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Abstract

The rapid growth of scientific literature makes
it increasingly difficult to communicate a pa-
per’s core novelty in a concise and accessi-
ble manner. While prior work has explored
visual summaries such as graphical abstracts,
emerging informal formats such as scientific
memes remain largely unstudied from a com-
putational perspective. Scientific memes rely
on concise visual–textual juxtaposition and
contrast to highlight how new work differs
from prior approaches, making them a chal-
lenging test case for controlled abstraction,
contrastive reasoning, and creative compres-
sion in generative models. We formalize
scientific meme generation as a novel multi-
modal, contrastive generation task and propose
SciMemeX, a modular multi-agent framework
that extracts core innovations, selects contex-
tually appropriate meme templates, and itera-
tively generates and refines captions through
contrastive feedback-guided refinement. We
evaluate generated memes along three comple-
mentary dimensions—scientific fidelity, clar-
ity, and engagement potential—and conduct
extensive automatic and human evaluations
on 1.5k computer science papers. Our re-
sults show that SciMemeX consistently outper-
forms strong single-agent prompting and exist-
ing multi-agent baselines across all evaluation
dimensions, suggesting that scientific meme
generation provides a constrained setting for
exploring controlled creative generation in sci-
entific communication context. We make the
dataset and code public1.

1 Introduction

Scientific progress relies not only on the discovery
of new knowledge, but also on the effective com-
munication of research contributions to audiences
(Leshner, 2003; Marín-González et al., 2017). As

1https://github.com/sandeep82945/SciMeme,
https://www.iitp.ac.in/~ai-nlp-ml/resources.
html#SciMemeX

the volume of scientific publications continues to
grow, researchers face increasing difficulty in con-
veying the novelty and significance of their work
in a concise and accessible manner (Warren, 2003;
Kumar et al., 2021). To address this challenge,
the scientific community has developed a range
of compressed and visual communication formats,
including abstracts, short talks, posters, and graph-
ical or visual abstracts. Prior studies show that
such visual formats can substantially increase on-
line visibility and engagement with scientific arti-
cles, particularly on social media platforms (Oska
et al., 2020). In parallel, platforms such as Twitter
(X) and LinkedIn have become important channels
through which researchers contextualize and dis-
seminate their works beyond traditional academic
venues (Bik and Goldstein, 2013; Van Eperen and
Marincola, 2011).

Within this evolving communication landscape,
memes have emerged as a widely used form of
digital expression characterized by concise visual–
textual juxtaposition, contrast, and often humor.
Prior works in education and communication stud-
ies shows that meme-based artifacts can support
learning, recall, and engagement, and are increas-
ingly viewed as a stable form of online discourse
and digital literacy (Riser et al., 2020; Shibilski,
2021; Myers, 2022).

Recent practitioner accounts further document
the use of science memes in conference presenta-
tions, teaching, blogs, and social-media outreach,
suggesting that memes are increasingly being ex-
plored as informal science communication tools
(Joseph, 2023; Tran, 2024). These findings suggest
that memes may plausibly function as lightweight,
contrastive explanatory artifacts in informal or
semi-formal scientific communication settings. De-
spite these emerging uses, scientific memes remain
largely unstudied from a computational perspective.
There is currently no systematic framework that for-
malizes what constitutes a scientific meme, how
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such artifacts encode a paper’s conceptual novelty,
or whether generative models can produce them
while preserving scientific fidelity. Rather than
assuming memes to be a universally validated dis-
semination medium, we treat them as an emerging
artifact class whose structure and generative feasi-
bility warrant systematic investigation.

Definition: Scientific Meme

In this paper, we define scientific memes as concise
visual–textual artifacts designed to communicate a pa-
per’s key novelty through contrastive framing. Unlike
typical internet memes, which primarily emphasize
humor and virality, scientific memes prioritize sci-
entific fidelity, clarity, and memorability. Their goal
is not entertainment but compact communication of
scientific novelty, enabling readers to quickly grasp
how a new work differs from prior approaches.

Unlike graphical abstracts, which aim for broad
coverage of a study’s content, scientific memes
focus on contrastive compression—isolating and
juxtaposing what is new against what came before.
Importantly, we do not treat scientific memes as
general-purpose internet humor artifacts. Rather,
we target domain-literate scientific communica-
tion, where humor is optional and contrastive nov-
elty representation remains the core structural re-
quirement. Following prior work that treats in-
ternet memes as template-based, genre-like arti-
facts shaped by recognizable conventions (Shif-
man, 2013; Wiggins and Bowers, 2015), we fo-
cus on a contrastive “before vs. after” / “prior vs.
proposed” structure, which highlights how a new
paper differs from prior approaches. This format
aligns with well-established cognitive principles,
including dual coding theory (Paivio, 1990), con-
trastive framing effects (Kahneman and Tversky,
1984), and the role of surprise in memorability
(Górka, 2014). By juxtaposing prior limitations
with new contributions in a compact visual–textual
form, such memes offer a concise representation of
scientific novelty well suited to fast-paced digital
environments.

Beyond its application context, scientific meme
generation poses challenges that are independently
relevant to natural language processing and mul-
timodal generation. Producing a faithful scien-
tific meme requires models to identify a paper’s
central contribution, reason contrastively with re-
spect to prior work, compress this distinction into
a highly constrained visual–textual format, and bal-
ance creativity with factual correctness. These re-

quirements go beyond standard summarization or
captioning tasks, instead demanding controlled ab-
straction, contrastive reasoning, and creative com-
pression—capabilities that remain challenging for
current large language models. As such, scientific
meme generation serves as a compact testbed for
studying these fundamental capabilities, regardless
of the eventual adoption of memes as a dissemina-
tion medium.

In this paper, given a scientific paper, our goal is
to automatically generate a meme that accurately
and clearly communicates the paper’s key novelty
relative to prior works while remaining faithful to
the underlying scientific content. To this end, we
introduce SciMemeX, an agentic framework for
generating scientific memes directly from research
papers. SciMemeX integrates multiple specialized
agents that collaboratively extract core contribu-
tions, select contextually appropriate meme tem-
plates, and generate contrastive captions through
an iterative refinement process.

Our contributions are three-fold: (i) we formal-
ize scientific meme generation as a novel multi-
modal, contrastive generation task that probes con-
trolled abstraction and creative compression in gen-
erative models; (ii) we propose SciMemeX, an
agentic framework that decomposes the task into
contribution extraction, template selection, and it-
erative contrastive feedback-guided meme gener-
ation; and (iii) through comprehensive automatic
and human evaluations, we show that our approach
consistently outperforms single-agent prompting
and existing multi-agent baselines in terms of sci-
entific fidelity, clarity, and engagement.

2 Related Work

Prior work on scientific communication has ex-
plored a range of textual (Hermann et al., 2015;
Sefid and Giles, 2022; Sharma et al., 2024; Dong
et al., 2021) and multimodal abstractions, including
summaries (Tan et al., 2025; Kumar et al., 2024a),
graphical abstracts (Kawada et al., 2025), posters
(Wang et al., 2024b; Tanaka et al., 2024; Landis
and Duscher, 2022), and slide-style presentations
(Sefid et al., 2021), aimed at conveying a paper’s
core contributions in a concise and accessible form.
More recently, P2P (Sun et al., 2025) used coordi-
nated LLM agents to generate poster-style visual
summaries of papers. However, such methods or-
ganize paper content rather than foreground nov-
elty in brief, engaging formats, motivating more
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concise communication artifacts. Prior work on
automatic meme generation has largely targeted
general-purpose social media content, emphasizing
humor and virality over factual or technical accu-
racy (Vyalla and Udandarao, 2020; Wang and Lee,
2024).

While recent vision-language models enable
more context-aware meme generation, they primar-
ily target general-purpose social media content and
do not account for scientific fidelity or the need to
distinguish new contributions from prior works. To
the best of our knowledge, no prior work addresses
scientific meme generation as a dedicated scientific
communication task. We hope this work inspires
future research at the intersection of AI-driven cre-
ativity and accessible science dissemination.

3 Task Definition

We define scientific meme generation as the task
of producing a meme that communicates a paper’s
key novelty relative to prior work. Given a scien-
tific paper p, represented by its abstract and, when
available, other sections, a template setM, and a
caption space C, the output is a meme m = (t, c),
where t ∈M and c ∈ C, that contrasts prior work
with the paper’s new contributions. The quality of
a generated meme is assessed along three dimen-
sions: scientific fidelity, clarity and interpretability,
and engagement. This task definition specifies the
input, output, and evaluation dimensions without
prescribing a model architecture, agent configura-
tion, or generation procedure.

4 Methodology

4.1 Framework Overview
Grounded in the complementary perspectives
of human creative cognition and computational
exploration–exploitation, our methodology oper-
ationalizes this cycle within an agentic framework.
SCIMEMEX instantiates alternating phases of di-
vergent ideation and convergent critique through
a coordinated ensemble of agents specializing in
generation, selection, and evaluation. Each agent
embodies a cognitive role—idea condensation, tem-
plate prioritization, caption generation, or multi-
axis critique—collectively forming an adaptive rea-
soning loop. This design unites psychological mod-
els of creativity (Guilford, 1967; Torrance, 1988;
Sawyer, 2012) with algorithmic principles of adap-
tive search (Sutton and Barto, 2018; Kaelbling
et al., 1996), framing scientific meme generation

as both a cognitive simulation and an optimization
process (Dawkins, 1976; Blackmore, 1999).

The workflow of the proposed SCIMEMEX
framework is illustrated in Figure 1, with the de-
tailed algorithm provided in Appendix 1. The input
consists of a paper’s abstract and, optionally, its
other sections. If only the abstract is available, the
Concisio Agent is bypassed; otherwise, the Conci-
sio Agent summarizes the paper and extracts key
innovative reflections, which are then passed to the
Template Selector Agent (TSA).

The TSA identifies suitable meme templates
and forwards them to the Meme Text Generator,
which produces k captioned meme candidates.
Each candidate is evaluated independently by three
Critique Agents—Fidelity Critique, Clarity Cri-
tique, and Engagement Critique—whose scores
are used to rank the memes. The best- and worst-
performing memes are then provided to the Con-
trastive Feedback-Guided Generator, which refines
new captions by integrating both positive and nega-
tive feedback. This exploration–exploitation loop
repeats until convergence or a predefined iteration
limit. Finally, the selected template–caption pair is
rendered into the final meme image.

In the following sections, we describe the prin-
cipal components of SciMemeX, including the
meme-generation agents, their role specifications,
and the inter-agent communication strategy. The
proposed multi-agent system operates within an
exploration–exploitation loop: agents first extract
a contrastive summary from the input paper p, se-
lect suitable templates, generate captioned meme
candidates, and iteratively refine them based on
critique feedback until convergence or a prede-
fined computational budget is reached. These
meme-generation agents—Concisio, Template Se-
lector, Generator, and Critique—form the core
of our framework, collectively enabling adaptive
reasoning and creative synthesis across iterative
refinement cycles. SCIMEMEX is a training-free
inference-time framework that coordinates special-
ized LLM agents via contrastive comparison and
feedback-guided refinement.

4.2 Concisio Agent

The Concisio Agent integrates comparative analy-
sis and concise synthesis into a reasoning module.
Given a research paperR, the agent first performs
a comparison between prior and current method-
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Figure 1: Agentic framework for meme generation. The process consists of an initial exploration phase (diverse
template selection and generation) followed by iterative exploitation through contrastive refinement, guided by
critique feedback.

ologies2. It identifies a set of prior approaches
Mold = {Mp1 , . . . ,Mpn} and extracts the main
contribution(s)3 of the current work as Mnew. For
each Mpi ∈Mold, the agent identifies conceptual
and technical distinctions ∆i between Mnew and
Mpi , capturing differences in mechanism, objec-
tive, or theoretical framing. Based on this compar-
ison, the agent produces a compact summary S∗

fromMold, Mnew, and the set of distinctions {∆i}.
The summary S∗ captures (i) how the problem was
addressed previously, (ii) what the current paper
does differently, and (iii) why this difference is
meaningful. We operationalize a paper’s key contri-
bution as contrastive novelty relative to prior work:
what prior approaches did, what the current work
changes, and why the difference matters. The out-
put is organized into three interpretable segments,
Prior Work (Old Ideas), Proposed Approach (New
Idea), and Core Differences, and expressed as a con-
cise narrative of approximately 100 words. This
agent provides a clear and faithful foundation for
downstream modules such as the Template Selector
and Meme Generator.

4.3 Template Selector Agent
The Template Selector Agent (TSA) is a prompt-
based LLM module that uses the innovation sum-
mary S∗, consisting of the abstract and extracted
reflections, to identify suitable meme templates

2Concisio relies only on information explicitly provided
in the input paper rather than external model knowledge, re-
ducing the risk of hallucinated prior-work comparisons.

3Many papers contain multiple complementary contribu-
tions. In such cases, Concisio extracts multiple contrastive
conceptual and technical distinctions relative to prior work
and synthesizes the most salient innovations into a unified
compact summary.

from the set M. We define M as a fixed, exter-
nally curated pool of 250 meme templates collected
from publicly available meme-template reposito-
ries and websites, including ImgFlip4 and other
open meme-template catalogs, after filtering. We
retain templates containing at least two editable text
placeholders and a clear visual structure suitable
for contrastive framing, while excluding single-
caption, visually unclear, or non-contrastive “prior
work vs. proposed work” formats. Given S∗, the
agent selects a top-k subset Tp ⊆M that is appro-
priate for highlighting the contrast between prior
work and the new contribution.

4.4 Meme Generation and Refinement
As illustrated in Figure 1, SCIMEMEX conducts
meme generation through two complementary
stages—initial exploration and feedback-guided
refinement—forming an adaptive exploration–
exploitation loop grounded in both human creative
cognition and algorithmic search.

Initial Exploration. Conditioned on the innova-
tion summary S∗ and the selected template set Tp,
the Meme Text Generator produces k captioned
candidates per template. This phase emphasizes
diversity and breadth, mirroring human brainstorm-
ing: numerous unconstrained captions are gener-
ated to cover varied humorous framings and con-
trasts between prior and new work. The resulting
candidates form the initial pool for evaluation.

Feedback-Guided Refinement. Each candidate
is scored by the critique agent, which also pro-
vides textual feedback. The highest- and lowest-

4https://imgflip.com/
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ranked memes (m+, m−) serve as contrastive an-
chors for the Feedback-Guided Meme Generator,
which synthesizes a new batch of k refined captions
that retain the strengths of m+ while avoiding the
weaknesses of m−. Although this stage primar-
ily exploits prior feedback, it preserves controlled
exploration via stochastic prompting and stylistic
variation. The loop iterates until convergence or a
budget cap, returning the highest-scoring candidate
m⋆.

Finally, the selected meme template and gener-
ated caption are rendered into the final meme image.
We use ImgFlip as the default renderer whenever
the selected template is available in its public cata-
log; this accounts for 86% of the generated memes
in our evaluation. For the remaining 14%, where
the selected template is not available in ImgFlip
or requires a custom multi-panel composition, we
use GPT-4o as the fallback renderer. We selected
this multimodal renderer once at implementation
time based on pilot checks for prompt following,
template adherence, and readable text placement;
the renderer is not chosen on a per-paper basis. Im-
portantly, SCIMEMEX outputs a template–caption
pair, so the agentic generation pipeline is rendering-
agnostic. During iterative refinement, we intention-
ally keep the meme template fixed and refine only
the caption. This design ensures that critique feed-
back remains grounded in a stable visual framing;
changing templates mid-loop would invalidate the
critics’ judgments and led to unstable or incoherent
revisions in pilot experiments.

5 Evaluation

A central challenge in this work is to ensure that
the proposed evaluation framework is both theoreti-
cally sound and practically reliable. To this end, we
designed a three-phase evaluation pipeline that pro-
gressively integrates expert insights, LLM-as-judge
validation, and final human benchmarking. This
pipeline was constructed to address common criti-
cisms of evaluation in generative tasks, namely: (i)
over-reliance on ad-hoc human judgments, (ii) the
limited generalizability of traditional metrics (e.g.,
BLEU/ROUGE), and (iii) the lack of systematic
validation for LLM-based scoring.

5.1 Phase I: Expert-Driven Metric Design

We began with a structured pilot study involving
twelve senior experts, including mid-career faculty,
postdoctoral researchers, and PhD candidates (5–

10 years of experience) with at least five ACL/ICLR
or related publications. Experts evaluated memes
generated for a representative set of 80 papers
drawn from their own publication history and from
comparable peers. Rather than limiting themselves
to one-shot generation, each expert engaged in
an interactive human-in-the-loop process: they
prompted the LLM of their choice (CHATGPT,
GEMINI, or CLAUDE) (Achiam et al., 2023; An-
thropic, 2023; DeepMind, 2023), inspected its out-
puts, and iteratively refined the memes with tar-
geted feedback until they were satisfied that the re-
sult captured the paper’s core contribution. Across
four workshop rounds, experts not only judged
the resulting memes but also critiqued and revised
them, using the iterative process itself as a way to
stress-test evaluation criteria. In doing so, they re-
vealed both the strengths and limitations of LLMs
when steered by human expertise, and distilled a set
of evaluation dimensions that remained robust even
under this adversarial, feedback-driven setting.

We observed consistent failures of lexical over-
lap metrics (e.g., BLEU, ROUGE) (Papineni et al.,
2002; Lin, 2004) and vision–language similarity
scores (Radford et al., 2021) to capture the desider-
ata of our task. Through structured annotation ses-
sions and consensus-building (Artstein and Poe-
sio, 2008; Krippendorff, 2018), experts distilled
three dimensions as essential and non-redundant:
(i) Scientific Fidelity, (ii) Clarity & Interpretabil-
ity, and (iii) Engagement Potential. Importantly,
the design process reached saturation: after four
workshop rounds, no additional dimensions were
proposed. Scientific Fidelity and Engagement Po-
tential were each operationalized on a 1–5 Likert
scale, allowing fine-grained differentiation. In con-
trast, Clarity & Interpretability employed a 3-point
scale, as pilot testing showed that annotators could
not reliably sustain more granular judgments in
this dimension without over-interpretation. We dis-
cuss the details of the evaluation metrics and their
definitions in the appendix C.

5.2 Phase II: LLM-as-Judge Validation
Having formalized the rubrics, we implemented
them as structured prompts and evaluated their re-
producibility under an LLM-as-a-judge paradigm
(Cai et al., 2025) using GPT-4.1 (Achiam et al.,
2023) on a new sample of 300 memes. Six in-
dependent domain experts—senior PhD students
and early-career researchers who were not involved
in Phase I—annotated each meme along all three
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Model Method Fidelity Clarity Engagement Total

Single-Agent Baselines (CoT Prompting)

Mistral-7B (I) CoT 2.84 1.70 3.18 7.72
Llama-3.1-8B (I) CoT 3.02 1.77 3.30 8.09
Llama-3.1-70B (I) CoT 3.12 1.82 3.47 8.41
Claude-3.5 Sonnet CoT 3.25 1.86 3.60 8.71
Gemini-1.5 Pro CoT 3.34 1.89 3.72 8.95
GPT-4o CoT 3.48 1.93 3.85 9.26

Template-Based Meme Systems

Memeify Template-Captioning 2.21 1.41 2.96 6.58
MemeCraft Template-Captioning 2.48 1.55 3.12 7.15

Multi-Agent Frameworks

Llama-3.1-70B (I)

MAD 3.17 1.85 3.56 8.58
Self-Reflect 3.32 1.92 3.68 8.92

ChatEval 3.45 1.95 3.77 9.17
Self-Refine 3.56 1.97 3.74 9.27

SciMemeX (Ours) 4.31 2.09 3.90 10.30

Claude-3.5 Sonnet

MAD 3.26 1.87 3.67 8.80
Self-Reflect 3.41 1.94 3.75 9.10

ChatEval 3.53 1.97 3.83 9.33
Self-Refine 3.67 2.00 3.82 9.49

SciMemeX (Ours) 4.44 2.12 3.96 10.52

Gemini-1.5 Pro

MAD 3.34 1.90 3.72 8.96
Self-Reflect 3.54 1.98 3.78 9.30

ChatEval 3.67 2.00 3.83 9.50
Self-Refine 3.79 2.03 3.89 9.71

SciMemeX (Ours) 4.52 2.14 4.00 10.66

GPT-4o

MAD 3.52 1.94 3.85 9.31
Self-Reflect 3.70 2.00 3.88 9.58

ChatEval 3.83 2.03 4.04 9.90
Self-Refine 3.94 2.04 4.02 10.00

SciMemeX (Ours) 4.66 2.16 4.12 10.94

Table 1: Automatic evaluation results across six open- and closed-source models released by July 2025. We
report mean scores for Fidelity, Clarity, Engagement, and total composite scores for both single-agent (CoT) and
multi-agent frameworks. “I” denotes instruction-tuned variants (Instruct models).

dimensions, with three raters assigned to each item.

Inter-annotator agreement was measured using
standard reliability metrics (Artstein and Poesio,
2008; Krippendorff, 2018), yielding substantial
human–human agreement (τ = 0.69, κ = 0.66,
r = 0.72, and α = 0.68). GPT-4.1, prompted us-
ing the same rubric and evaluated under controlled
settings, was then applied to the same dataset. Its
ratings showed high concordance with the aggre-
gated human judgments (τ = 0.71, κ = 0.68, and
r = 0.74). These results indicate strong agreement
between the LLM-based and human evaluation,
supporting the use of the LLM-as-a-judge frame-
work as a scalable proxy for subsequent experi-
ments. The prompt templates, annotator guidelines,
annotation training, and annotation procedure are
described in details in Appendix E.

5.3 Phase III: Final Human Evaluation

The final phase benchmarked our framework
against three closely related baselines. We sampled
250 representative papers spanning diverse sub-
fields, including language modeling, machine trans-
lation, multimodal reasoning, and interpretability,
and selected a 100-paper subset for the final evalua-
tion. To ensure consistency, we employed the same
expert annotators from Phase II, who were already
calibrated on the rubric but remained blind to sys-
tem identity. Each meme was independently rated
by three annotators on Scientific Fidelity (1–5),
Clarity and Interpretability (1–3), and Engagement
Potential (1–5). Human–human reliability was as-
sessed using Kendall’s τ , Cohen’s κ, and Krippen-
dorff’s α, and raw agreement was reported without
adjudication. Meme order was randomized within
each paper to prevent order effects, enabling a fair,
head-to-head comparison of our framework against
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the baselines. This human evaluation also serves as
an independent safeguard against potential biases
in the LLM-based evaluation.

6 Experiments

We evaluate SCIMEMEX on 1.5k computer
science papers randomly sampled from arXiv
AI/NLP/ML categories from 2022–2023, using a
30/70 validation–test split. Papers were sampled
uniformly from these categories, and we excluded
only papers whose PDFs could not be parsed
into usable title, abstract, and main-body text by
GROBID (Developers, 2008). Automated evalua-
tion is conducted on the held-out test split using
the LLM-as-judge rubric validated in Section 5.2.
We compare against three categories of baselines:
single-agent methods, including Chain-of-Thought
(CoT) (Kojima et al., 2022), Self-Reflection (Renze
and Guven, 2024), and Self-Refine (Madaan et al.,
2023); template-based meme-generation systems,
including Memeify (Vyalla and Udandarao, 2020)
and MemeCraft (Wang and Lee, 2024); and multi-
agent frameworks, including Multi-Agent Debate
(MAD) (Liang et al., 2024) and ChatEval (Chan
et al., 2024). Full implementation and baseline
details are provided in Appendices A and B.

6.1 Results

6.1.1 Automatic Evaluation
We report the results of SCIMEMEX and baselines
using the automated metrics (discussed in 5.2) in
Table 1. We find that SCIMEMEX achieves the
best scores across all metrics. The largest and
most stable improvements appear in Scientific Fi-
delity (+0.72–+0.77 over the strongest baseline),
confirming that our feedback-driven generation
better preserves the underlying claims of the pa-
per. Clarity also improves consistently (+0.11–
+0.12), indicating that structured refinement en-
hances linguistic precision and interpretability. En-
gagement shows smaller, yet positive gains (+0.10–
+0.16), suggesting that faithfulness and readability
are not achieved at the cost of appeal. Template-
based meme systems perform substantially worse
across all metrics, reflecting the limitations of fixed
template–captioning for scientific content. These
improvements are consistent across model capaci-
ties—from Llama-70B to GPT-4o—demonstrating
that SCIMEMEX generalizes beyond a specific ar-
chitecture. In contrast to CHATEVAL and SELF-
REFINE, which perform unguided multi-round

refinements, our approach employs a structured
exploration–exploitation strategy that explicitly
contrasts the best and worst generations in each
round. This contrastive critique–feedback loop en-
ables targeted improvement across iterations rather
than generic self-revision, allowing the model to
progressively converge toward high-fidelity, inter-
pretable, and engaging memes.

6.1.2 Human Evaluation
We report the final human evaluation comparing
SCIMEMEX against three strong baselines. Full
details of the evaluation protocol are provided in
Section 5.3. Table 2 summarizes the mean human
scores5 with 95% confidence intervals estimated us-
ing paired bootstrap resampling with 1,000 draws
over paper-level items. Statistical significance was
assessed using paired bootstrap tests with Holm cor-
rection across metrics. SCIMEMEX consistently
outperforms all three baselines across the evalu-
ation dimensions. The improvements are signifi-
cant for Fidelity (p<.01), Clarity & Interpretability
(p<.05), and Engagement Potential (p<.05), in-
dicating that greater factual precision and clarity
are achieved without compromising creative ap-
peal. After normalization, SCIMEMEX achieves
the highest composite score of 2.30, representing
an improvement of 0.27 over the strongest base-
line, Self-Refine. To verify that agreement was
not driven by midpoint clustering, we report the
Phase III human score distributions in Appendix G.

6.2 Analysis

6.2.1 Effect of Iterative Refinement
Figure 2 shows the progression of scores across suc-
cessive critique–feedback iterations. We observe
consistent improvements across all three evalua-
tion dimensions during the early stages, with gains
stabilizing after approximately the third iteration.
Scientific Fidelity rises from 3.70 at iteration 0 to
4.76 by iteration 3 (+28.6%), reflecting improved
preservation of core scientific claims through tar-
geted refinement. Clarity & Interpretability im-
proves from 2.00 to 2.19 (+9.5%), while Engage-
ment Potential increases from 3.88 to 4.18 (+7.7%),
showing that factual precision does not come at the
cost of communicative appeal. Overall, the com-
posite score improves from 9.58 to 11.13 (+16.1%),
indicating that most benefits of iterative feedback
occur within the first few rounds. This does not

5From the balanced pool of 250 sampled papers, we se-
lected a subset of 100 papers for the final human evaluation.

51487



System Fidelity (1–5) Clarity (1–3) Engagement (1–5) Norm. Total (0–3)

MAD 3.48± 0.11 1.92± 0.07 3.83± 0.12 1.79
ChatEval 3.84± 0.10 2.03± 0.06 4.04± 0.11 1.99
Self-Refine 3.97± 0.10 2.05± 0.06 4.05± 0.11 2.03

SCIMEMEX (Ours) 4.68± 0.09⋆⋆ 2.16± 0.05⋆ 4.21± 0.09⋆ 2.30

∆ vs. best baseline +0.71 +0.11 +0.16 +0.27

Table 2: Phase III human evaluation on 100 papers, with three raters per item. Values are means with 95% confidence
intervals estimated using paired bootstrap resampling with 1,000 draws over paper-level items. ⋆ denotes p<.05,
and ⋆⋆ denotes p<.01 after Holm correction. The normalized total rescales each metric to [0, 1] before summation:
F̂ = (F −1)/4, Ĉ = (C−1)/2, and Ê = (E−1)/4. The improvement in Engagement was statistically significant
at p<.05.
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Figure 2: Stacked plot of scores across iterations. The
black line shows the total score, while the stacked ar-
eas indicate the component contributions from Fidelity,
Clarity, and Engagement.

represent a hard architectural limit: the framework
does not impose a fixed iteration cap, and further
gains may arise from expanding the template space
or critique signals. We discuss a refinement case
study in Appendix N.

6.2.2 Template Diversity and Candidate-Pool
Robustness

Automatic meme generation systems often suffer
from template collapse, repeatedly relying on a
small number of formats. We therefore analyze
template diversity on the Phase III evaluation set
using Unique Template Count (UTC), template en-
tropy (Shannon, 1948), and Top-1 template fre-
quency (Holtzman et al., 2020). As shown in Ta-
ble 3, SCIMEMEX exhibits higher diversity than
the single- and multi-agent baselines, with higher
entropy and lower template dominance. This im-
provement arises from a single, contrast-aware
template-selection step; removing the Template Se-
lector Agent (w/o TSA) reduces diversity.

System UTC ↑ Entropy ↑ Top-1 (%) ↓
CoT (GPT-4o) 11 1.88 40.2
Memeify 9 1.74 45.1
Self-Refine 12 2.01 36.4
SCIMEMEX (Ours) 17 2.39 23.6
w/o TSA 13 2.05 33.8

Table 3: Template diversity analysis on the Phase III
evaluation set. UTC denotes the number of unique
meme templates used. Entropy measures the unifor-
mity of the template distribution. Top-1 indicates the
proportion of memes using the most frequent template.

Robustness to Candidate-Pool Noise. To exam-
ine whether the Template Selector Agent depends
on a fully curated library, we augmented the 250-
template library with 250 deliberately irrelevant
but safe templates and repeated the evaluation on
the same 100-paper subset with k = 5. The pro-
portion of papers with at least one usable template
among the top-k selections decreased from 98%
to 91%, while an irrelevant template was ranked
first in 11% of cases. The total score decreased
from 10.94 to 10.62, indicating partial robustness
to candidate-pool noise while also showing that
curation improves reliability. Constructing the cu-
rated library required approximately 15.4 person-
hours, which we regard as a non-trivial one-time
preprocessing cost rather than a lightweight step.
Complete collection details and per-metric results
are provided in Appendix K.

6.2.3 Ablation Studies

Table 4 summarizes the effect of removing key
components from SCIMEMEX. Each ablation is
evaluated independently against the full system.
The steepest performance decline occurs when
the iterative feedback loop is removed (w/o Feed-
back,−1.05), reaffirming that multi-round critique–
revise interaction is central to the framework’s ef-
fectiveness. Using only the abstract instead of the
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Variant Fid. Cla. Eng. Total ∆

Full 4.66 2.16 4.12 10.94 –
w/o Contrast. 4.55 2.09 3.95 10.59 −0.35
w/o Feedback 4.25 1.92 3.72 9.89 −1.05∗∗

w/o TSA 4.40 1.97 3.81 10.18 −0.76∗

w/o Concisio 4.50 2.02 3.98 10.50 −0.44

Abstract-only 4.32 1.95 3.88 10.15 −0.79∗

Table 4: Ablations for SCIMEMEX. Fid./Cla./Eng. de-
note Fidelity, Clarity, and Engagement. ∆ is relative to
the full system. Significance vs. full: ∗p<.05, ∗∗p<.01
(paired bootstrap).

full paper context results in the second-largest re-
duction (−0.79), highlighting the importance of
broader document context for accurate contribution
extraction and meme generation. Removing the
template selection agent (w/o TSA) also degrades
performance (−0.76); in this setting, the informed
top-k template selection is replaced with uniform
random sampling of k = 5 templates from the same
template poolM, while keeping all other compo-
nents unchanged. Smaller but consistent declines
are observed when removing the Concisio agent
(w/o Concisio, −0.44) or contrastive conditioning
(w/o Contrast., −0.35), indicating that both com-
ponents provide complementary improvements.

Beyond the ablation evidence, we directly evalu-
ated Concisio’s contribution extraction on 40 ran-
domly sampled papers. Two domain experts inde-
pendently identified each paper’s key contributions
from the original manuscript, compared them with
Concisio’s generated summaries, and rated them
on 1–5 Likert scales for Coverage (whether the
main contributions were captured) and Correctness
(whether unsupported or inaccurate claims were
introduced). Concisio achieved average scores of
4.75 and 5.0 for Coverage and Correctness, respec-
tively, indicating that its summaries preserve core
contributions while avoiding hallucinated content.
Overall, the gains of SCIMEMEX arise from itera-
tive feedback, broader document context, informed
template selection, and structured contrastive guid-
ance. We provide error analysis of common failure
cases in Appendix J.

7 Conclusion and Future Work

We introduce scientific meme generation, a task
that translates research ideas into accessible visual–
textual narratives. We propose SCIMEMEX, a mod-
ular agentic framework combining insight extrac-
tion, template selection, and feedback-guided re-

finement. Our three-phase evaluation pipeline mea-
sures Scientific Fidelity, Clarity, and Engagement
through expert and LLM-based assessment. Ex-
periments on 1.5k computer science papers show
that SCIMEMEX significantly outperforms strong
single- and multi-agent baselines, validating the
benefits of contrastive feedback and structured co-
ordination. Future work will extend SCIMEMEX
across domains and support HCI-driven, feedback-
adaptive human–AI co-creativity with interactive
editing and constraint-guided control.

Limitations

Domain Scope. Our experiments focus primar-
ily on computer science papers, particularly those
in NLP, machine learning, and artificial intelli-
gence. Although this provides a controlled evalu-
ation setting, the findings may not generalize di-
rectly to disciplines such as biology or the social
sciences, where scientific conventions, terminol-
ogy, and communication styles differ. Applying
SCIMEMEX to these disciplines may therefore re-
quire domain-specific adaptation and evaluation.

Challenges with Highly Technical Content. Pa-
pers containing dense mathematical formulations
or highly abstract theories are difficult to translate
into clear and humorous narratives. The result-
ing memes may assume expert-level familiarity
with technical terminology, limiting their acces-
sibility outside the relevant research community.
Our framework currently targets domain-literate
audiences, as noted in Section 1; incorporating
audience-aware simplification could make the gen-
erated content more accessible to general readers.

Subjectivity of Humor and Engagement. Per-
ceptions of humor, creativity, and engagement vary
across individuals, communities, and cultures. Our
three-phase evaluation pipeline improves consis-
tency through expert calibration and LLM-as-a-
judge validation, but it cannot eliminate this in-
herent subjectivity. Broader evaluations involving
more culturally and demographically diverse par-
ticipants are required to assess generalizability be-
yond our evaluator population.

Concisio Validation Scope. Although Concisio
achieved high expert ratings in our 40-paper vali-
dation, this analysis was conducted on a relatively
small and controlled sample. The findings may
therefore be influenced by annotator calibration,
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paper selection, or reference-selection effects and
may not generalize across disciplines.

Template-Library Curation. Constructing the
curated 250-template library required approxi-
mately 15.4 person-hours for collection, dedupli-
cation, suitability filtering, and metadata annota-
tion, representing a non-trivial one-time prepro-
cessing cost. Although the noisy-template experi-
ment demonstrates partial robustness when 50% of
the candidate pool is irrelevant, performance still
declines relative to the curated setting. Adapting
the framework to new domains, cultures, or meme
genres may therefore require additional human cu-
ration. Further details are provided in Appendix K.

Computational Overhead. The multi-agent ar-
chitecture and iterative refinement process incur
greater computational and financial costs than
single-agent prompting. These costs depend on the
underlying models, the number of generated candi-
dates, and the number of refinement iterations. Al-
though structured feedback and contrastive refine-
ment reduce some redundant computation, we do
not provide a comprehensive cost analysis across
different model configurations.

Dynamic Template Generation. Although
SCIMEMEX can reselect templates from the
fixed library M during refinement, it does not
modify existing templates or generate new visual
structures dynamically. Extending the framework
to create or adapt templates based on critic
feedback would require aligning the critique
objectives with changing visual structures and
ensuring consistency across refinement iterations.
We leave this extension to future work.

Training-Free Design. SCIMEMEX does not
train task-specific model parameters or rely on su-
pervised scientific-meme training data. Although
this reduces task-specific data requirements and
facilitates application to a new low-resource task,
performance remains dependent on the capabilities
and behavior of the underlying foundation models.
Learned template-selection policies, reward mod-
els, or critique modules may improve efficiency
and consistency when sufficiently large scientific-
meme datasets become available.

Ethics

We explicitly designed our system to avoid generat-
ing offensive or disparaging content by incorporat-

ing safety critics and enforcing a hard rule whereby
such outputs automatically receive the lowest en-
gagement score. Nevertheless, humor is inherently
subjective, and unintended biases may still emerge.
We compensated annotators fairly in line with aca-
demic standards, and the study was reviewed under
institutional policies and deemed exempt from IRB
approval as it posed minimal risk and involved pro-
fessional adult participants. We emphasize that
SCIMEMEX is intended as a tool for broadening
science communication and not for trivializing re-
search or spreading misinformation. We used Chat-
GPT only for language polishing and proofreading
the paper. All annotators were compensated for
their participation; complete compensation details
are provided in Appendix E.1.

Copyright and Fair Use of Meme Imagery: The
illustrative memes shown in this paper (Figures 1,
4–7) are based on widely circulated meme tem-
plates derived from copyrighted media. Their re-
production here is non-commercial, transformative,
and used solely for academic illustration of sys-
tem behavior, consistent with fair use provisions
for scholarly commentary. The framework gener-
ates text captions paired with externally rendered
visuals via ImgFlip or a multimodal LLM, each
of which is governed by its own terms of service.
Downstream users are responsible for ensuring
jurisdiction-appropriate use, particularly in com-
mercial settings, and the framework is fully com-
patible with copyright-cleared or openly licensed
template sets for users with strict IP requirements.
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A Implementation Details

We implement SCIMEMEX in Python us-
ing the AutoGen framework (Wang et al.,
2024a). Experiments were conducted with
the following models: gpt-4o-2024-08-06
(GPT-4o), anthropic.claude-3.5-sonnet
(Claude-3.5), gemini-1.5-pro (Gemini), and
llama-3.1-70b-instruct (Llama). For all mod-
els, we set the temperature to 0 and the random
seed to 1111 to ensure reproducibility. At the
time of experimentation, API usage costs were as

follows: GPT-4o—$2.50 per million input tokens
and $10.00 per million output tokens; Claude-3.5
Sonnet—$3.00 (input) and $15.00 (output) per
million tokens; and Gemini-1.5 Pro—$1.25
(input) and $5.00 (output) per million tokens. For
automated evaluation, we constructed a dataset of
2k papers randomly sampled from the Computer
Science (AI/NLP/ML) categories on arXiv6,
covering the years 2022–2023. Since no training
was required, we used 1.5k papers and partitioned
them into validation (30%) and test (70%) splits.
The remaining papers were reserved for Phase II
and Phase III human evaluations, discussed later in
the paper. We set the exploration parameter k = 5
for all experiments. We set α, β, and γ to 1 for this
experiment; that is, all three evaluation metrics are
given equal importance. However, users can adjust
these values according to their preferences. We
evaluate all baselines using the same task-specific
inputs: MAD/Self-Refine/ChatEval receive the
same prompt and the same abstract + Concisio
contrastive summary, and Memeify/MemeCraft
are given the same Concisio summary, template
list, and rubric constraints (with only minimal
formatting changes to match their single-pass
interfaces). All agents in SCIMEMEX and the
baseline frameworks were instantiated using the
same underlying LLM for a fair comparison.
We mitigate potential self-preference bias in
LLM-as-a-judge evaluation by using a stronger
judge model (GPT-5.1) rather than the GPT-4o
backbone used in generation, and by validating
results across heterogeneous backbone models
and human evaluation. We preprocess research
paper PDFs using GROBID (Developers, 2008)
to extract structured document sections and plain
text. The extracted representation includes the
title, abstract, and main body sections, while
references, figures, tables, and appendices are
excluded since they are not required for the
meme-generation pipeline. We preprocess research
paper PDFs using GROBID (Developers, 2008)
to extract structured document sections and plain
text. The extracted representation includes the title,
abstract, and main body sections, while references,
figures, tables, and appendices are excluded since
they are not required for the meme-generation
pipeline. Prompts for each agent are provided
in the Appendix below. We use two nodes of
NVIDIA A100 GPUs for our experiments.

6https://arxiv.org/
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B Baselines

We compare our multi-agent approach against sev-
eral baselines, including CoT (Kojima et al., 2022),
Self-Reflection (Renze and Guven, 2024), Self-
Refine (Madaan et al., 2023), MAD (Liang et al.,
2024), and ChatEval (Chan et al., 2024) (see Ap-
pendix D for details). We adapt established meme-
generation systems such as Memeify (Vyalla and
Udandarao, 2020) and MemeCraft (Wang and Lee,
2024) by using their template-conditioned caption
generation modules, which operate solely on tex-
tual inputs. Since our task does not involve image
inputs, other multimodal meme-generation meth-
ods (e.g., Dank Learning (Peirson V and Tolunay,
2018), XMeCap (Chen et al., 2024), CLIP-based
models (Radford et al., 2021; Hwang and Shwartz,
2023)) cannot be used as baselines because they
fundamentally rely on image embeddings or vision-
language components that are incompatible with
our text-only setting.

C Evaluation Metrics

Details of the proposed evaluation metrics are pro-
vided below.

• Scientific Fidelity We introduce the Fidelity
Score, which quantifies the extent to which
a meme faithfully preserves the core scien-
tific claim of the underlying research paper.
Following prior work on LLM-as-judge evalu-
ation, the model is instructed to: (i) extract the
central contribution of the paper, (ii) identify
the claim implied by the meme, and (iii) com-
pare the two along three axes: factual correct-
ness, preservation of scope/limitations, and
integrity of meaning. The evaluator returns
both a discrete score (1–5) and a structured
reasoning trace, where 5 denotes exact fidelity
and 1 indicates complete scientific distortion.

• Clarity and Interpretability We measure
how well a meme communicates the in-
tended scientific message to its target audi-
ence (graduate-level NLP/ML researchers).
To this end, we adopt the FRI (First-Read In-
terpretability) Score, a three-point rubric in-
spired by interpretability and comprehension
evaluation protocols. The evaluator first inter-
prets the meme without access to the ground-
truth claim, then compares this interpretation
against the intended message, and finally as-
signs a score: 3 = clear, 2 = partially clear,

1 = unclear. This process explicitly disentan-
gles the meme’s communicative clarity from
its scientific accuracy.

• Engagement Potential Finally, we evaluate
the meme’s likelihood of resonating with and
being shared by the intended scientific com-
munity. The Engagement Potential Score (1–
5) captures predicted resonance along three
factors: humor strength, synergy between
caption and template, and non-offensiveness.
Importantly, factual accuracy and clarity are
treated as orthogonal and excluded from this
metric. A hard rule is enforced whereby
any meme containing disparaging or offensive
content automatically receives a score of 1,
ensuring that potential virality is not rewarded
at the expense of community norms.

D Baseline Details

• CoT (Kojima et al., 2022): This approach
concatenates a trigger sentence “Let’s think
step by step” to the task. Our CoT baseline is
implemented as a strong rubric-guided single-
agent prompt rather than a naïve one-shot in-
struction. The prompt was selected through
iterative prompt engineering on a held-out val-
idation set and explicitly guides the model to
reason about prior limitations, summarize the
paper’s core contribution, select an appropri-
ate meme template, and generate a caption
conditioned on the evaluation rubric.

• Self-Reflection (Renze and Guven, 2024): In-
corporates a post-hoc reflection step where
the LLM reviews its own mistakes (using the
correct answer as feedback), generates reflec-
tions (e.g., advice, explanations, or alternative
solutions), and then re-answers the question.

• Self-Refine (Madaan et al., 2023): Self-
Refine is an approach that iteratively improves
LLM outputs by generating an initial response,
then using the same LLM to provide feedback
and refine its output through repeated self-
evaluation.

• Multi-Agent Debate (MAD): (Liang et al.,
2024) Engages multiple agents in a “tit-for-
tat” debate, with a judge managing the process
to reach a final solution. This framework en-
courages divergent thinking in LLMs, which
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is beneficial for tasks requiring deep contem-
plation.

• ChatEval: (Chan et al., 2024) In the best-
performing One-By-One approach, debater
agents take turns responding in a fixed order,
with each response appended to the chat his-
tory so that subsequent agents explicitly con-
dition on all prior contributions.

D.1 Phase II: LLM-as-Judge Validation
(Prompts, Calibration, and Reliability)

Having formalized the rubrics, we implemented
them as structured prompts and evaluated their re-
producibility under an LLM-as-judge paradigm
(Cai et al., 2025) using GPT-4.1 (Achiam et al.,
2023) on a new sample of 300 memes. Six inde-
pendent domain experts (senior PhD students and
early-career researchers, not involved in Phase I)
annotated each meme on all three dimensions, with
three raters per item. The curated set of memes
from Phase I served as the training corpus for all
annotators. Annotators underwent two rounds of
structured training. In the first round, they inde-
pendently annotated 30 memes drawn from the
calibration set, followed by a group discussion re-
viewing common errors and divergent interpreta-
tions. Feedback from this session was used to clar-
ify borderline cases, particularly concerning the
separation between Fidelity and Clarity. In the sec-
ond round, annotators re-annotated a fresh set of
30 memes balanced across difficulty levels. We
employed an iterative feedback process to continu-
ously monitor annotation quality and resolve am-
biguities. When inconsistencies or conflicts arose,
an expert reviewed disputed cases and provided
clarifications in subsequent rounds. Periodic cross-
checks ensured stable interpretation of the scoring
criteria. The prompts used for the LLM-as-judge
evaluation are discussed in I.

Inter-annotator agreement was measured using
standard reliability metrics (Artstein and Poesio,
2008; Krippendorff, 2018), yielding substantial
human–human consistency (τ = 0.69, κ = 0.66,
r = 0.72, α = 0.68). GPT-4.1, prompted with
the same rubric under controlled settings, was
then applied to the identical dataset. Its ratings
showed high concordance with human judgments
(τ = 0.71, κ = 0.68, r = 0.74). These values
fall within or above commonly accepted thresh-
olds for strong inter-annotator reliability in com-
putational linguistics (Artstein and Poesio, 2008;

Krippendorff, 2018). Importantly, the LLM-as-
judge framework achieved higher internal consis-
tency than additional human raters with limited
domain expertise, reinforcing its validity as a scal-
able proxy.

E Phase II Evaluation Details

Dataset Construction. The Phase II dataset com-
prised 300 memes, drawn to balance (i) paper top-
ics (NLP, vision-language, multimodal), (ii) meme
templates (commonly used formats vs. niche for-
mats), and (iii) generation modes (human-authored
vs. LLM-generated). The set was distinct from the
80-paper sample used in Phase I to avoid circularity
between rubric design and validation.

Annotators. We recruited twelve domain experts
(senior PhD students and early-career researchers
in NLP/ML) who had not participated in Phase I.
Each meme was annotated by three independent
raters across the three dimensions (Fidelity, Clarity
& Interpretability, Engagement Potential), yielding
900 judgments per dimension. To calibrate interpre-
tations, raters completed a 20-meme practice round
with group discussion. Annotation was performed
independently thereafter.

Inter-Annotator Agreement (IAA). We report
four complementary measures: - Weighted Co-
hen’s κ (quadratic weights) for ordinal consistency.
- Kendall’s τ for rank-order similarity. - Pear-
son’s r between leave-one-rater-out scores and
item means, capturing correlation on continuous
scale use. - Krippendorff’s α (ordinal distance
metric) as a robustness check (Artstein and Poesio,
2008; Krippendorff, 2018).

For κ and τ , we compute pairwise values across
all rater pairs per item and then macro-average
across items. For r, each item’s mean rating was
compared to the left-out rater in rotation and av-
eraged. For α, we aggregated across all raters per
item using ordinal distance |i − j|. Confidence
intervals (95%) were computed via nonparametric
bootstrap with 1,000 item-level resamples.

Results. Human reliability was substantial across
dimensions, with averages of Kendall’s τ = 0.69,
weighted κ = 0.66, Pearson’s r = 0.72, and Krip-
pendorff’s α = 0.68. These fall within or above
established thresholds for strong reliability in com-
putational linguistics. Importantly, we report raw
agreement prior to adjudication, consistent with
best practices (Artstein and Poesio, 2008).
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LLM-as-Judge Setup. GPT-4o was instantiated
with temperature T = 0 and fixed system role in-
structions to minimize variance. The model was
prompted with the finalized rubric for each dimen-
sion, producing structured outputs with both justifi-
cation and numeric ratings. To align with human
scales, outputs were discretized to the nearest Lik-
ert category (1–5 for Fidelity/Engagement, 1–3 for
Clarity). Agreement between GPT-4o and human
means was then computed using the same metrics
as above.

LLM vs. Human Concordance. GPT-4o
achieved high agreement with expert judgments:
Kendall’s τ = 0.71, κ = 0.68, and r = 0.74,
indicating strong alignment and exceeding the
reliability achieved by a secondary pool of
non-expert annotators. This supports the validity
of the LLM-as-judge paradigm as a scalable proxy
when expert annotation is costly.

E.1 Annotators’ Pay

All annotators were compensated at rates consis-
tent with fair academic practice for expert anno-
tation. Annotators received $30 USD per hour,
benchmarked against prevailing rates for graduate-
level research assistance in NLP/ML. Pilot timings
indicated that annotating 20 memes required ap-
proximately one hour, yielding an effective per-
meme rate of $1.50. Compensation was prorated
for partial batches to ensure fairness, and annota-
tors were paid regardless of whether their anno-
tations were ultimately retained. Annotators in
Phases II and III were recruited independently of
the author team, participated voluntarily, and pro-
vided informed consent. They were free to with-
draw at any time without penalty. No annotator
was paid below local minimum wage, and compen-
sation was standardized across geographic regions
to avoid disparities. Total expenditure for the study
was approximately $4,500 USD. This study was
reviewed under our institution’s human subjects
research policies and deemed exempt from formal
IRB approval, as it involved minimal risk and pro-
fessional adult participants.

F Annotation Guidelines (Shared with
Annotators).

Please follow the steps below carefully when eval-
uating each meme. You will assign three scores—
Scientific Fidelity, Clarity, and Engagement—
according to the provided rubrics. Read only the

materials shared here; do not access the full paper.
For each item, the materials shared with annota-
tors consisted of the generated meme, the evalua-
tion rubric, the paper title, the abstract, contribu-
tion statements from the introduction, and a short
related-work context excerpt. Thus, the “short ex-
cerpt” referenced below was not the full paper, but
a controlled reference constructed from the paper
abstract, introduction-level contribution statements,
and related-work context.

1. Initial Reading: Look at the meme indepen-
dently without referring to any additional ma-
terial. Note your immediate understanding of
what scientific idea it conveys.

2. Clarity and Engagement: Based only on the
meme’s text and visuals, rate how clearly it
communicates a scientific concept (Clarity) and
how effectively it captures attention or evokes
interest among a technical audience (Engage-
ment).

3. Reference Review: After completing Step 2,
read the short excerpt provided to you. This
excerpt summarizes the paper’s main claim or
contribution and may come from the abstract
or another section. Do not read the full paper.

4. Fidelity: Compare your initial interpretation
of the meme with the reference excerpt and
rate how accurately the meme preserves the
intended scientific meaning.

5. Final Check: Review all your scores for con-
sistency and neutrality. Avoid personal or stylis-
tic bias, and assign the lowest engagement
score (1) to any meme containing offensive,
disrespectful, or disparaging content.

Your judgments should reflect how effectively
each meme communicates the intended scientific
idea to a graduate-level technical audience, main-
taining both objectivity and respectfulness through-
out.

G Human Evaluation Score Distributions

To examine whether human agreement was driven
by annotators clustering around midpoint Likert
scores, we report the Phase III score distributions
for SCIMEMEX. As shown in Table 5, ratings are
not concentrated around the midpoint. For Fidelity
and Engagement, the modal rating is 5, while only
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8% and 16% of ratings receive a score of 3, respec-
tively. Clarity, which uses a 1–3 scale, also shows
variation across its available categories.

Dimension 1 2 3 4 5

Fidelity (1–5) 1% 2% 8% 10% 79%
Engagement (1–5) 1% 5% 16% 28% 50%
Clarity (1–3) 11% 62% 27% – –

Table 5: Phase III human evaluation score distributions
for SCIMEMEX. The distributions show that ratings are
not concentrated around midpoint scores.

H Agent Prompts

We provide representative system prompts for
the Concisio Agent, Meme Text Generator, and
Template Selector Agent. All agents run in
human_input_mode=NEVER and interact solely
through textual exchanges.

Concisio

You are a comparative research analyst.
Your task is to deeply analyze a research
paper to extract the main conceptual and
technical differences between past work and
this paper’s contributions.
Step 1: First write the below information
below :- - Prior Work (Old Ideas): Sum-
marize how this problem was tackled pre-
viously, including model names, strategies,
or limitations. - Proposed Approach (New
Idea): What method, model, or strategy is
introduced by this paper? - Core Differ-
ences: Explain what changes in methodol-
ogy, architecture, or objective, why it mat-
ters, and whether tradeoffs or assumptions
are introduced. Be precise, technical, and
avoid generic summaries.
Step 2: Using the information, produce a
single paragraph (under 100 words) that cap-
tures the essential difference.
Your output should: - State what was done
before - Explain what this paper does dif-
ferently - Highlight why this difference is
important
Avoid vagueness or filler. Do not invent
facts. Return only the summary paragraph.

Generator

You are a creative meme generator specializ-
ing in academic research. Generate diverse,
creative memes that contrast prior work vs.
new contributions.
Return only the meme template and text in
a structured format.

Template_Selector

You are a meme template selector. Given a
paper’s key ideas and a list of meme tem-
plates, choose the top-k templates that best
highlight the contrast between prior work
and contributions.

I LLM Prompts for Evaluation

This appendix lists the exact prompts used for
our LLM-based evaluation pipeline. We show the
system and user messages for each evaluator.

Fidelity Score Evaluator (System
Prompt)

You are an expert scientific reviewer. Your
only task is to evaluate scientific fidelity of
a meme generated from a research paper.
Definition: Scientific fidelity = the degree
to which the meme faithfully preserves the
research paper’s core claim or contribu-
tion without distortion.
It does not measure humor, creativity, clar-
ity, or engagement — only whether the sci-
entific meaning remains accurate.
Evaluation Steps: 1. Extract Core Claim.
2. Extract Meme Claim. 3. Compare for
factual correctness, scope preservation, and
integrity of meaning.
Scoring Rubric (1–5): - 5 (Exact Fidelity):
Meme precisely captures the paper’s core
contribution. - 4 (High Fidelity): Captures
main claim correctly but omits nuance. -
3 (Partial Fidelity): Conveys general topic
but not specific contribution. - 2 (Low Fi-
delity): Distorted or misleading framing. -
1 (No Fidelity): Scientifically inaccurate or
unrelated.
Output Format (JSON): {
"score": [1–5], "reasoning": "...",
"correct_claim_summary": "...",
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Algorithm 1: Agentic Exploration–Exploitation Framework for Scientific Meme Generation
Input: Research paper p, meme template setM, number of iterations T , top-k templates
Output: Final best meme Bp with evaluation scores

// Step 1: Paper Summarization (Contrastive Insight Extraction)
Obtain a structured contrastive summary Sp using the Concisio agent, covering prior work, the
paper’s new contributions, and their key differences.

// Step 2: Initial Exploration Phase
Select top-k meme templates Tp ⊆M using the Template_Selector agent on Sp.
Generate k initial captioned memes {m1, . . . ,mk} with the Generator agent.
Evaluate each meme via the Critique agent to obtain a score s(m).
Identify the best meme m+ and worst meme m− based on s(m).

// Step 3: Iterative Contrastive Exploitation
for t = 1 to T do

Select new candidate templates T t
p using the Template_Selector agent.

Generate contrastive memes conditioned on (m+,m−) using the Contrastive_Generator.
Evaluate each new meme via the Critique agent to obtain score s(m).
if max s(m) > s(m+) then

Update m+ ← m where m has the highest score.

// Step 4: Final Output
Return Bp = m+ along with final evaluation scores (f, c, e).

"meme_claim_summary": "...",
"scope_check": "...", "factual_status":
"...", "key_misrepresentations": ["..."] }

Clarity & Interpretability Evaluator
(User Prompt)

Context You are an AI assistant tasked with
evaluating the clarity and interpretability of
a meme designed to communicate a novel
scientific idea. The target audience is gradu-
ate students and early-career researchers in
CS/NLP.
The Meme to Evaluate - Meme Template:
{meme_template_description} - Meme Cap-
tion: {meme_caption}
The Ground Truth (Core Scientific Mes-
sage) This is the idea the meme is supposed
to communicate. Do NOT use this informa-
tion for your initial interpretation. - Core
Message: {research_idea}
Task 1. Initial interpretation based only on
meme template and caption. 2. Compare
with the ground truth. 3. Assign FRI Score
(1–3). 4. Provide a brief justification.

Scoring Rubric - 3 (Clear): Meme effec-
tively conveyed the core scientific message.
- 2 (Partially Clear): Meme conveyed part
of the message but left out key details or nu-
ance. - 1 (Unclear): Meme failed to convey
the intended message.
Output Format (JSON) { "fri_score": 1–3,
"justification": "..." }

Engagement Potential Evaluator (System
Prompt)

You are an expert scientific reviewer. You
will assign ONE overall Engagement Poten-
tial score (1–5) to a scientific meme.
Definition (what to judge): - Predicted res-
onance and shareability within the scientific
audience. - Humor strength, template syn-
ergy, and offensiveness.
Orthogonality (what NOT to judge): - Do
NOT judge fidelity/factuality of the meme.
- Do NOT judge clarity or pedagogical qual-
ity.
Hard Rule: If meme is offen-
sive/disparaging → score = 1.
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Scoring Guide: - 5: Exceptional resonance;
highly shareable. - 4: Strong resonance;
relatable. - 3: Moderate; niche appeal. - 2:
Low resonance; weak joke. - 1: Doesn’t
land OR offensive.
Output Format (JSON): { "score": <1–5>,
"reasoning": "≤ 20 words" }

J Error Analysis

When Brevity Hurts Fidelity. Because memes
allow only a few words, papers with multiple con-
tributions often get reduced to just one aspect. This
leads to low fidelity: the meme captures part of the
work but ignores other core ideas. Example. A pa-
per proposing both a new multilingual dataset and
a novel evaluation metric was compressed into a
meme (Drake template) contrasting “Old baselines”
vs. “Our new dataset”. The evaluation contribution
was entirely omitted, reducing the fidelity of the
meme to only half of the actual paper.

Challenges in Abstracting Highly Technical
Content. For mathematically heavy or techni-
cal papers, the model often struggles to find the
right abstraction. It either retains jargon verbatim
or collapses it into vague placeholders. Both ex-
tremes reduce clarity and humor. Example. A paper
on trust-region Fisher merging for LLaMA models
was turned into a Two Buttons meme with captions
“complicated math stuff” vs. “more training data”.
The key novelty—trust-region optimization—was
lost, making the meme inaccurate and uninforma-
tive.

Lack of General Readability. Even when fi-
delity is preserved, memes often assume substantial
domain knowledge. This makes them unclear to
readers outside the specific subfield. For example, a
meme referencing “BLEU vs. COMET—pick your
fighter” accurately captured evaluation debates in
MT research but would confuse audiences unfamil-
iar with these metrics, reducing accessibility and
communicative reach.

K Template Library Construction,
Diversity, and Robustness

K.1 Template Collection and Filtering
We constructed the template library from a fixed
snapshot of publicly available meme-template
repositories and websites, including ImgFlip and
other public meme-template catalogs. The original

Table 6: Template collection and sequential filtering.
Each rejected template is assigned to its first applicable
exclusion criterion, making the exclusion categories
mutually exclusive.

Filtering stage Removed Remaining

Raw candidate snapshot – 1,126
Exact and near-duplicate removal 395 731
Single-caption or reaction-only 198 533
No clear contrastive visual
structure

112 421

Visually cluttered or
caption-unreadable

76 345

Highly context-specific 52 293
Unsafe, disparaging, or
inappropriate

43 250

Final retained library – 250

candidate pool contained 1,126 templates. This
number refers to the fixed snapshot used in our
study rather than the complete contents of any dy-
namically changing catalog.

Deduplication. We first grouped entries that rep-
resented the same underlying template. Exact
duplicates contained the same template image,
whereas near duplicates preserved the same charac-
ters, panel organization, and communicative struc-
ture but differed in resolution, cropping, color ad-
justment, or pre-existing overlaid text. Candidate
duplicate groups were manually reviewed, and the
clearest version with sufficient resolution and us-
able text regions was retained from each group.
This reduced the pool from 1,126 to 731 unique
templates.

Suitability filtering. We then applied the task-
specific suitability criteria summarized in Table 6.
The criteria favor multiple editable text regions,
readable caption placement, a clear contrastive vi-
sual structure, and an appropriate tone for scien-
tific communication. The filtering stages were ap-
plied sequentially, and each excluded template was
assigned to its first applicable exclusion category.
The procedure retained 250 templates, correspond-
ing to 34.2% of the deduplicated pool and 22.2%
of the original candidate snapshot.

K.2 Retained-Library Characteristics
We characterize the retained library by collection
source, number of editable text regions, panel struc-
ture, primary communicative function, and first-
known release year. An editable text region is a
visually distinct area in which a caption can be
placed without obscuring the central content of the
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template. For layout, we distinguish a single image
containing multiple labeled regions, a two-panel
layout, and a layout containing three or more pan-
els.

Each template was assigned one primary
communicative-function label. “Prior vs. proposed”
denotes a direct comparison between previous
work and the proposed approach; “old method
vs. new method” denotes replacement or progres-
sion; “expectation vs. reality” contrasts an antic-
ipated and an observed outcome; “trade-off or
dilemma” presents competing alternatives; “failure-
to-success” depicts a transition from an unsuccess-
ful to a successful outcome; and “hierarchy or evo-
lution” represents an ordered progression. When
more than one label was plausible, we used the
function most consistent with the template’s con-
ventional visual interpretation. The 250 retained
templates were manually annotated, and ambigu-
ous cases were reviewed before a final label was
assigned.

First-known release year denotes the earliest doc-
umented public circulation of the meme format
rather than the release year of its underlying film,
program, or source image. The year was assigned
from available public metadata. Because many tem-
plates lack a single authoritative origin date, uncer-
tain or inconsistent cases are reported as unknown
or ambiguous rather than assigned an estimated
year.

K.3 Examples of Filtering Decisions
Representative filtering decisions cover the five
exclusion categories in Table 6. Reaction-only im-
ages with a single caption region were excluded be-
cause they could not directly express the intended
contrastive framing. Images with multiple text re-
gions were excluded when the visual relationship
among those regions did not support a coherent
contrast. Dense multi-panel images were excluded
when scientific captions became unreadable at the
target rendering size. We also excluded templates
whose interpretation depended on narrow political
or pop-cultural context, as well as templates whose
default framing was disparaging or inappropriate
for professional scientific communication.

K.4 Curation Cost and Generalizability
Constructing and documenting the current library
required approximately 15.4 person-hours, dis-
tributed as shown in Table 9. Person-hours are
additive across contributors and include manual re-

view and adjudication. This represents a one-time
preprocessing cost for the reusable library used in
our experiments, although constructing culturally
or domain-specific libraries may incur additional
costs.

The particular 250 templates, their sources, and
their genre distribution are not part of the scien-
tific meme generation task definition. They are
implementation choices for the first SCIMEMEX
benchmark. The filtering criteria operate primar-
ily on transferable template affordances—editable
regions, readable caption placement, contrastive
visual structure, and appropriate tone—rather than
on particular named formats. The library could
therefore be replaced by a domain-specific, cul-
turally localized, copyright-cleared, automatically
mined, or newly generated library. Nevertheless,
these criteria were designed for contrastive scien-
tific memes and do not establish cost-free transfer
to every meme genre or cultural context.

K.5 Robustness to Irrelevant Candidate
Templates

To examine whether the Template Selector Agent
depends on a perfectly curated candidate pool, we
augmented the retained 250-template library with
250 deliberately irrelevant but safe templates. This
produced a mixed candidate pool of 500 templates
with 50% noise. The irrelevant set included single-
caption reaction images, non-contrastive templates,
visually cluttered templates, and context-specific
templates unsuitable for scientific communication.
The Template Selector was not informed which
templates were irrelevant.

We evaluated both candidate pools on the same
100-paper subset using identical generation and
evaluation settings and k = 5. Irrelevant top-1
selection is the percentage of papers for which the
Template Selector’s highest-ranked template came
from the deliberately irrelevant set. Usable top-k is
the percentage of papers for which at least one of
the five selected templates was judged suitable for
the paper’s contrastive framing. The final generated
memes were evaluated using the same scientific-
fidelity, clarity, and engagement rubrics used in the
main experiments.

As shown in Table 10, even when half of the
candidate pool consists of irrelevant templates,
the Template Selector identifies at least one us-
able template among its top-k choices for 91% of
papers. The total score decreases from 10.94 to
10.62. These findings indicate that SCIMEMEX
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Table 7: Descriptive statistics of the retained 250-template library. Counts within each attribute sum to 250.
Collection source denotes the catalog from which a template was retrieved, not necessarily its original creator or
copyright holder.

Attribute Distribution

Collection source ImgFlip: 214; other public catalogs: 36
Editable text regions 2 regions: 154; 3 regions: 46; 4 or more regions: 50
Panel or layout structure Single image with multiple labels: 112; two-panel: 86; layouts with three or more panels: 52
Primary communicative
function

Prior vs. proposed: 89; old method vs. new method: 55; expectation vs. reality: 38; trade-off or
dilemma: 31; failure-to-success: 24; hierarchy or evolution: 13

Table 8: Distribution of the first-known release year of
the retained templates. Dates refer to the meme format’s
earliest documented public circulation and should be
treated as approximate.

First-known release year Count Percentage

Before 2010 20 8.0%
2010–2012 55 22.0%
2013–2015 61 24.4%
2016–2018 47 18.8%
2019–2021 28 11.2%
2022–2024 12 4.8%
Unknown or ambiguous 27 10.8%

Total 250 100.0%

Table 9: Approximate human effort associated with con-
structing and documenting the reusable template library.
Person-hours denote summed labor across contributors.

Activity Person-hours

Collection and source snapshotting 2.3
Deduplication and near-duplicate review 2.6
Suitability filtering 5.9
Metadata annotation and year lookup 4.6

Total 15.4

does not require a perfectly curated candidate pool,
while the remaining irrelevant selections and per-
formance degradation show that lightweight prepro-
cessing continues to improve reliability. This con-
trolled experiment does not establish preprocessing-
free generalization to arbitrary web-scale, cultur-
ally diverse, or potentially unsafe template collec-
tions.

K.6 Output-Side Template Diversity

We provide additional details on the output-side
template diversity analysis. Automatic meme gen-
eration models are prone to template collapse, in
which a small subset of popular formats dominates
generated outputs, reducing expressive variety. We
analyze the empirical distribution of templates se-
lected by each system on the Phase III evaluation
set using Unique Template Count (UTC), Shannon

entropy, and Top-1 template frequency.
As shown in Table 3, SCIMEMEX exhibits sub-

stantially higher output-side template diversity than
single-agent prompting and prior multi-agent base-
lines, with higher entropy and lower template dom-
inance. Removing the Template Selector Agent
(w/o TSA) reduces diversity, indicating that the
gains stem from the structured, contrast-aware
template-selection step. Notably, this increased
diversity does not degrade scientific quality and
remains compatible with improvements in fidelity,
clarity, and engagement. This analysis concerns
the distribution of templates appearing in generated
outputs and is distinct from the input-library char-
acterization and noise-robustness analyses above.

L Renderer-Stratified Analysis

SCIMEMEX produces a template–caption pair be-
fore a separate rendering step. Our automatic eval-
uator operates on this pre-rendering representation
and therefore does not measure differences between
the rendering mechanisms. We instead perform
a descriptive analysis using the Phase III human
ratings, for which annotators evaluated the final
rendered memes, including their text and visual
presentation.

We stratify the 100 SCIMEMEX outputs accord-
ing to whether the final meme was rendered using
ImgFlip or the GPT-4o fallback renderer. ImgFlip
was used for 86 outputs, whereas GPT-4o was
used for the remaining 14 outputs whose templates
were unavailable in ImgFlip or required a custom
multi-panel composition. Table 11 reports the cor-
responding human-evaluation scores.

ImgFlip obtains slightly higher Fidelity and Clar-
ity scores, potentially reflecting its deterministic
placement of generated captions on established
templates. The GPT-4o fallback obtains slightly
higher Engagement, suggesting that its flexible ren-
dering may benefit visually complex or custom
compositions. However, these results should not
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Table 10: Robustness to irrelevant candidate templates on the same 100-paper evaluation subset with k = 5. Total is
the sum of Fidelity, Clarity, and Engagement.

Candidate pool Irrelevant top-1 ↓ Usable top-k ↑ Fidelity Clarity Engagement Total

Curated 250-template pool 0.0% 98.0% 4.66 2.16 4.12 10.94
Curated 250 + 250 irrelevant templates 11.0% 91.0% 4.55 2.09 3.98 10.62

Renderer n Fidelity Clarity Engagement Norm. Total
ImgFlip 86 4.70 2.17 4.20 2.31
GPT-4o fallback 14 4.56 2.10 4.27 2.26
Overall 100 4.68 2.16 4.21 2.30

Table 11: Phase III human-evaluation scores stratified by the renderer used for the final SCIMEMEX output.
The normalized total rescales Fidelity, Clarity, and Engagement to [0, 1] before summation. The comparison is
descriptive because renderer assignment depends on template availability and layout requirements rather than
randomized assignment.

Figure 3: Example of a SCIMEMEX-generated meme
for the TSLM paper (Kim et al., 2026).

be interpreted as a controlled comparison between
the renderers. GPT-4o was used primarily when
a template was unavailable in ImgFlip or required
a custom multi-panel composition; consequently,
its subset contains systematically more challenging
rendering cases. The smaller size of this subset
also makes its estimates less stable.

M Examples of SciMemeX-Generated
Memes

Figure 3 illustrates the paradigm shift introduced
by Tree-Structured Language Modeling (TSLM)
(Kim et al., 2026) relative to prior baselines. The
upper panels represent traditional approaches: stan-
dard sequential decoding, which commits to a sin-
gle path, and external scaffolding methods such as
Tree-of-Thought (ToT) (Yao et al., 2023), which
require computationally expensive redundant sam-
pling. The lower panels illustrate the conceptual
shift introduced by TSLM. By training the model to
emit structural tokens such as [SEP] and [FAIL],
TSLM internalizes the search procedure. The fi-
nal “galaxy brain” tier summarizes the reported

Figure 4: Example of a SCIMEMEX-generated meme
illustrating the problem of AI-generated peer reviews
(Kumar et al., 2024b). The meme was rendered using
the GPT-4o fallback renderer.

result of achieving 100% accuracy on the Game of
24 through a single coherent forward pass, high-
lighting its efficiency relative to external search
procedures.

Figure 4 highlights the motivation for detecting
AI-generated peer reviews. The upper panel rep-
resents a scenario in which a reviewer, under tight
conference deadlines, relies on a large language
model such as ChatGPT to generate a review. The
lower panel illustrates the role of the proposed de-
tection framework, which flags such AI-generated
content. This example emphasizes the potential
role of automated tools in helping editors safeguard
the integrity of scientific peer review.

Figure 5 illustrates the central insight of DRIFT-
MEDIAN relative to prior model-merging ap-
proaches. The left and right panels represent two
dominant paradigms: interference-aware methods
such as TIES, which resolve sign conflicts but ig-
nore parameter importance, and sensitivity-aware
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Figure 5: Example of a SCIMEMEX-generated meme
for the DRIFT-MEDIAN paper (Gain et al., 2026). The
meme was rendered using ImgFlip.

approaches such as Fisher merging, which account
for parameter importance but overlook parameter
interference. The central handshake panel rep-
resents the conceptual unification introduced by
DRIFT-MEDIAN.

N Case Study

Initial Meme (Scientific Fidelity: 3; Clarity: 2;
Engagement: 1): As shown in Figure 6a, the
meme uses the Batman slapping Robin template to
humorously highlight the contrast between current
and earlier research approaches. The central idea is
that modern research employs more advanced tech-
niques (e.g., Volume Sparse Deep Belief Networks
optimized with Neural Architecture Search), while
earlier methods (such as LSTMs and traditional
DBNs) are portrayed as outdated or complacent.
However, since the meme template depicts phys-
ical aggression, it can be interpreted as offensive
toward prior work. Moreover, the meme oversim-
plifies the nuances of the challenges faced by ear-
lier methods and does not fully convey the specific
improvements in operational efficiency and adapt-
ability introduced by the newer approach.

Meme After the Third Iteration (Scientific
Fidelity: 4; Clarity: 3; Engagement: 4):
As illustrated in Figure 6b, the refined meme
effectively captures the paper’s main contribu-
tion—introducing the VS-DBN architecture—and
clearly communicates its improvements in both ac-
curacy and efficiency. It also resolves the issue of
offensiveness by adopting a more suitable meme
template that conveys the intended message respect-
fully.

(a) Initial meme using an of-
fensive template.

(b) Refined meme using a non-
offensive template.

Figure 6: Comparison of the initial and refined memes:
(a) the original meme that conveys the research contrast
but uses an offensive template; (b) the improved meme
that preserves the message while maintaining respect-
fulness.

N.1 Single-Agent CoT Prompt

We use the following rubric-guided prompt for the
single-agent baseline.

Single-Agent CoT Meme Generator (Sys-
tem Prompt)

You are an expert scientific communicator
and creative meme writer. Your goal is to
generate a scientific meme that is faithful to
the paper, easy to interpret, and engaging.
Input. You are given: (i) a paper abstract,
(ii) the full paper text when available, (iii) a
list of candidate meme templates, and (iv)
an evaluation rubric.
Evaluation Criteria.

• Scientific Fidelity: The meme must
accurately reflect the paper’s contribu-
tion without introducing unsupported
claims.

• Clarity & Interpretability (FRI):
The meme should be easy to under-
stand for a broad research audience.

• Engagement Potential: The meme
should be memorable, humorous, and
well-matched to the selected template.

Instructions.

1. Read the abstract and full paper (if
available). Identify: (a) the main limi-
tation(s) of prior work, and (b) the core
contribution of the current paper.
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2. Write a contrastive summary (at most
100 words) describing: (a) what prior
work did, (b) what this paper does dif-
ferently, and (c) why the difference
matters.

3. Select the meme template that best cap-
tures this contrast.

4. Generate a meme caption for the se-
lected template that is: (a) scientif-
ically faithful, (b) clear and inter-
pretable, and (c) engaging.

5. When there is a trade-off, prioritize:
Scientific Fidelity > Clarity & Inter-
pretability > Engagement Potential.

Output Format.

• Prior-work limitations:
<text>

• Core contribution:
<text>

• Contrastive summary (≤100
words):
<text>

• Selected meme template:
<template name>

• Template selection rationale:
<text>

• Meme caption:
<text>

Constraints. Do not introduce claims not
supported by the paper. Do not use humor
that distorts the scientific meaning. If only
the abstract is available, rely solely on the
abstract.

N.2 Computational Cost Analysis

We analyze the computational cost of all methods.
We randomly sample 50 papers from the evaluation
set and measure the average cost per sample. For
each method, we log: (i) the number of API calls,
(ii) the total number of tokens consumed (including
both prompt and completion tokens), and (iii) the
wall-clock execution time in seconds.

Table 12 reports the average results. As expected,

Method API Calls Total Tokens Time (s)

Self-Reflect 3 2,314 5.49
Self-Refine 9 10,873 24.31
ChatEval (N=2) 12 15,642 32.78
SciMemeX 14 19,284 54.12
MAD (N=2) 16 21,357 60.44

Table 12: Computational cost comparison per sample.
We report the average number of API calls, total tokens
(prompt + completion), and wall-clock time (seconds)
across 50 randomly selected samples.

multi-agent and iterative methods incur higher com-
putational cost than simpler baselines. SciMemeX
requires more API calls and tokens than single-
agent approaches such as Self-Reflect, but remains
comparable to or more efficient than other multi-
agent frameworks such as MAD.

We note that the increased computational cost
of SciMemeX stems from its structured decom-
position and iterative refinement process, which
contribute to improved performance in both au-
tomatic and human evaluations. This highlights
a trade-off between computational efficiency and
generation quality. Importantly, despite the higher
cost, SciMemeX achieves consistent gains across
heterogeneous backbone models and human evalu-
ation, suggesting that the additional computation is
justified by improved output quality.
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