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Abstract

Much work in the space of NLP has used com-
putational methods to explore sociolinguistic
variation in text. In this paper, we argue that
memes, as multimodal forms of language com-
prised of visual templates and text, also exhibit
meaningful social variation. We construct a
computational pipeline to cluster individual in-
stances of memes into templates and semantic
variables, taking advantage of their multimodal
structure in doing so. We apply this method to
a large collection of meme images from Red-
dit and make available the resulting SEMAN-
TICMEMES dataset of 3.8M images clustered
by their semantic function. We use these clus-
ters to analyze linguistic variation in memes,
discovering not only that socially meaningful
variation in meme usage exists between subred-
dits, but that patterns of meme innovation and
acculturation within these communities align
with previous findings on written language.

1 Introduction

One objective in variationist sociolinguistics is to
study how social factors contribute to differences
in the way people use language. Work in natural
language processing has followed this tradition, of-
fering large-scale analyses of how language use is
conditioned on geography, (Eisenstein et al., 2010;
Hovy and Purschke, 2018; Demszky et al., 2021),
community (Del Tredici and Ferndndez, 2017; Zhu
and Jurgens, 2021b; Lucy and Bamman, 2021) and
time (Hamilton et al., 2016). This work is im-
portant not only because language variation often
exposes shortcomings in NLP tools, which are pri-
marily developed for standard language varieties
(Blodgett et al., 2016), but also because variation
often embeds social meaning. We make inferences
about people’s social class, regionality, gender, and
much more based on the way they talk (Campbell-
Kibler, 2009; Zhang, 2005), and we strategically
use language to actively construct and perform
identities (Labov, 1963; Bucholtz and Hall, 2005).
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Figure 1: Meme templates can be visually diverse, but
often provide the same semantic function; in this case,
all four templates show a scalar increase.

Most of this work has focused on lexical or
morphosyntactic variation in written texts. How-
ever, language exists beyond text or speech. In
face-to-face interaction, multimodality in language
has been construed as features like co-speech ges-
ture, facial expression or body movement (Perniss,
2018). In online communication, previous work
has extended the term to include the interplay be-
tween images and text (Kress and Leeuwen, 2001;
Zhang et al.,2021; Hessel et al., 2023). Understand-
ing text in isolation is insufficient to understanding
how we communicate online.

In the space of multimodal online language,
memes are interesting for their compositionality.
They consist of a base image (the template) as
well as superimposed text (which we refer to as the
fill). For example, the “Drake” template depicted in
figure 2 serves the semantic function of expressing
a preference relation between the fills. This same
Drake template can be used to express preference
relations between a range of fills; at the same time,
multiple different templates can share the same or
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Figure 2: Memes are multimodal constructions where
the base image and additional text fills both
have semantic value.

similar semantic function, as illustrated in fig. 1
for the function of “scalar increase.” We refer to
this set of functionally equivalent templates as a
semantic cluster.

In this work, we follow the variationist sociolin-
guistics tradition by treating templates as variants
and semantic clusters as variables, observing how
social factors might contribute to the distribution
among these variants. To conduct this analysis, we
develop a method for identifying semantic clusters
by exploiting the visual structure of meme tem-
plates and the linguistic structure of meme fills. We
use this to create the SEMANTICMEMES dataset of
3.8M Reddit memes' grouped into semantic clus-
ters and validated with a human evaluation. Finally,
we use these semantic clusters to perform a series
of case studies demonstrating their use in study-
ing linguistic variation, linguistic innovation, and
linguistic acculturation. We find that:

1. socially meaningful variation in template
choice exists between subreddits;

2. subreddits that first introduce a new template
continue to use it more than others; and

3. users who stay in a subreddit for longer tend
to use templates distinctive to that subreddit.

These findings illustrate the ways in which memes
function as multimodal acts of communication, and
how methods from computational sociolinguistics
can shed light on meaningful variation within them.

2 Methods

To study variation in meme use, we need to identify
the meme variables that organize a collection of
meme instances—the individual memes that are

'We make data and code under available under

the MIT license at https://github.com/naitian/
semantic-memes

created and posted online by specific people at spe-
cific moments in time. We create a pipeline that vi-
sually clusters meme instances into templates (i.e.,
the same memes that differ by variation in fills) by
exploiting the visual similarity between them; and
linguistically clustering meme templates into se-
mantic clusters by exploiting the similarity among
the fills used in different templates. Fig. 3 provides
an overview of the process, which involves first
clustering instances into templates (§2.1), and then
clustering templates into variables (§2.2).

2.1 Visually clustering instances

Our process starts with a set of meme instances,
which we wish to group based on visual similarity;
this process serves to group memes into their base
templates as well as filter out many non-meme
images. This is difficult due to the massive number
of images as well as the amount of variation in
zoom, crop, borders and other visual details. We
lay out the steps of the process here, but provide
further details and example images in Appendix A.

We first preprocess images to remove any solid
color framing elements to isolate the base image,
then follow Zannettou et al. (2018) and Morina and
Bernstein (2022) in extracting templatized memes
by running a perceptual hashing algorithm.

We then compute the pairwise Hamming dis-
tance between hashes that occur more than 10
times, discard any pairs where the distance was
greater than a cut-off dp,x = 10. We use the
Leiden clustering algorithm to perform clustering
(Traag et al., 2019).> The Leiden algorithm iter-
atively finds well-connected subgraphs; we con-
struct a graph where image hashes were vertices
and the edge weight was €jj = dpax  djj +1
for vertices i and j, where djj was the Hamming
distance between them.

The clustering algorithm splits aggressively—
instances with similar base images may be split
across multiple templates due to variations in the
zoom, crop, and borders. We find the next step,
which clusters based on the fill text, serves as a
remedy by placing many of these duplicate tem-
plates into the same semantic cluster. Appendix A
contains examples of template clusters.

2.2 Linguistically clustering templates

Given a set of meme templates, we want to iden-
tify clusters of those templates that have a similar

*We found that using DBSCAN, as was done in prior work,
resulted in many images being put into a single noisy cluster.
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Figure 3: We group visually identical meme instances into templates, and extract the lls using OCR. This data is
used to learn semantic embedding representations of templates, which we use to generate semantic clusters.

semantic function—i.e., that are used to assert a CLIP model (Radford et al., 2021) ned-tuned
similar relation among the text in the lls (such as on (Il text, image) pairs; the vector difference
a comparison function exempli ed by the Drake between ne-tuned and pretrained CLIP embed-
meme in g. 2). These semantic clusters are thalings (CLIP-diff); and concatenating CLIP-diff and
linguistic variables of analysis: discrete sets of variROBERTa embeddings (Concat).

ants which share a semantic function but vary inText only ROBERTa.  In the text-only model, we

the social meanings they index. _
g y ne-tune a ROBERTa model on a sequence classi -

We apply the key intuition that people will use . ) L
- apply Y - Peop cation task to predict a distribution over templates
certain templates to make certain classes of state:

. . N .given the Il text as input. We separate text in dif-
ments (comparison, declaration, surprise); as wit ) . :
o e erent bounding boxes in a meme with a separator
any other language, lIs that are “grammatical” for

one template may be nonsensical in another. Teni%(-)ken when passing it into the model to impose a

- rough, linear notion of space.
plates that share similar sets of lls, then, may i .
- . After ne-tuning, we take the weights of the -
perform a similar function over them.

. SRR nal classi cation layeW 2 R7%8 N as the embed-
To cluster templates using this principle, we ex-

. . dings, whereN is the number of templates. Intu-
tract the Il text from meme instances belonging to ... : .
: . itively, ROBERTa is an encoder model that projects
atemplate (82.2.1), learn semantic representatio

for templates based on the distribution of text Ilsr}ﬁe Il text into a latent semantic space. The nal

(82.2.2), and cluster those representations (82.2. I.aSS' cation layer can be thought Of. as a projec-
on from that latent space into the discrete space

2.2.1 Extracting Il text of templates. Therefore, the transposition of the

We extract text (along with the bounding boxes con¥eight matrix can be viewed as a mapping from

taining it) from meme instances using EasyOER. {emplates into the latent semantic space.

We use the order of the bounding boxes as a rougfyytimodal CLIP. I learning the embeddings,

signal for the position and ordering of the textthe text-based RoBERTa model does not have di-

but do not incorporate the bounding coordinatesect access to the image features in the templates.

directly into the models described below. We experiment with using both the image and text
Some meme templates contain text in the basgata by ne-tuning a CLIP model.

image. To prevent these from trivializing the \y\e ne-tune CLIP using a contrastive loss be-

semantic embedding task, we remove boundingyeen the embedding of a meme instance and its
boxes with text that was identical in over 90% of || ext. To prevent the model from cheating by
the memes in a given template cluster. reading the text in the image, we sample a meme

instance with different text but the same template.

2.2.2 Learning semantic embeddings ) ) ; )
_ _ . This ne-tuning step modi es the image embed-
We examine four methods for learning semantic,. . . A
. . . ding to align with Il text, which implicitly de-
embeddings of memes, each described in more dgéribes the semantic function of the meme, instead
tail below: a RoOBERTa (Liu et al., 2019) classi er '

. . _ of with the pretraining dataset of image captions,
ne-tuned to predict the template given the [l text, which explicitly describe the contents of the image.
Shttps://github.com/JaidedAl/EasyOCR CLIP generates embeddings of meme instances.



(a) Declaration (b) Unpopular statement

(c) Surprise narrative (d) Similarity / parts of a whole

Figure 4: Examples from semantic clusters generated from RoBERTa embeddings; visually diverse clusters emerge
even for complex semantic functions like a surprise narrative.

To generate template embeddings, we randomhyeighting edges as a function of the ranked cosine
sample up to ten instances of a template as input f@imilarity. We provide details about this process
the image embedding module. We then computin Appendix B. We generateemantic clustersby

the average image embedding of those instancasinning the Leiden algorithm on this graph.

We don't embed the |l text for this step, since |l

text greatly varies between meme instances thatuse SEMANTIC MEMES Dataset

Lhe same telmplat_e, blljlt thde m1_ag|e templates Shou{ﬂ/e used the pipeline described above to gener-
e more or less visually identical. ate semantic clusters from a dataset of 27.9M im-

CLIP-diff. It is possible that the ne-tuned 29€S collected from Reddit (Baumgartner et al.,
model contains a notion of meme semantics that §020)- We scraped image posts from the top 1000
in tension with the pretraining task of image cap/Most active subreddits with “meme” in name (e.g.
tioning. To isolate the meme-speci ¢ knowledge 7HistoryMemes ). Temporally, the dataset

learned by ne-tuning, we calculate the differenceSPans the decade between 2011 and mid-2021.
between the ne-tuned CLIP embedding of an im- We ne-tuned both the RoBERTa and CLIP mod-

age and the embedding from the base CLIP modéf!S for three epochs on memes whose template ap-
peared at least 100 times in the dataset. We used an
CLIP-diff + RoBERTa. Finally, we concatenate 80/10/10 split of train, dev and test data, ensuring
the CLIP-diff and RoBERTa embeddings to incor-there was no leakage of Il text between splits.
porate both the visual features from CLIP as well Using the pipeline with the RoOBERTa model
as the semantics learned by the ROBERTa modelresults in 784 semantic clusters spanning 6,384
templates and over 3.8M meme instances. Figure 4
shows some templates that appear in the same se-
To group templates into meme variables, we usenantic cluster. The dataset includes posts to 655
Leiden clustering on the template representationsubreddits by 908,917 users. We include exam-
from the embedding models. Some prior workples and descriptive statistics for clusters generated
has shown that embeddings from later layers oWith each of the embedding models in the appendix
language models can contain “rogue dimensiongFigures 17-21).
that dominate the dot product and lower represen- A qualitative examination of the clusters showed
tational quality. Following recommendations to that the largest, most commonly occurring clusters
mitigate this behavior, we rst standardized thewere highly interpretable with clear semantics. For
template embeddings before calculating the cosinsome of the less common clusters, it was more dif-
similarity (Timkey and van Schijndel, 2021). cult to assign a clear semantic meaning, but even
We construct an adjacency matrix from the topthese clusters often had a coherent quality or affect.
50 nearest neighbors for each template embedding, potential line of qualitative future work would

2.2.3 Semantic clusters



be to better understand and identify the unifying Model Precision Visual-adjusted

features of these clusters. RoBERTa 0.78 0.44
CLIP 0.65 -0.09

4  Evaluation CLIP-diff 0.69 0.18
Concat. 0.70 0.30

We evaluate the coherence and visual diversity of
semantic clusters derived from each model usingaple 1: Comparison of cluster quality for different
human judgment. We design an evaluation taskmbedding models. CLIP-based models yield clusters
in which annotators are presented with a pair othat are biased towards visual features.
templates, and randomly vary if the templates are
drawn from the same or different semantic clusters. . . i

They are asked to evaluate whether the two tem- Intuitively, this metric represents the extent to

plates are 1) semantically similar and 2) visually\,Nh'Ch the semantic clusters agree with annotator

similar. We de ne semantic similarity as being able Judgments of semantic similarity while controlling

to reasonably substitute the text from one templatéor correlations with visual similarity. A negatlve'
into the other with minor changes. We de ne vi- Score means the model clusters based on visual sim-

sual similarity to include sharing a similar art style ilarity instead of semantic coherence.We calculate

or source (e.g., two different templates featurindnetr'cs on the model judgments over the set of all

Spongebob). We include example pairs in the apa}nnotated pairs across models. This not only allows

pendix; one strong source of visual similarity (cf.us to evaluate on a larger set of annotations, but

Appendix Fig. 19) are sets of templates that aréilSO helps highlight differences between models.

largely identical in their form but that exhibit slight ~ 12Pe 1 presents the results of this evaluation.
variation in size, crop, and margins. Introducing any visual features results in some

clusters based on visual similarity instead of se-

We collect judgments for the top ten semantic X X
clusters from each model most commonly reprer_nantlcs; accordingly, RoBERTa clusters have the

sented in our dataset as well as a random selectid{ghest visually-adjusted precision (signi cant w.r.t

of ten clusters from each model. For each clustef® CLIP and CLIP-diff for a 95% bootstrap Cl). We

we sample 10 pairs, and the same human evaluatoP$€S€nt more resuits in Table 4 in the appendix.
provided judgment across all the models. We nd Seémantic clusters provide a strong separation
strong interannotator agreement (Krippendorff'sbetwee” content (the semantic cluster) and style
= 0:75, calculated across all models). We IOro_(the choice of template within a semantic cluster).
vide more details on this process, including thdn other words, the choice of semantic cluster is

agreement scores for each individual model, in Sedvhata user is trying to say, and the choice of a
tion C.1 of the appendix. template within that cluster isowthey are saying

From the human judgments, we calculptgthe it. In the remainder of the paper, we use the clusters

probability that a pair of templates are semanticallyjgénerated from the RoBERTa embeddings, which
similar if they appear in the same cluster) ard have the hlghest_wsu_al-_adjus_te_d precision, for our
(the equivalent measurement for visual similarity)c@S€ Studies on linguistic variation and change.
for each model. To measure variation, it is more i . .

important each semantic cluster is semantically co? ~ LINQUIStIC variation

herent and visually diverse, but less important thatrhe sociolinguistic study of variation centers

all relevant templates are surfaced within the same o und the linguistic variable, which captures dif-
cluster. Following this reasoning, we focus on evalferent ways of saying the same thing. The spe-
uating the s_emaphc Precisi. i ci ¢ choice a speaker make varies systematically
Our goal in this work is to explore meaningful 56 on information such as the speaker's identity,
semantic variation across visuatiwersememes, i relationship to interlocutors, sociopragmatic
since memes that are visually similar (e.g., Sl'gh'i:ontext, among many other factors (Tagliamonte,

variations on the same template) have trivially sim2006)_ Through variation, language conveysial
ilar semantics. Accordingly, we design a measu“?neaning(Nguyen etal. 2’021)_

of visually adjusted precisiobased on Cohen’s: There is a rich body of work that aims to analyze

_Ps Pv. linguistic variation computationally. Often, the fo-
Padj = 1 p cus is on lexical variation (Bamman et al., 2014;




r/memes r/Animemes r/memes r/dndmemes r/MinecraftMemes

(a) Declarative (b) Scalar increase

r/memes r/iprequelmemes r/dndmemes r/Animemes  r/startrekmemes

(c) Comparison

Figure 5: Subreddits exhibit variation in the preferred templates within a semantic cluster. All are statistically
signi cantly overrepresented in their respective subredgits, 0:05.

Zhang et al., 2017; Zhu and Jurgens, 2021a); s@dex into a localized cultural knowledge, making
mantic variation in online communities (Lucy and cultural allusions to characters or celebrities.
Bamman, 2021; Del Tredici and Fernandez, 2018); For example, the orange Drake template ( g. 5c,
or orthographic variation in online text (Eisenstein left) is used frequently in general purpose meme
2015; Stewart et al., 2017). In our view of memessubreddits lika/memes , but alternatives are used
as language, we ask the same kind of question: in other subreddits. One version that is specic

] o _tor/[dndmemes (which discusses the role play-
RQ1: Doesthetemplate choice within a semantlcing game Dungeons and Dragons) replaces Drake

cluster vary systematically between communities, i "Matthew Mercer, a voice actor who stars in a

Methods. The semantic clusters form our vari- PoPular Dungeons and Dragons web series (g. Sc,

able context, and set of templates within any giver{mddle)-

semantic cluster form a discrete set of choices with Linguistic variants usually become associated
ith identities through a gradual process in which

the same semantic value. We use the weighted Io\qI e g
the association slowly permeates public awareness

odds-ratio to compute the extent to which a tem* , _
plate is speci ¢ to a given subreddit compared to(Eckert, 2008). In general, a phonological variable

all other subreddits, relative to the other template§0€S notinherently index any given identity. How-
in a semantic cluster (Monroe et al., 2017; JurafskyVel the multimodality of memes permits greater
et al., 2014). We nd the templates that have a€XPressiveness—a memerianimemes  might
statistically signi cant association with a subred-USe the anime art style, indexing into the aesthetic
dit (z-score> 1:96): the semantic clusters these Of that community explicitly.
templates belong to are variation: a community . C .
. L 6 Linguistic innovation
prefers one variant over the others in this cluster.
, Equally as important as the study of synchronic lin-
Results. We nd 94 out of 784 semantic clus- gl?istic{/ariaticfn is the study ofdigchro)r/\ic linguistic

tgrs %Xgllb(;t.f?tans?fa"y T'?m c;znt var|5at|(:]n, spﬁn- change. Language change has been heavily stud-
ning - merent lemplates. Figure s Shows NOWe 4 i patural language processing (Rosenfeld and
functionally similar memes take different forms in

. " Erk, 2018; Martinc et al., 2020; Zhu and Jurgens,
different communities.

. .2021b). We focus on understanding the innovation
Speakers use language to construct their SOC'%lf meme templates within a semantic cluster.
identities (Bucholtz and Hall, 2005). We nd that,

not only do subreddits prefer certain variants of BRQ2: Do new meme templates co-exist with pre-
template over others, but they choose templates thaixisting templates in the semantic cluster, or does



Figure 6: On average, semantic clusters diversify ovefigyre 7: Communities that lead the introduction of a

time. Very old semantic clusters are rarer, leading tgheyy template continue to use it more than others.
larger con dence intervals in later years.

RQ3: Do new templates diffuse widely or occupy
the most popular template monopolize the clustera niche?

When multiple templates that ful ll the same Language change is often socially motivated;
function appear, we expect there to be competitior®2 community can opt to use a particular variant
Prior work has observed this competition betweerio distinguish themselves from others (Trudgill,
lexical choices, with two outcomes: new words1986; Giles and Powesland, 1975). Thus, we might
replace old ones that serve the same function, but @xpect meme templates to be most speci c to the
similar words have discourse-relevant differencesubreddits in which they were rst introduced.

in meaning, they can coexist (Karjus et al., 2020)'Methods We measure the extent to which tem-

Methods We measure the entropy of Semanticg:?st?hva?trzing;isng':: duitrllrgrz:l]tely speci ¢ to the subred-
clustgrs over time. If meme templatgs uItimathy We lter our dataset to .templates which occur at
co-exist, we would expect entropy o increase; if aIeast 200 times. For each template, we identify a

subset of templates dominate, we would expect the :
P P Set of “seed posts,” which we de ne as the rst 100
entropy to converge to a lower value.

. posts using the template. We then lter to templates
For each semantlc.cluster, we group posts' b%ith a subreddit that comprises the majority of the
the age of the semantic cluster in years at the t'mgeed posts, which we call the “origin subreddit”
of posting. We de ne the “birth” of the cluster as We modii"y the method from (Zhang et al., 2017)
when the rstinstance of a template in that cluste ’

ted. Withi h lculat thrto measure the speci city of a template-subreddit
was posted. VVIthin €ach year, We caiculate %air by using the positive pointwise mutual infor-

entropy of template distribution within each cIuster.mation (PPMI) between templates and the subred-
It is possible that some clgsters have low entrop)ﬂits in which they are used, matching other work
early on due to data sparsity. To account for this,, np (Church and Hanks, 1990: Jurafsky and

we lter to semantic clusters that have existed aty;4,tin 2009). Formally, we calculate
least 5 years with at least 30 posts in all years, and ’ ' _
resample with replacement within each year such PPMI(t;sj c) = max log P(tjs;0,

that every year has the same number of posts. Ulti- P(tjo '~

mately, we conduct our analysis over 146 semantig\,herep(t i s:0) is the probability of template

clusters that span over 950K posts. appearing in subreddit and semantic clustes;

. , P(t j c)isth ility of laté in th
Results Entropy steadily increases in the years (t j ©) is the probability of templaté in that
. . B . __"cluster globally, and templates are only compared
following a semantic cluster's initial introduction

(Figure 6). This suggests that no one meme terr?—gainSt others within the same semantic cluster. We

alculate the PPMI over non-seed posts to measure
plate grows to become the de facto template for al o o .
_ . . g e speci city of a template after its introduction.
users; there is steady variation. This is supporteoP
by our ndings in Section 5 that there are socially Results For each template, we compare the PPMI
meaningful differences between variants. for origin subreddits with the average PPMI of all



other subreddits. Figure 7 shows a signi cant pos-
itive correlation between the proportion of seed
posts that originated in the origin subreddit and
the eventual speci city of template. These re-
sults support previous ndings that lexical inno-
vations succeed when lling in a social niche (Alt-
mann et al., 2011; MacWhinney, 1989). We also
nd that large, generic subreddits (likémemes ,
r/dankmemes andr/meme ) have a signi cantly
lower eventual PPMI than subreddits with fewer
posts p < 0:001, two-sample t-test), suggesting

that templates originating in these large subreddits .
. . Figure 8: Veteran (acculturated) users employ more
diffuse more widely.

subreddit-speci c meme templates.

7 Linguistic acculturation
: , I [ ity (Ni hif ,
Finally, we study how users alter their meme post anguage and identity (Nissenbaum and Shifman

ing habits as they spend more time in a subrec?—on)'

dit. Previous work on linguistic acculturation show 8 Related work

that users adopt more community-speci ¢ language

as they become enculturated within a communityPrior work on memes in NLP and social computing

(Danescu-Niculescu-Mizil et al., 2013; Srivastavahas largely focused on two tasks: meme understand-

etal., 2018). We can ask a similar question here: ing and modeling how memes originate and spread.
i . Our work offers novel methods and perspectives at

RQ4: Do veteran users in a subreddit Use mOrgyq iytersection of these areas of research.

community-speci ¢ templates? Meme understanding encompasses a number of

Methods To answer this question, we measurediscrete tasks, including classifying if memes con-

the average speci city of a user's posts in succes/€Y harmiul messages (Kiela et al., 2021; Qu etal.,

sive months after they enter a community. We oncé922). labeling emotion (Mishra et al., 2023), and

again calculate the PPMI of templates as a measuf@tecting humor (Tanaka et al., 2022) or gura-
of speci city; this time, we calculate the value over V€ SPeech (Liu et al., 2022) within them. While
the full range of the dataset. these can generally be framed as classi cation

For each user in a subreddit, we bin their posts b sks, other work generates open-ended explana-

30-day windows starting with their rst post in the lons of visual humor using large multimoo!al lan-
subreddit (i.e., for each month after they joined),guage models (Hwang and Shwartz, 2023; Hessel

and compute the average PPMI of their posts foft al., 2023). Our quk cqmplement; this 'existin'g
that time period. We Iter the dataset to users with ?0dY Of research by inferring semantic variables in

at least 10 lifetime posts and subreddits with af" unsuperyi;ed approach, Ieverqging the implicit
least 30 such users. To prevent extremely populasrtrucf[ure within memes by modeling template se-
subreddits from unduly in uencing the results, we mantics SeParate'_y from the lIs.

sample up to 100 users from each subreddit to com- In modeling the internal structure of memes, our

pute the average across all subreddits. This yield¥OTK draws on existing research examining the
a total of 3.174 users in 130 subreddits. relationship between lls and templates to match

semantic roles to entities within harmful memes
Results We nd that acculturated users use tem{Sharma et al., 2023a) and mapping |l text to ex-
plates that are slightly more speci ¢ to the commu-planatory background information (Sharma et al.,
nities in which they post (Pearsom's= 0:074p <  2023b). We hope that our method of construing
0:001), shown in Figure 8. This nding aligns templates as semantic predicates can contribute to
with existing literature on linguistic acculturation this body of work.
as well as theories in new media that memes are In the social computing space, another line of
cultural capital. The “correct” use of memes canresearch focuses on understanding how memes
demonstrate a user's assimilation into a sharedriginate (Morina and Bernstein, 2022) and spread



across platforms (Zannettou et al., 2018). Thes&nglish-speaking. One should be cautious in ex-
treat meme templates as discrete tokens. We mod#hpolating these results to other settings in which
template semantics, which have the granularity tanemes are used. However, our data pipeline and
enable analysis of variation and social meaning. Qunodels are platform agnostic—the semantic clus-
et al. uses CLIP to understand how memes evolvters can be generated from any set of memes. By
as they spread. While they use the text in commaking our code and models public, we hope to
ments to model the high-level concepts indexed byncourage other researchers to replicate and extend
particular variants, we use the Il text of memes to our analysis to other settings.

model low-level template semantics. The meme clustering pipeline is also imperfect.
_ As we note in the paper, the visual clustering is
9 Conclusion overly aggressive, resulting in the same base im-

In this paper, we analyze memes as a form of larf9€ being split into multiple templ_ate clustgrs. Al-
guage subject to the same kinds of sociolinguistié?0ugh we show that the semantic clustering step
variation as other modalities, such as written IaanStly_ addresse; this issue, improving the V'SU?‘l
guage and speech. We propose a new approa&_H‘Ste”ng could yield more precise analysis. A'ddl-
to understanding meme semantics, taking advaf{onally, there are edge cases where a small visual
tage of the multimodal structure of memes to learr0di cation changes the semantic meaning (e.g.,
semantic representations of templates from an ufoMetimes the order of panels is reversed). The
labeled dataset. We use this method on a Iarg%_ata pipeline does not always identify these visual
dataset of memes scraped from Reddit, and demoflifferences. _ o
strate that it yields coherent, visually diverse clus- Finally, the time series analyses are limited by
ters of semantically similar memes. We make thes@at@ sparsity in earlier years—this is due in part to
clusters and the code publicly available for future® Smaller Reddit user-base, but also because many
research. Finally, we use these clusters to study"@ges have been deleted or removed since they
language variation and change in subreddits. W&ere rst posted. Though itis unlikely that this
show that variations between meme template aratural decay is systematic in a way that would sig-
socially meaningful and memes often share usag@i cantly bias our estimates, it nonetheless reduces
patterns with the textual language that has beefi!® Precision of our analysis.
studied in the past. We nc_i that memes can be ”ChAcknOWIedgments
resources for understanding social language use.
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