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Abstract

Internet memes evolve as they are repurposed
across online communities, yet studying how
their usage and language shift requires corpora
that follow the same templates over many years,
which existing resources rarely provide. To ad-
dress this gap, we collect a decade of posts from
Reddit meme subreddits (2016-2025) and intro-
duce MEMESOVERTIME, a semi-automatically
curated dataset of 6.6M memes annotated with
6,584 unique templates. We use it to conduct
an empirical study of meme template dynamics.
We find that templates differ markedly in their
temporal activity patterns: most reach peak us-
age within the first third of their active period,
with short-lived templates peaking especially
early. For long-lived templates, lexical drift is
generally modest, with templates with more in-
stances showing greater stability. Case studies
reveal that creators spontaneously develop con-
ventionalized expressions for some templates,
while topical references shift over time.

1 Introduction

Internet memes are, by definition, evolving entities.
The term meme itself, coined by Dawkins (1976)
in analogy to the biological gene, implies a unit of
cultural information that replicates, mutates, and
competes for survival. In online communities, this
evolution is not passive: users actively remix, re-
contextualize, and repurpose meme templates at
massive scale, producing millions of instances that
vary in text, image, and intent while remaining
recognizable as belonging to the same template.
Like the Ship of Theseus, “image macros vary
along a typicality cline with regard to the degree
of multimodality, multilingualism, intra-genre in-
tertextuality and external referencing” (Zenner and
Geeraerts, 2018). As Figure 1 illustrates, whether
the overlaid content is text alone (top row) or a
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Figure 1: In this work, we define a meme template
not by visual or textual similarity alone, but by the
interplay of its multimodal elements. The six memes
above differ markedly in text, images, and topics, while
all instantiate the same construction: X exposes Y as Z.

combination of text and image (bottom row), the
underlying construction X exposes Y as Z remains
constant. In the center of the bottom row, Z is
instantiated not by text but by a pineapple image,
playing on the fact that “Bananas” without the “B”
yields “ananas”, the word for pineapple in many
languages. Even within a single template, textual
and visual variation can be remarkably rich, span-
ning different topics, intentions, and the stylistic
conventions that individual communities develop
over time. This makes determining the boundaries
of a meme template operationally challenging.

However, any longitudinal study of meme evolu-
tion must first fix a stable unit of analysis, a chal-
lenge that, to the best of our knowledge, no large-
scale study has systematically addressed. To fill
this gap, we define a meme template as an equiva-
lence class of base images onto which user-added
text is overlaid to produce meme instances, where
two base images are equivalent if the text of one can
be overlaid onto the corresponding elements of the
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other with its meaning fully preserved. Following
this definition, we derive templates at scale with a
semi-automatic pipeline: we first apply embedding-
based clustering to group visually similar images,
then employ human annotators to verify and merge
clusters that share the same underlying template.

Despite growing interest in memes as linguistic
and cultural objects (Dancygier and Vandelanotte,
2017; Bilow et al., 2018; Shifman, 2014), existing
studies remain limited in scale. Corpus sizes rarely
exceed a few thousand instances, and studies of
how meme templates transform and adapt over time
are virtually absent (see §2.2). This leaves three
fundamental questions unanswered:

* RQ1: What are the activity dynamics of

meme templates over time?

* RQ2: What characterizes templates that at-
tract high usage volume compared to those
that remain marginal?

¢ RQ3: To what extent does the lexicon of a
meme template shift over time?

To answer these research questions, we introduce
MEMESOVERTIME,' the largest meme template
corpus to date: 6.6M English-language meme in-
stances from Reddit (2016-2025), organized into
6,584 unique templates. Building on this resource,
we conduct a longitudinal study of meme template
activity and lexical change. Our contributions are
as follows:

* Dataset and Construction Method: We in-
troduce MEMESOVERTIME, the largest meme
template corpus to date, along with a semi-
automatic, data-driven pipeline for template
curation combining embedding-based cluster-
ing with human verification (§3).

* Popularity Dynamics: We provide a large-
scale characterization of meme template activ-
ity over time, uncovering diverse temporal pat-
terns including viral bursts, seasonal spikes,
and sustained usage (§5.1).

¢ Lexical Dynamics: We show that lexical sta-
bility scales with template size and longevity,
and that drift is driven primarily by turnover
in culturally salient references (§5.2).

Taken together, MEMESOVERTIME provides
both a large-scale resource and empirical ground-
ing for future work on meme temporal dynamics,
template identification, and the evolution of meme
templates in online communities.

'Our code and data are available at:
https://github.com/mainlp/MemesOverTime

2 Background

2.1 Temporal studies of internet memes

Internet memes—defined by Shifman (2014) as
“(a) a group of digital items sharing common char-
acteristics of content, form, and/or stance; (b) cre-
ated with awareness of each other; and (c¢) circu-
lated, imitated, and/or transformed via the Internet
by many users”—have become a pervasive mode
of digital communication serving as vehicles for
humor, political commentary, and collective iden-
tity (Vasquez and Aslan, 2021; Schmid et al., 2025;
Chagas et al., 2019). The temporal dynamics of
memes, including how they spread, persist, and
fade, have attracted growing interest in computa-
tional research. Existing temporal studies approach
this question from three aspects: modeling meme
spread across networks and platforms (Bauckhage,
2021; Zannettou et al., 2018); predicting popular-
ity from content and contextual features (Barnes
et al., 2021, 2024); and characterizing visual pat-
terns over longer time spans (Lonnberg et al., 2020;
Valensise et al., 2021).

Across these lines, however, studies are either
limited in scale, restricted to short observation win-
dows, or lack verification of what constitutes a
stable unit of analysis over time. MEMESOVER-
TIME addresses all three: it is larger than prior
corpora, spans a full decade, and grounds template
identification in a validated annotation pipeline.
Building on this, we conduct a large-scale analysis
of how meme templates evolve in their temporal
frequency, lexical diversity, and visual variation
over their lifespan.

2.2 Computational approaches to meme
understanding

Earlier computational meme research is largely
task-driven (Nguyen and Ng, 2024), encompass-
ing tasks such as sentiment analysis (Sharma
et al., 2020; Zhou et al., 2025), hate speech de-
tection (Kiela et al., 2020), offensive content clas-
sification (Pramanick et al., 2021), and meme cap-
tioning (Hwang and Shwartz, 2023; Zhou et al.,
2026). In all these settings, evaluation remains at
the instance level, with little attention to the recur-
ring meme templates that gives rise to meaning in
the first place.

More recent work recognises the template as
the appropriate unit of analysis, introducing it as
a proxy for the cultural and social knowledge em-
bedded in memes (Zhou et al., 2024) and for the
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Dataset Templates Scale
CM50 (Deng et al., 2025) 50 33K
MetaMeme (Lambright et al., 2025) 2,059 274K
IMKG (Tommasini et al., 2023) 2,006 1.3M
SemanticMemes (Zhou et al., 2024) 6,384 3.8M
MEMESOVERTIME (ours) 6,584 6.6M

Table 1: Comparison of meme datasets about templates.
Templates is the number of distinct templates. Scale is
the total number of instances.

structured image-text interactions that underpin
their meaning (Lambright et al., 2025; Deng et al.,
2025). However, prior work adopts two markedly
different operational definitions of a template, each
carrying its own limitations. CM50 (Deng et al.,
2025), MetaMeme (Lambright et al., 2025) and
IMKG (Tommasini et al., 2023) derive templates
from user-curated websites such as Imgflip,” Know
Your Meme,® and Wikipedia.* This approach
inherits the inconsistent naming conventions of
these platforms, where the same template may ap-
pear under multiple aliases, and it fails to capture
memes created outside these platforms, as well as
suffering from inevitable coverage lag. Seman-
ticMemes (Zhou et al., 2024) by contrast, derives
templates by thresholding perceptual hash simi-
larity, which risk missing instances that have un-
dergone heavy visual editing, such as recoloring,
cropping, or overlaid graphics, even when their
semantic intent is identical.

To address these limitations, we identify tem-
plates through a data-driven clustering pipeline fol-
lowed by human annotation, without relying on
any external catalogue and with greater tolerance
for visually diverse instances. As Table 1 shows,
MEMESOVERTIME is the largest resource of its
kind to date: 6,584 templates over 6.6M instances.

3 Curating MEMESOVERTIME: from
Raw Images to Meme Templates

We scrape image posts from Reddit (Baumgartner
et al., 2020),> specifically from subreddits contain-
ing “meme” in their names. Since the most promi-
nent meme subreddits (e.g., r/meme and r/memes)
are English-speaking communities, this study fo-
cuses on English-language memes to ensure con-
sistency in temporal analysis. Non-English subred-

2https://imgﬂip.com
3https://knowyourmeme.com
4https://www.wikipedia.org

5https://academictorrents.com/details/
3d426c47c767d40f82c7ef0f47c3acacedd2bf44

dits were filtered out based on their community de-
scriptions and post titles. We collect static images
posted on Reddit from January 2016 to Decem-
ber 2025, excluding earlier data due to sparsity.®
We retrieve a total of 19M images. Each image
is uniquely identified by its Reddit post ID; near-
duplicate posts are retained, as repeated usage of
the same image constitutes meaningful signal for
our temporal analyses.

To identify shared templates across such a large
collection, we propose a coarse-to-fine clustering
strategy illustrated in Figure 2: a first pass groups
memes into broad clusters, and a second pass fur-
ther partitions each cluster into visually coherent
subclusters. Human annotators then consolidate
and merge the resulting subclusters to produce the
final template labels. We describe the automatic
clustering pipeline in §3.1 and the human annota-
tion process in §3.2.

3.1 Clustering and subclustering
3.1.1 Image preprocessing

Since overlaid text is specific to each meme in-
stance rather than the template, retaining it would
obscure the underlying template structure during
clustering. Therefore, we preprocess all images
by masking text and removing margins prior to
clustering. Details are provided in Appendix A.1.

3.1.2 Clustering

Following Murgis et al. (2024), who show that
CLIP (Radford et al., 2021) combined with
UMAP (Mclnnes et al., 2020) dimensionality re-
duction and HDBSCAN (Mclnnes et al., 2017)
clustering achieves the strongest performance
among unsupervised methods on real-world meme
data, we adopt this pipeline for primary clustering.
We encode each preprocessed image using CLIP
ViT-L/14 to obtain #;-normalised embeddings. Un-
like k-means, HDBSCAN requires no pre-specified
number of clusters, making it well-suited to the
long-tailed distribution of meme templates. We
apply this pipeline to a month-stratified 5% sam-
ple (950K images) and propagate labels to the
remaining instances via k-nearest neighbour voting.
This yields 2,406 clusters; full implementation de-
tails and hyperparameter selection are provided in
Appendix A.2.

®Reddit has supported native image hosting only since
2016; earlier image posts were external links, now largely lost
to link rot.
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Figure 2: Overview of the MEMESOVERTIME curation pipeline. We collect images, each represented as a single
square, from Reddit meme subreddits and apply automatic, data-driven clustering at two levels to group visually
similar memes, robust to common template variations such as recoloring, cropping, and overlaid graphics. Human
annotators then consolidate and merge clusters to produce the final template labels.

To assess clustering quality, one annotator man-
ually inspected all 2,406 clusters by randomly sam-
pling 100 instances from each and flagging visu-
ally inconsistent instances. Of these, 1,184 clusters
contained fewer than 5 noisy instances and 683
contained between 5 and 15, indicating that the
large majority of clusters are visually coherent and
suitable for subsequent annotation.

3.1.3 Subclustering

While primary clustering successfully groups vi-
sually similar images, it may still conflate memes
whose interpretation-critical elements have been
altered. As illustrated in Figure 3, such alterations
can fundamentally change a meme’s meaning. To
address this, we apply a second stage of subclus-
tering using DINOv2 (ViT-L/14) (Oquab et al.,
2024), a purely vision-based model that captures
pixel-level visual details, making it sensitive to
fine-grained alterations that primary clustering may
overlook. We extract £,-normalised DINOv2 em-
beddings, reduce them via PCA retaining 70%
of variance, and apply Spectral Clustering (Ng
et al., 2001). The optimal number of subclusters
k € [2,10] is selected by silhouette score. This
procedure yields 11,239 visual subclusters across
2,406 primary clusters, with an average of 4.67 sub-
clusters per primary cluster; implementation details
are provided in Appendix A.3.

3.2 Consolidating subclusters

Automated clustering captures visual similarity, but
visual similarity alone can not determine template
identity. We therefore manually annotate each vi-
sual cluster to determine whether it constitutes a
valid template and whether it should be merged
with other clusters sharing the same underlying
construction.

We define a meme template as follows: a meme
template is a base image (or a class of equivalent
base images) onto which user-added text is overlaid
to produce meme instances; two base images are
considered equivalent if they are identical, or if
they are similar and one meme’s user-added text
can be overlaid onto the corresponding elements of
the other image with the meaning fully preserved.

In practice, this definition translates into two cri-
teria that annotators apply when deciding whether
two memes share a template: (i) whether the un-
derlying base image remains consistent across in-
stances, and (ii) whether the meaning is preserved
when user-added content is exchanged between in-
stances.

Figure 3 presents representative cases from
MEMESOVERTIME where the base image is visu-
ally similar but not identical across instances. Un-
der the Identical category, such surface-level visual
variation leaves the underlying construction intact.
Under the Distinct category, differences in panel
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Figure 3: Template boundary decisions in MEMESOVERTIME. Each cell pairs two visually similar memes that
are not exact copies, grouped by the aspect in which they differ. Pairs in the top block are annotated as identical

templates, those in the bottom block as distinct templates.

structure, object positioning, or gesture are treated
as crucial, as they modify the constructional mean-
ing itself. For instance, among the Repositioning
examples, reversing the panel order, or removing
the protective figure shielding the kid, or redirect-
ing a gun toward oneself each produce a funda-
mentally different interpretation of the meme. Full
annotation guidelines and examples are provided
in Appendix A.4. We then conduct an annotation
in two stages.

Stage 1: Intra-cluster consolidation For each
visual subcluster, we randomly sample 10 instances
and exclude the subcluster if (i) the images are not
memes (e.g., QR codes, screenshots, game inter-
face captures), or (ii) more than 2 instances are
noise. For the remaining subclusters, we anno-
tate which subclusters share the same underlying

template construction and consolidate them into
merged clusters.

Stage 2: Inter-cluster consolidation For each
merged cluster from Stage 1, we compute DINOv2
embedding centroids and calculate pairwise cosine
similarities across clusters. We manually review
the 843 pairs where both similarities exceed 0.9,
merging those that share the same underlying tem-
plate construction.

Both annotation steps were carried out by two
hired annotators, one of them being an author of
the paper. During inter-cluster consolidation, anno-
tators jointly labeled 1,200 instances, achieving a
Cohen’s k of 0.87 (see Appendix A.5 for details).
Templates with fewer than 40 instances are then dis-
carded, yielding a final set of 6,584 unique meme
templates covering 6,606,128 images.
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Monthly Posting Volume Across Top Subreddits (2016-2025)
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Figure 4: Monthly distribution of all 6.6M instances
in MEMESOVERTIME. The ten largest subreddits are
shown individually; all remaining subreddits are aggre-
gated into Others. Volume is dominated by r/memes
and r/dankmemes throughout the decade.

Template size  Count % | Template size ~Count %
50-100 1,892  30.7 | 1,000-2,000 556 9.0
100-200 1,230 19.9 | 2,000-5,000 441 7.1
200-500 1,145 18.6 | 5,000-10,000 158 2.6
500-1,000 646 10.5 | >10,000 103 1.7

Table 2: Distribution of template sizes in MEMESOVER-
TIME. P25/P50/P75 denote the 25th, 50th (median),
and 75th percentiles: P25=77, P50=170, P75=641;
mean = 1,003, max=111,756.

4 The MEMESOVERTIME Dataset

MEMESOVERTIME comprises 6,584 unique meme
templates spanning 6.6M images collected from
Reddit between 2016 and 2025. Figure 4 shows
the monthly posting volume of the full dataset. Vol-
ume is dominated by r/memes and r/dankmemes
throughout the decade, peaking around 2019-2022.
We characterize the dataset along two dimensions:
the scale of individual templates (§4.1) and their
temporal activity dynamics (§4.2).

4.1 Template size distribution

Table 2 shows the distribution of template sizes
in MEMESOVERTIME. The distribution is heavily
right-skewed: the majority of templates are small,
with 30.7% containing 50-100 instances and a me-
dian of 170, while a small number of templates are
very large, with 103 templates exceeding 10,000
instances and the largest containing 111,756. The
mean size (1,003) is nearly six times the median,
reflecting the influence of this long tail.

4.2 Template activity dynamics

We characterize each template along two temporal
dimensions: lifespan and active months. Lifespan
measures the temporal span of a template, defined
as the number of months between its first and last
observed instance. Active months captures how
consistently a template appears over time, defined

as the number of distinct months in which at least
one instance is observed. Figure 5 presents the
distribution of both metrics across all templates
in MEMESOVERTIME. The median lifespan is 88
months, with 75% of templates spanning at least
72 months, suggesting that most templates persist
over multiple years. Active months, however, re-
veals more intermittent behaviour: the median is 43
months, meaning that even long-lived templates are
frequently absent for extended periods. The two
metrics are strongly correlated (r = 0.73); we adopt
active months as our primary temporal measure,
as it naturally supports segmentation into discrete
time windows.

S Meme Template Temporal Dynamics:
Insights from MEMESOVERTIME

Using MEMESOVERTIME, we explore two aspects
of meme template evolution: how templates vary
in their activity patterns over time, and how the text
of instances within a template changes across time.

5.1 What are the activity dynamics of meme
templates over time?

Meme templates differ not only in how popular
they become, but in how long they remain active
and whether their usage is sustained or concen-
trated in short bursts. To characterize these differ-
ences, we classify each template into one of four
quadrants based on its active months and size rela-
tive to the dataset medians (42 active months, 170
instances), yielding four groups: sustained large
(n=2,803), bursty large (n =494), sustained small
(n =489), and bursty small (n =2,798). The ma-
jority of templates fall into either the sustained
large or bursty small quadrant (Figure 6a). Man-
ual inspection of the two smaller quadrants reveals
characteristic patterns: bursty large templates typ-
ically originate from news events (e.g., the first
image of a black hole, Nancy Pelosi tearing up a
speech), while sustained small templates tend to
reflect recurring seasonal or cyclical themes (e.g.,
Spooky October, Christmas, the NFC season).

We further examine when the activity of a tem-
plate peaks within its lifespan. For each template,
we map its monthly posting activity onto a nor-
malized timeline spanning from its first to last ac-
tive month, and define the peak as the point of
maximum activity. Figure 6b shows the distribu-
tion of peak positions across the four quadrants.
Across all quadrant types, templates tend to peak
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Figure 6: Temporal dynamics of templates in MEMEATLAS. (a) Template activity vs size. Each point represents
one template, colored by quadrant. Dashed lines mark the median active months and median template size. (b) Peak
timing distribution across template quadrants. Peak position is measured as the relative position of the month of

maximum activity within each template’s active period.

early: the median peak position ranges from 8% to
30% of the active period (this pattern is robust to
observation-window censoring; see Appendix B).
Bursty templates peak especially early—bursty,
large templates show a median of just 8%, indi-
cating that activity is heavily concentrated at on-
set. Large templates peak earlier than their small
counterparts regardless of how long they remain
active, suggesting that high-volume templates gain
widespread adoption more rapidly.

5.2 To what extent does the lexicon of a meme
template shift over time?

Setup For each template, we designate the month
with the highest cumulative upvotes as the peak
month m*, and partition its posts into pre-peak,
peak, and post-peak segments accordingly. The
text content of each post is extracted via OCR using
Qwen3-VL (see Appendix A.6 for quality assess-
ment). We restrict our analysis to sustained-large
templates for which both the pre- and post-peak
segments contain at least 500 OCR-extracted posts

Predictors of lexical drift
r =-0.287, p = <0.001 r =-0.527, p = <0.001
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Figure 7: Predictors of lexical drift for sustained-large
templates (n = 531). Each panel shows the Pearson
correlation between cosine distance (pre- vs post-peak)
and one template-level feature.

spanning at least 2 active months (n = 531).

For each template, we fit a TFIDF model —
using sublinear term frequency weighting and
unigram-bigram features — on the union of pre-
and post-peak text, and measure lexical drift as the
cosine distance between the two segment vectors:

Vore 'V
d=1 pre © Ypost (1)

HVpre I HVpost I '

44334



Case studies: lexical drift
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Figure 8: Lexical drift in two sustained-large templates, measured by A(z) = TFIDF(z, post) — TFIDF(z, pre).
Positive values indicate terms rising post-peak (red); negative values indicate terms receding (blue).
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Figure 9: Instances of Template 45 (a)—(d) and Template 3109 (e)—(h) in MEMESOVERTIME, in chronological

order.

The contribution of individual terms is cap-
tured by the delta score A(t) = TFIDF(¢,post) —
TFIDF(¢,pre), where positive values indicate
terms gaining prominence after the peak and nega-
tive values indicate terms receding.

Findings Lexical drift is generally modest (me-
dian d = 0.12) but exhibits a long tail (max = 0.60),
indicating that while most templates retain broadly
stable lexicon throughout their lifespan, a subset
undergoes substantial change. As shown in Fig-
ure 7, both template size and active months cor-
relate negatively with lexical drift. Template size
is the stronger predictor (r = —0.527): larger tem-
plates support a broader vocabulary, which reduces
the influence of newly introduced terms on the over-
all profile. More stable TFIDF estimates for larger
templates may also contribute. Active months show
a weaker association (r = —0.287).

Among templates with above-average drift, the
terms that decline most consistently are temporally
anchored cultural references. The two case studies
in Figure 8 show this pattern concretely: the terms
that decline post-peak reflect trending topics that
were prominent at the time but have since faded
from online discourse. Both templates examined

here fall in the large, sustained quadrant (see §5.1).
For Template 45 in MEMESOVERTIME, area 51
and keanu reeves were prominent before the peak
yet largely absent after it; Figure 9 illustrates this di-
rectly, showing the same template used to reference
Area 51 in July 2019 and Covid-19 in December
2020. Notably, despite the template imposing no
formal constraint on text, creators spontaneously
converge on the construction X X Everywhere, with
only the variable slot shifting across topics. Further
examples of such conventionalized expressions are
provided in Appendix A.7.

Template 3,109 shows a similar pattern of drift
around culturally salient references, though with a
notable distinction. The term september 20th ref-
erences the Storm Area 51 event, a real news that
captured widespread attention in 2019 (Figure 9f).
In contrast, a surge of posts in January 2022 refer-
ence former Vice President Dick Cheney suffering
a heart attack on June 17th, 2022 (Figure 9h). This
date was still five months in the future at the time of
posting, and the event never occurred, highlighting
how memes can serve as vehicles for the spread of
misinformation.
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6 Conclusion and Future Work

We present MEMESOVERTIME, a large-scale
dataset of 6.6M meme instances collected from
Reddit over roughly a decade, grounded in the
messy, diverse, and ever-changing landscape
of real-world online meme culture. We cu-
rate MEMESOVERTIME through a semi-automatic
pipeline combining two-stage clustering with man-
ual consolidation, defining templates by both visual
consistency and preservation of meaning across in-
stances.

Using MEMESOVERTIME, we conduct a tem-
poral analysis of meme template activity along
multiple dimensions. We find that template ac-
tivity is front-loaded: most templates reach peak
usage within the first third of their active span,
with shorter-lived templates concentrating nearly
all their activity in the opening months. Among
sustained-large templates, those with more in-
stances show less lexical drift, plausibly because
their broader vocabulary makes newly introduced
terms shift the overall profile less.

We hope MEMESOVERTIME serves as a founda-
tion for future research on the temporal dynamics
of internet culture through memes, including the
spread of meme templates across communities, or
the role of visual templates in shaping political
discourse.

7 Limitations

Tracking the long-term evolution of memes is the
central motivation of this work, and achieving this
at scale ideally requires automated template iden-
tification. We explored this direction, but encoun-
tered failures that we believe reflect fundamental
properties of memes themselves rather than merely
methodological limitations.

The Open-Ended Nature of Templates Meme
templates emerge continuously and unpredictably.
Any database-driven approach to template identi-
fication is therefore inherently incomplete: a tem-
plate that does not yet exist at annotation time will
remain unrecognized, causing novel instances to be
misclassified or discarded. This is not a limitation
that more data alone can resolve, as the space of
possible templates is effectively unbounded.
Visual Entity vs. Template Structure
Embedding-based methods such as CLIP
clustering tend to latch onto the most visually
salient features of an image, which are not always
the features that define the template. In the Drake

Pointing template, for instance, the defining
structure is the two-panel approval/disapproval
format. When the figure of Drake is replaced by
a celebrity or fictional character, CLIP redirects
its attention to the substituted figure, grouping the
meme with visually similar images rather than
with other instances of the same template. The
instantiation variable, in other words, overwhelms
the template frame in the embedding space.

Template Remixing A subtler challenge arises
when two recognizable templates are combined.
Here the difficulty is not that a visual entity com-
petes with a template, but that two templates com-
pete with each other for primacy. It becomes un-
clear which element constitutes the stable, reusable
frame and which has been absorbed as a variable.
Such cases resist clean categorization and expose
the limits of any scheme that treats template iden-
tity as a fixed, discrete property.

In light of these challenges, we adopt a semi-
automatic approach in this work. We hope that the
manual annotations provided in MemeAtlas can
serve as a foundation for future efforts to address
these difficulties, including automated detection of
emerging templates, large-scale template classifi-
cation, and a deeper understanding of how meme
templates generalize across visual instantiations.
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Appendix
A MEMESOVERTIME Curation Details

A.1 Image Preprocessing Details

Text masking We detected text regions with Pad-
dleOCR (Cui et al., 2025), and masked them with
the median color of surrounding pixels.

Margin removal Margins are removed by crop-
ping the outermost border pixels until no uniform-
color margin remains.

A.2 Clustering Implementation Details

We encode each preprocessed image using CLIP
ViT-L/14 (Radford et al., 2021) to obtain embed-
dings v; € R768 which are ¢»-normalised:
Y= @)
[vill2
To reduce noise and computational cost, we draw
a month-stratified 5% sample (~950K images) and
reduce their embeddings ¥; to 20 dimensions via
UMAP (Mclnnes et al., 2020):

u; = UMAP(¥;) e R® (3)

We then apply HDBSCAN (Mclnnes et al., 2017)
to the reduced embeddings u; to obtain cluster la-
bels 4;. Since HDBSCAN only labels the sample,
we propagate labels to the remaining instances via
k-nearest neighbour (k=5) voting in the reduced
space:

Eizmcc)de{éj:je./\/'k(i)} €]

where N (i) denotes the k nearest neighbours of
point i among the HDBSCAN-labelled sample
points.

A.3 Subclustering Implementation Details

Since images within each primary cluster already
share a degree of visual similarity, their DINOv2
embeddings occupy a relatively compact region of
the embedding space. We therefore apply PCA
to reduce dimensionality prior to Spectral Cluster-
ing (Ng et al., 2001), retaining 70% of variance,
which removes noise while preserving the local
structure relevant for fine-grained visual discrim-
ination. Spectral Clustering is then applied as it
makes no assumptions about cluster geometry and
is well-suited to the non-convex structure typical
of visual embedding spaces. The number of neigh-
bours for the affinity graph is set adaptively as a
function of cluster size and mean pairwise cosine
distance.

A.4 Annotation Guidelines and Examples

Annotation proceeded in two stages. In the first
stage, 2 annotators performed intra-cluster consoli-
dation, filtering out non-meme content (Figure 10)
and merging instances that share the same under-
lying template (Figure 11). In the second stage, 2
annotators performed inter-cluster consolidation,
comparing pairs of clusters using the same merging
criteria.

You will be shown 10 images from a cluster.
Please answer the following questions:

Q1. Are these images memes?

The following are examples of content that
is not considered a meme (this list is not ex-
haustive): QR codes, screenshots of search
engine results, game interface captures, on-
line chat screenshots, and images consisting
solely of lyrics or quotes overlaid on a back-
ground.

Q2. Can you identify at least 8 images
that share the same meme template?

To determine whether two images share the
same meme template, apply the following
criteria in order:

1. Base image consistency. Imagine remov-
ing all user-added text and edits. Is the un-
derlying base image the same?

* Yes — Same template.

* Not identical, but structurally similar
with a clear correspondence between
elements — Proceed to criterion 2.

* Unrelated — Not the same template.

2. Meaning consistency. Imagine swap-
ping the user-added content between the two
images into their corresponding positions.
Do both memes still convey the same mean-
ing?

* Yes — Same template.

* No — Not the same template.

Figure 10: Annotation guidelines for cluster denoising.
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You will be shown two rows of images, each
containing 10 examples from a different
cluster. Compare the dominant meme tem-
plate in each row and determine whether
they share the same underlying template, us-
ing the following criteria:

1. Base image consistency. Imagine remov-
ing all user-added text and edits. Is the un-
derlying base image the same?

* Yes — Same template.

* Not identical, but structurally similar
with a clear correspondence between
elements — Proceed to criterion 2.

» Unrelated — Not the same template.

2. Meaning consistency. Imagine swap-
ping the user-added content between the two
images into their corresponding positions.
Do both memes still convey the same mean-
ing?

* Yes — Same template.

* No — Not the same template.

Figure 11: Annotation guidelines for cluster merging.

Figure 12 shows instances of the same template
at varying degrees of cropping; Figure 13 shows
visually similar images featuring the similar fea-
ture (big eyes) but drawn from distinct templates;
Figure 14 shows a mixed cluster containing mul-
tiple templates that primary clustering failed to
separate; and Figure 15 shows noisy instances au-
tomatically grouped together, isolating them from
coherent template clusters.

A.5 Inter-annotator Agreement

Both annotation steps were carried out by two in-
house annotators: the first author and a Master’s
student in Computational Linguistics. Both anno-
tators were hired and compensated according to
national standards. During inter-cluster consoli-
dation, annotators jointly labeled 1,200 instances,
achieving a Cohen’s x of 0.87.

A.6 OCR Extraction and Watermark
Removal

Each image in MEMESOVERTIME is processed by
two OCR pipelines: PaddleOCR (Cui et al., 2025)
and Qwen3-VL7 (Bai et al., 2025).

7https://huggingface.co/Qwen/
Qwen3-VL-30B-A3B-Instruct

Figure 13: Similar feature, different templates.

For Qwen3-VL, we extract the OCR with the
following prompt:

Please OCR this image. Read
all text from left to right,
top to bottom, and output every
character exactly as it appears.

Qwen3-VL was deployed on a single NVIDIA
H200 140GB GPU, with inference completing in
186 hours.

To evaluate their complementary strengths, we
manually compared outputs on a sample of 100
memes and found that Qwen3-VL consistently pro-
duces better-structured output, in particular:

* Line segmentation:
post_id: b83rqg
PaddleOCR: “Nobody: ElonMusk: Hear Elon
Musk’s SurpriseRap Song ‘RIP Harambe’
rollingstone.com”
Owen3-VL: “Nobody: / Elon Musk: /
Hear Elon Musk’s Surprise Rap Song ‘RIP
Harambe’ / rollingstone.com”

* Emoji and token preservation:
post_id: 1i51pqr
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Figure 15: Noise cluster.

PaddleOCR: “Who made this? TheCovid-
19VaccineOnMySon Testing”

Owen3-VL: “Who made this? [crying emoji]
/ Testing The Covid-19 Vaccine On My Son”

We therefore retain both fields—paddle_ocr for
its higher coverage and qwen_ocr for its structural
quality—as complementary text representations in
MEMESOVERTIME.

Since memes are frequently created using third-
party platforms (e.g., Imgflip, Mematic, Meme-
droid), OCR output often contains platform wa-
termarks appended to the image text. We ap-
ply a rule-based procedure targeting known sig-
natures (e.g., imgflip.com, made with mematic,
JAKE - CLARK. TUMBLR) at the end of the OCR string,
applied iteratively until convergence.

Watermarks are deliberately restricted to end-
of-string matches, as some memes organically dis-
cuss these platforms (e.g., complaining about water-
marks; see Figures 16a—16c). Residual occurrences
(<0.01%) stem from OCR corruption or such or-
ganic references, where removal would corrupt le-
gitimate content.

“Using mematic / Not know-

ME PUTTING MEMES ON IMGFLIP

Using
mematic
- e
e

Not knowing
how to make a
meme without
a water mark

|
| THEN REALIZING | CANT
REMOVE THE TEMPLATE WHEN | AM DONE

(a) post_id: cykgbc (b) post_id: c2r9n6
“Me putting memes on
Imgflip / Then realizing 1

can’t remove the template”

ing how to make a meme
without a watermark”

society if the mematic watermark was gone:

(d) post_id: b93kx5

“Using editing software / Using
ImgFlip / Using memeatic /
Using Google Slide”

(c) post_id: x4zbnk
“society if the mematic wa-
termark was gone:”

Figure 16: Examples of meme posts whose OCR text
organically references meme creation platforms. Re-
moving platform-related tokens from these posts would
corrupt legitimate semantic content.

A.7 Conventionalized Expressions

Conventionalized expressions are not an isolated
phenomenon in MEMESOVERTIME. Figure 17
shows ten instances of Template 569, whose cre-
ators consistently adopt the construction / go fo
X. Figure 18 shows ten instances of Template 236,
associated with the expression I am speed, derived
from the film Cars.

These expressions can become sufficiently en-
trenched that the template as a whole circulates
as a cultural reference in its own right. Figure 19
illustrates this: the I am speed template, image and
text together, is embedded wholesale into a differ-
ent template, treating one meme template as the
content of another.

B Robustness to Observation-Window
Censoring

Our corpus covers a fixed window from January
2016 to December 2025, which raises the question
of whether the temporal patterns reported in Sec-
tion 5.1 are artifacts of that window rather than
properties of the templates themselves. To address
this, we group templates by the year in which they
first appear and measure, for each year, the num-
ber of templates, the median observable window
(months from first appearance to the 2025-12 cut-
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Me and the boys if we had passports and
military experience

German revolutionaries
after the 1848
revolutions

oto America:

Foreign youtubers when they

want to increase their views
- Redditors when they find out that in
Lithuania 56% of the people are introverts:

Country has oil*

| go to Lithuania

1'GO TO EUROPE!

| go to spread democracy

When someone hears you
speaking Spanish and tells
you to go back to your country

When you have something important to
do with absolutely no time to waste

—_—

1 GO'TO RUSSIA!

Age of concent in Jamica is 16
Discord Mods:

SR

When you're an attractive woman
in your 20s with no skills

I'goito Jamica

Figure 17: Ten instances of Template 569, illustrating the conventionalized construction 7 go fo X.

When your chemical formula is
C10H15N

When the exam says two hours but you
eat it in fifteen minutes

7 year old me riding my scooter
Reddit: gives free awards  down the driveway

h hood Kid
Shit posters: o0c K

Wamspeed amspeed

When | get found in hide n seek

me getting ready to run away after
using "your mom" in a roast on the

Wamuspeed

No one:
When you think of a meme 6 months

Kids in the special learning class: after it dies

when i fail NNN in the first 5
minutes of november

i amspeed i

fam.speed

Figure 18: Ten instances of Template 236, illustrating the conventionalized expression I am speed.

Figure 19: Examples of I am speed used as a cultural
reference within a different template, independent of its
origin in Template 236.

off), the median number of active months, and the
median number of instances per template.

Our measures are not driven by template age.
Among templates that first appeared between 2019
and 2023, the median observable window shrinks

from 79 to 29 months, yet the median number of
active months (27, 26, 26, 28, 25) and the median
number of instances (117, 102, 113, 101, 101) stay
essentially flat. If either measure depended on how
long a template has been around, it would follow
the observable window and drop along with it. Nei-
ther does, which indicates that active months and
template size capture properties of template usage
rather than elapsed observation time. The higher
values for the 2016 cohort fit a survivorship pattern
rather than an age effect: the older templates still
identifiable today tend to be the genuinely large,
long-lived ones.

Right-censoring. Templates that first appear late
in the observation window are cut off at the end, so
their peak may fall outside our data. Exposure to
this form of censoring is small: 91.4% of templates
first appear before 2020, 96.8% have an observable
window of at least 60 months, and only 4 templates
(0.1%) have a window shorter than 12 months. Re-
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running the peak-timing analysis of Section 4 on
mature templates only, that is, those with an observ-
able window over 42 months, leaves the early-peak
finding unchanged.

Left-censoring. Our data begins in January 2016
because earlier Reddit meme data is too sparse for
reliable analysis (Section 4). A template that origi-
nated before 2016 therefore has its true onset, and
possibly its true peak, outside our window, and
what we observe is the later portion of its lifespan.
This works against the pattern we report: losing the
early part of a trajectory can only shift an estimated
peak toward the end of the observed period, never
toward the beginning. Left-censoring can dampen
or obscure an early-peak pattern, but it cannot man-
ufacture one. The early-peak finding is therefore
conservative with respect to this source of bias.
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