ChatGPT-generated descriptions fail to
fully capture the complex sentiments conveyed by
the emojis. Furthermore, as shown in Table 10
in the Appendix, a similar pattern emerges in the
irony detection task, where our emoji replacement
method achieves the best performance in 13/16
cases. These findings demonstrate the effectiveness
and robustness of our proposed method in address-
ing out-of-vocabulary emoji tokens in downstream
text classification tasks.

We also repeat the experiments on the Roberta
model with new emojis in the pretrained corpus
(twitter-roberta-base-2022-154m, pretrained
on tweets before December 2022) (Loureiro et al.,
2023), and present the results of sentiment classifi-

cation in Table 11 in the Appendix. Compared with
Roberta model pretrained on tweets before 2020
(twitter-roberta-base), the average relative im-
provement of replacing new emojis with old emojis
becomes smaller or even negative, which follows
our expectation that the fine-tuned model fs has
learned the semantics of new emojis in the pre-
training data and the substitution of emojis causes
loss of information.

6 Implications

Our research reveals the patterns of emoji diffusion
and proposes a framework to understand the seman-
tics of new emojis. We expect that our exploration
of emoji diffusion can benefit the emoji designer by
considering the influencing factors to design more
attractive emojis in future works. For model devel-
opers, our emoji replacement framework can pro-
vide an effective way to increase the generalization
of the fine-tuned LLMs on texts containing new
emojis without further parameter updates, which
can also be extended to other NLP tasks. For future
emoji researchers, our work provides a pipeline to
explore the pattern of new emoji diffusion and pro-
poses a framework to utilize open source LMs to
interpret the emoji semantics and usage scenarios.
Moreover, our work provides an insight into the
diffusion patterns of a new language unit, which
can inspire future researchers to generalize our
diffusion exploration pipeline and interpretation
framework on other new non-verbal tokens, such
as memes and viral hashtags. Along with our work,
we expect that the exploratory study on the lan-
guage unit diffusion can reveal the evolution mech-
anism of the content in digital communities.

7 Conclusion

In this work, we analyzed the diffusion patterns of
recently created emojis, finding external events in-
fluence short-term frequency and sentiment mean-
ings can evolve during adoption. Early adopter
community size and emoji semantics correlate with
eventual popularity. We proposed an interpretation
framework using associated words and similar ex-
isting emojis. Its effectiveness was demonstrated
by substituting new emojis with interpreted surro-
gates, improving model performance on sentiment
and irony detection tasks. This framework offers a
way to enhance model generalization to new emojis
in downstream applications.
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8 Limitations

There are two limitations in our work. First, the
sample size for our correlation measurement in
Section 4 is small and such a small sample size
is difficult to obtain the significant correlation (p-
value< 0.05). We select 10 emojis from each ver-
sion to analyze the factors that influence the emoji
diffusion, since the emoji number is a long-tailed
distribution, where the emoji numbers after the top
10 are close. We measure the association across
three versions of emojis to make our conclusion
more generalizable.

Second, when analyzing the characteristics of
new emojis, in this paper, we only focus on the
semantic features of emojis, also the focus of the
previous work, but we find that the visual features
could also be an important feature for emoji dif-
fusion and may also influence the emoji seman-
tics. For example, after one year of diffusion, the
number of tweets with ~ (white heart) is 10 times
higher than the tweets with € (brown heart). These
visual features play an important role in exploring
emoji usage and downstream emoji applications.
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Figure 5: Frequency trends by week of the top 5 popular
emojis in Emoji 11.0 from the end of 2018 to the start
of 2019.

Emoji Time period Top 10 PMI words

birthday, happy, hope, great, days,

&3 51st week, 2018 . .
we, day, year, amazing, christmas

happy, new, year, birthday, 2019,

= st week, 2019 happynewyear, may, everyone, years, 2018

amazing, you, wait, love, thank,

= Slst week, 2018 thanks, see, beautiful, heart, so

looking, valentines, tomorrow, valentine,

& 7th week, 2019 . .
ever, amazing, pretty, sweet, beautiful, you

Table 4: Highly-associated words (quantified by PMI
value) of emoji 23 and & in different weeks. The seman-
tics of the associated words coincide with the external
events happened at that week.

Appendix

A Weekly Frequency Fluctuations and
Event Correlation

Seeing the continuous growth of new emojis’ pop-
ularity after release, we then examine the change
in emoji frequency in a more fine-grained time pe-
riod. We visualize the count of the 5 most popular
emojis of Emoji 11.0 at each week from November
2018 to March 2019 in Figure 5. We observe two
significant bumps on the lines of &5 (partying face)
and &7 (smiling face with hearts): a bump for &3 in
Week 1 of 2019 and the a bump for & in Week 7
of 2019.

The bumps coincide bursting external events
(New Year in Week 1 and Valentine’s day in Week
7), which have been discussed in literature as pos-
sible triggers for information cascade (Zhou et al.,
2021; Crane and Sornette, 2008). We hypothesize
that external events also influence the adoption of
new emojis.

To verify, we examine whether the words associ-
ated with the new emoji in that period are related to

external events. We collect the tweets with emojis
in the first and seventh week of 2019 and calculate
pointwise mutual information (PMI) between each
emoji e and each word w. The PMI equation can

be formulated as PMI(e, w) = log p](Jé)e;(Ug)’ where

p(w), p(e) and p(e, w) refer to the probability of
a tweet containing the word w, the emoji e, and
both of them, respectively. We present the top 10
associated emojis (based on PMI) for emoji & and
&7 in different weeks in Table 4 and highlight the
words related to external events, as recognized by
the authors.

From Table 4, we observe that for emoji %3 from
the 51st week of 2018 to the 1st week of 2019,
the words about the New Year event such as “hap-
pynewyear” and “2019” appear in the associated
words, and for emoji &7, the associated words about
Valentine’s days show in the 7th week of 2019. The
observation verifies our hypothesis and suggests
that external events can influence the adoption of
new emojis.

Date = 2018-10 Date = 2019-10

< 25%
=20%
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2 10%

Proportion of emojis (%
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1.0 -1.0 -05 0.0 0.5 1.0
Sentiment score

Figure 6: Distribution of Vader scores of tweets contain-
ing emoji @ in October 2018 and October 2019. During
one year period, @ concentrate more on the positive
tweets.

B Details of Influencing Factor Analysis

B.1 Influence of Community Size on Emoji
Popularity

We first identify the early stages of Emoji 11.0,
Emoji 12.0, and Emoji 13.0 as July 2018, Septem-
ber 2019, and November 2020, respectively, two
months after their initial release, and set the late
stage as one year after the early stage. We count the
number of co-occurring hashtags for each emoji in
the early stage and the number of emojis in the late
stage. We present the top 10 most used emojis in
the late stage from Emoji 13.0, along with their top
3 popular co-occurring hashtags, in Table 5 and the
count of emojis and hashtags in the early and late
stages of emoji diffusion. The co-occurring hash-
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Emoji  Co-occurred hashtags

PLTPINKMONDAY, PLTPINKSUNDAY,

# hashtag (early)  # emoji (late)

€ PLTCyberMonday 79982.2 67,103
A"_l"'INYDAY, HeartbreakWeather, 18806.0 11,583
NiallHoran
EveryVoteCounts, StayHome,

& StaySafe 71729 7,829
Bitcoin, gold,

DeFi 10267.2 5,900
MissguidedCyberTreat, PLTPINKMONDAY,

4 ibelieveinfairys 115011 3,355

2 syur_abalkhan, DerApotheker, 1128.8 4510
wolfpac

- GreenIndiaChallenge, SupportSmallStreamers,

¥ RRRMovie < 46272.1 3,014
Election2020, PLTPINKMONDAY,

@ TREASURE 83920.8 2,497
Il::Iapp_yThanksgwngvc, Design, 866.6 2113

moji
}\ﬁ;gr;inschf’resenls. LatentVoices, 33433 1,666

Table 5: Co-occurred hashtags for top 10 popular emojis
in Emoji 13.0 in the late stage. # hashtag (early) rep-
resents the hashtag number in the early stage of emoji
diffusion, two months after the first appearance of emo-
jis. # emoji (late) shows the emoji number in the late
stage, one year after the early stage.

tags for emojis in Emoji 11.0 and 12.0 are shown
in Table 6.

B.2 Influence of Emoji Semantics on Emoji
Popularity

Our prompt for querying GPT-4 is composed as
follows: Show me five common single words on
Twitter with similar semantics to this emoji: emoji,
where emoji is a new emoji from Emoji 11.0, 12.0,
or 13.0, such as &7 (smiling face with hearts). We
count the average number of words in the early
stage of new emojis (the same month as in Section
B.1) and the emoji number in the late stage (one
year after the early stage). Since we find that the
emoji and word counts are on the same scale, we
calculate the Spearman rank correlation coefficient
and the Pearson correlation coefficient for the log-
arithm of these two numbers as the measurement
of association (Zar, 2005; Cohen et al., 2009). We
present the word and emoji numbers for the top 10
popular emojis from Emoji 13.0 in Table 7, and
for the similar words for emojis in Emoji 11.0 and
12.0, we show them in Table 8 in the Appendix.

Emoji  Co-occurred hashtag # hashtag (early) # emoji (late)
SaveShadowhunters, EXO,
T
3 BTSARMY. 37122.3 101,667
- TeenChoice,
- SouhilaBenLachhab, Cover 70924.1 36,449
& Prediction, Democrats, 51218 29549
Obamacare
Heatwave, SummerSkinSafety,
D
® WorldEmojiDay 693.8 14,650
B Ethereum, cryptocurrency, 220753 13.070
eth
TRuMP, WorldCup2018,
(=] UFC231 11416.0 2,137
» Directive, ItsACelebration,
“  TeamNGH 761 616
& MAGA’ CRO, 8831.0 539
Boxing
. Cakes, baking,
weekendreads 1979.1 435
TMay, Chequers,
UK 1736.25 339

(a) Co-occurred hashtags for emojis in Emoji 11.0

Emoji  Co-occurred hashtag # hashtag (early) # emoji (late)
J9, 3YearsWithCBX,
StreamLYTLM 448.50 85.981
i Tszanfv, TeamGalaxy, 144.20 13473
withGalaxy
o 13ReasonsWhy3, 13ReasonsWhy,
@ DeleteFacebook 29160 13,127
v thestrlpperolﬁmal, 20 9321
camren, natiese
. StarTrekDiscovery, Friends,
RossGeller 3900 4433
6 PCr%OdEmO‘]l, PeriodStigma, 12.0 3.648
PeriodPoverty
Q onlyfans, camgirl, 793.0 2729
cammodel
” AccessATE, InstructionalDesign,
CADET 9.70 2,603
o wolvsden 7.0 2,393
[ - 0 1,936

(b) Co-occurred hashtags for emojis in Emoji 12.0.

Table 6: Co-occurred hashtags for top 10 popular emojis
in Emoji 11.0 and 12.0. # hashtag (early) represents the
hashtag number in the early stage of emoji diffusion,
two months after the first appearance of emojis. # emoji
(late) shows the emoji number in the late stage, one year
after the early stage.
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Emoji

Words with similar semantics

# word (early)

# emoji (late)

please, sorry, help,

°s 12973.8 101,667
sad, desperate
s love, happy, adorable,
ove, happy, adorable 33005.4 56,449
blissful, sweet
o dizzy, confused, woozy,
= drunk, lightheaded 1242.0 29,549
® hot, sweaty, exhaus'ted, 25782 14,650
overwhelmed, burning
g  colebrating, party, woohoo, 1470.0 13,070
ecstatic, jubilant
@ cold, fr'eezmg, shivering, 5916 2137
frosty, icy
Emoji ~ Words with similar semantics # word (early)  # emoji (late) & c;]teilsogt, cu;ildly, 41126 616
bittersweet, emotional, touched, plush, adorable
“ relieved, grateful 1401.8 67,103 loud, explosive, bang
: . & ’ ’ ’ 1273.2 539
gesture, expressive, Italian, 190.8 11583 pop, fireworks
cmphasis, talkative . sweet, delicious, cute, 53032 435
a hug, comfort, support, 3714.6 7,829 frosting, treat ’
embrace, togetherness
. . step, walk, run,
r\n(lmey, currency, cash, 5999 8 5.900 sole. toe 2263.0 339
change, gold
/ magic, enchantment, spell, 609.6 5355 (a) Words with similar semantics for emojis in Emoji 11.0.
wizardry, mystical
N stealthy, mysterious, skilled, .y 510 Emoji Words with similar semantics # word (early) # emoji (late)
warrior, covert ’ i
‘:;r:érlfvgé:clzm’ 21063.2 85,981
« green, leafy, indoor, s
= botanical, decorative 726.6 3.014 stand. upright. wait
T — o e A 4793.4 13473
& incognito, hidden, undercover, 403.8 2,497 solo, idle
sneaky, disguised dired. 1 bored
- G ired, sleepy, bored,
bread, flat, pita, 674.0 2,113 @ exhausted, drowsy 1676.2 13,127
naan, food
- warmth, earthy, comfort,
sign, protest, message, | ; 496.6 9,321
board, banner 1311.0 1,666 stable, rich
o ) “ small, little, ASl'g;“’ 3843.8 4433
Table 7: Words with similar semantics (from ChatGPT) precise, minima
for top 10 popular emojis in the late stage in Emoji 6 blzog, bleed, drip, 1376.2 3.648
. red, donate
13.0. # word (early) represents the word number in the '
early stage of emoji diffusion, two months after the first w ST Spacs cosmic, 398.6 2.729
appearance of emojis. # emoji (late) shows the emoji olind. aid. mavieat
. A ind, aid, navigate,
number in the late stage, one year after the early stage. mobility, independence 2662 2603
® p}lrple, geometrlc, round, 3426 2393
violet, circle
a“ otter, playful, aquatic, 487 4 1,936

furry, adorable

(b) Words with similar semantics for emojis in Emoji 12.0.

Table 8: Words with similar semantics (from ChatGPT)
for top 10 popular emojis in Emoji 11.0 and 12.0. #
word (early) represents the word number in the early
stage of emoji diffusion, two months after the first ap-
pearance of emojis. # emoji (late) shows the emoji
number in the late stage, one year after the early stage.
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Emoji ChatGPT Description
Emoji 13.0
® Bittersweet smile
@ Trying to act clever
- ‘Warm embrace
e Perfectly done
A Step up
B  Stealthy move
#d  Shiny coin
@  Juicy blueberry
Emoji 14.0
& Feeling overwhelmed
@ Teary gratitude
KA Heartfelt gesture
< Respectfully noted
o Serene lotus
s Disco vibe
@&  Coral reef
A Cozy nest

Table 9: ChatGPT-generated descriptions for emojis
from Unicode Emoji 13.0 and 14.0. The prompt used
for generating descriptions is: Please use a few words
to replace the emoji: {emoji}, preserving its meaning
and ensuring the text reads naturally. Only give me the
most suitable substitution.

Emoji 13.0 (sentimental)

emoji  surrogates  #test  original acc  replaced acc name acc description acc

@ 23,080 720+287 74.6+1.68 7431045 73.1 £0.15
®@ 1,908 567467 69.7+£7.85 67.0+£5.15 68.4 +4.96
& 6,580 95.0+£081 958+0.06 93.9+0.46 95.5 £0.08
6972 8574038 86.8+0.16 858+0.13 86.2 +0.32
Emoji 13.0 (entity)
A (LR 614 96.8 £045 97.1£0.21 96.9£0.31 96.9 £0.22
2 0 6,649  97.0£005 97.1£0.15 97.1+£002 97.2+0.02
) HEG 3209 97.0£006 97.1£0.09 97.2+006 97.3+0.25
@@ Hee 922 97.6 £0.08 97.7£0.07 974 +£0.12 97.5 £0.04
Emoji 14.0 (sentimental)
S 9305 782+£0.53 788+£0.52 76.2+0.07 77.5+0.30
& 9328 93.6+£0.46 94.0+£0.03 92.0+£0.88 93.440.54
o 9374  96.2+£0.19 96.5+0.01 96.1+£0.35 96.440.13
% 9333 84.4+0.84 845+0.83 762+5.78 84.140.37
Emoji 14.0 (entity)
@ LV 1702 97.1£0.24 97.2+£0.08 96.7+£0.31 97.0 £ 0.39
- ¥ ) 1325 95.5+£0.38 95.6+£0.24 95.1+£0.19 95.7+0.20
1 K 383 98.34+0.14 98.7+0.14 97.940.14 97.6 4 0.00
@ K 382 96.0+0.41 96.1+0.28 9524027 9534025

Table 10: Results of the emoji replacement method on
irony detection tasks for selected emojis from Emoji
13.0 and Emoji 14.0, using models pretrained on data
prior to August 2019 (excluding new emojis in the pre-
training data). All values are reported in percentage.

Emoji 13.0 (sentimental)

emoji # test ori acc replaced acc
® 23,080 66.57 £0.03  60.63 £ 0.06
@ 1,908 5822+ 1.61 68.10+2.71
& 6,580 8386 +£442 91.33+0.35
6,972 83.14+ 052 83.90+0.16
Emoji 13.0 (entity)
A iy 3¢ 614  29.36+9.85 24.60 +9.94
p-§ Q) 6,649 58.69+0.95 57.45+3.36
D HEH 3,209 63.05+1.03 66.55+0.42
) EAOD 922 67.95+2.83 68.17+1.62

Table 11: Results of emoji replacement method on the
sentiment prediction task for selected emojis from Emoji
13.0 on models pre-trained on data before December
2022, including new emojis in the pre-training data.
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