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Abstract
Slogans are concise and memorable catch-
phrases that play crucial roles in advertising
by conveying brand identity and shaping pub-
lic perception. However, advertising fatigue
reduces the effectiveness of repeated slogans,
creating a growing demand for novel, creative,
and insightful slogan generation. While recent
work leverages large language models (LLMs)
for this task, existing approaches often gener-
ate stylistically repetitive outputs that fall short
in distinctiveness and insight. We argue that
effective slogans should balance novelty with
familiarity and propose a new paradigm that
recontextualizes persona-related famous quotes
for slogan generation. Well-known quotes nat-
urally align with slogan-length text, employ
rich rhetorical devices, and offer depth and in-
sight, making them a powerful resource for
creative generation. Technically, we introduce
a framework that decomposes slogan genera-
tion into interpretable subtasks with a single-
pass prompt, including quote matching, struc-
tural decomposition, vocabulary replacement,
and remix generation. Extensive automatic and
human evaluations demonstrate marginal im-
provements in diversity, emotional impact, and
first-glance human preference over three state-
of-the-art LLM baselines.

1 Introduction

A slogan—a concise and memorable catchphrase
used in advertising—plays a crucial role in com-
municating the core message or values of a brand,
organization, or campaign. It helps capture atten-
tion, evoke emotional connections, and distinguish
one message from others. A strong slogan rein-
forces identity, enhances recognition, and makes
ideas easier to recall, which is especially impor-
tant for effectively shaping public perception and
sustaining broad audience engagement.

Due to advertising fatigue (Abrams and Vee,
2007), the effectiveness of a strong slogan dimin-
ishes over time as users are repeatedly exposed to it.

Consequently, there is a growing demand for novel,
creative, and insightful slogans to meet users’ in-
creasingly high expectations. To address this need,
designers have begun to leverage generative AI for
slogan creation. For example, Alnajjar and Toivo-
nen (2021) generates metaphorical slogan candi-
dates based on a target concept and its properties.
Ahmad et al. (2024) propose a generative adver-
sarial framework to improve the coherence and
diversity of generated slogans. Similarly, Jin et al.
(2023) employs a sequence-to-sequence model for
slogan generation with the goal of reducing factual
inaccuracies. Hakala (2025) investigates whether
ChatGPT could provide the basis for a constructive
slogan invention process for a city.

While prior studies demonstrate the potential of
AI-assisted slogan generation, two key limitations
remain. First, the generated slogans often fail to
clearly reflect the brand persona, resulting in out-
puts that lack distinctiveness and feel interchange-
able across prompts. For example, ChatGPT-
generated slogans for Coca-Cola—such as “Ignite
your energy with Coca-Cola’s spark,” “Boost your
vibe with every drink,” and “Refresh your spirit
with a spark”—exhibit similar phrasing patterns
and stylistic redundancy. Second, many generated
slogans appear overtly machine-produced, lacking
creativity, originality, and insightful impact.

To address these challenges in brand slogan gen-
eration, we revisit the essence of a slogan as a
concise and memorable catchphrase and explicitly
connect it to its core goals—creativity, original-
ity, and insightfulness. While a completely novel
phrase can be difficult to remember, slogans be-
come more effective when they are meaningfully
associated with familiar expressions or well-known
quotes. Moreover, many famous quotes share a
similar length with slogans and naturally employ
rich rhetorical devices—such as metaphor, contrast,
rhetorical questions, and special patterns—while
also offering depth and insight.
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Motivated by these observations, we recontextu-
alize persona-related famous quotes for slogan gen-
eration. For example, by remixing Percy Bysshe
Shelley’s “If winter comes, can spring be far be-
hind?” with Coca-Cola, we obtain the slogan “Work
is coming; Coke cannot be far behind.” This slo-
gan evokes a widely recognized literary reference,
creates a contrast between work and refreshment,
frames Coca-Cola as a reward, and ultimately en-
hances the sense of well-being associated with the
brand. As another example, combining Lu Xun’s
well-known quote, “There are two trees in front
of my house: one is a jujube tree, and the other
is also a jujube tree,” with the Nike brand yields
the slogan “Buy two pairs of shoes: one is Nike,
and the other is also Nike.” This slogan draws on a
shared cultural reference familiar to many readers,
while effectively conveying strong brand loyalty
and reinforcing Nike’s dominant position. Here we
summarize our key contributions as follows:

• Conceptually, we propose a novel paradigm
for slogan generation that remixes famous
quotes with a brand. Unlike conventional AI
approaches, which rely on large corpora of
existing slogans for training, our method ex-
pands the scope to incorporate well-known
quotes, thereby injecting additional creativity
and insightfulness into the generated slogans.

• Technically, we propose a systematic frame-
work for recontextualizing persona-related fa-
mous quotes for slogan generation. Rather
than relying on large language models (LLMs)
to perform the entire remix process end to
end, we deliberately decompose slogan gen-
eration into a sequence of well-defined sub-
tasks—quote matching, structural decomposi-
tion, vocabulary replacement, and remix gen-
eration. Each subtask corresponds to a con-
crete and interpretable step in the remixing
pipeline, enabling fine-grained control over
creativity, structure, and semantic alignment.

• We conduct extensive experiments and human
evaluation to demonstrate the effectiveness of
our proposed recontextualizing framework by
remixing famous quotes over three state-of-
the-art LLMs in terms of diversity, emotional
impact, and first-glance human preference.

2 Related Work

Slogan generation (Murakami et al., 2023), also
known as advertising text generation, can be

broadly categorized into template-based and data-
driven approaches. Template-based methods (Alna-
jjar and Toivonen, 2021; Bartz et al., 2008; Fujita
et al., 2010; Thomaidou et al., 2013) rely on pre-
defined linguistic templates to construct slogans.
While these approaches ensure grammatical cor-
rectness and readability, they often suffer from
limited diversity and creativity, resulting in slo-
gans that are repetitive and less appealing to users.
In contrast, data-driven methods have become the
dominant paradigm in recent years. These ap-
proaches leverage machine learning models to learn
slogan patterns directly from existing datasets. As
a text generation task, slogan generation has been
explored using various neural architectures, includ-
ing LSTM (Hughes et al., 2019), RNN (Ahmad
et al., 2024), and Transformer-based models (Liang
et al., 2023; Jin et al., 2023; Kim et al., 2023). Al-
though these methods are capable of producing
fluent and syntactically coherent slogans, many
generated outputs still lack originality, persuasive
power, or brand distinctiveness, and occasionally
degenerate into generic or low-impact expressions.
As a result, they often fail to meet the high stan-
dards required for effective advertising content.

To improve the practicality of generated slo-
gans in real-world systems, several studies have
explored slogan generation from different perspec-
tives, often in combination with reinforcement
learning techniques. Liao et al. (2025) employs
mixed reward functions to encourage creativity in
generated text, while Wang et al. (2025) focuses
on enhancing diversity. Other works incorporate
user engagement signals: Chen et al. (2025) and
Wei et al. (2022) optimize slogan generation with
respect to click-through rate, and Kanungo et al.
(2021) and Wang et al. (2021) aim to improve the
attractiveness of generated advertisements. In addi-
tion, Golobokov et al. (2022) presents a large-scale
system deployed in production for automatically
generating sponsored advertisements at web scale.

Recently, there has been a growing surge in em-
ploying large language models (LLMs) for slo-
gan generation (Liu et al., 2025; Mita et al., 2024;
Meguellati et al., 2024; Hakala, 2025; Jiang et al.,
2025). While LLMs demonstrate impressive ca-
pabilities across many language-generation tasks,
the quality of LLM-generated slogans still falls
short of practical requirements. A key reason lies
in the fundamentally data-driven nature of these
approaches: generated slogans are largely learned
from existing slogan corpora. As a result, the out-
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Figure 1: Framework of recontextualizing famous
quotes for brand slogan generation.

puts often resemble prior slogans and suffer from
diminished novelty and appeal due to advertising
fatigue, and lack engagement.

To address this limitation, we step outside the
conventional paradigm of generating slogans solely
from existing samples and instead aim to jointly
enhance creativity, originality, and insightfulness
under a unified framework. Specifically, we lever-
age famous quotes as a rich source of rhetorical
structure and semantic depth, and remix them with
brand products to generate slogans. This approach
not only avoids expensive model training but also
preserves the inherent insightfulness of well-known
quotes, while the remixing process introduces ad-
ditional creativity, surprise, and attractiveness.

3 Method

In this section, we present our framework for re-
contextualizing famous quotes to generate brand
slogans. Given a brand or product and a target per-
sona (e.g., proud, trustworthy, playful), our goal is
to produce novel, memorable, and persona-aligned
slogans. Specifically, we decompose the slogan
remixing process into multiple subtasks with a
single-pass structured prompting, ensuring that
each step is controllable, traceable, and produces
high-quality outputs. Figure 1 illustrates the over-
all pipeline of our framework. The first subtask
is continuous post-training on a short-text corpus,
designed to focus the LLM on concise text gener-
ation. The subsequent subtasks—quote matching,
structure breakdown, vocabulary replacement, and
remix generation—implement the concrete steps
of the remix process. In the following, we provide
a detailed explanation of each subtask.

Post Training with Short Text Corpus. Given an

LLM, we first perform post-training on a carefully
curated short-text corpus. Since slogans are inher-
ently concise—typically under 20 words—our goal
is to “reawaken” the LLM’s capacity for generat-
ing high-quality, memorable short text. To this end,
we collect a diverse and culturally rich corpus that
includes famous quotes, slang expressions, song
lyrics, memes, and other popular short texts. This
post-training not only sharpens the model’s ability
to produce coherent and engaging short phrases.
Quote Matching. This subtask focuses on iden-
tifying persona-aligned quotes that can serve as
candidates for remixing. To ensure both quality
and diversity, we prompt the LLM to return mul-
tiple candidate quotes—typically three—for each
persona. By providing detailed persona specifi-
cations, the LLM can retrieve quotes that closely
match the intended tone, style, and emotional res-
onance, ensuring that the selected candidates are
well-suited for the subsequent remixing process.
Structure Breakdown. Based on the selected
quotes from the previous subtask, we further iden-
tify which components must be preserved to main-
tain the original syntax and rhetorical structure,
and which components can be modified during
remixing. In other words, we use the LLM to de-
compose each quote into fixed segments and ed-
itable segments. The fixed segments retain the
original sentence structure and rhetorical pattern,
which are crucial to preserving recognizability and
widely shared broader cultural resonance, while
the editable segments offer flexibility to incorpo-
rate brand- or product-specific content.

We continue to use the examples from the in-
troduction for illustration. Percy Bysshe Shelley’s
quote follows the structure “A comes, and B cannot
be far behind,” while Lu Xun’s quote adopts the
parallel structure “One is A, and the other is also
A.” Preserving these structural patterns is essential:
if the underlying syntax is altered, the association
with the original quote weakens, and the remix may
fail to evoke the intended familiarity and insightful-
ness. This structured decomposition ensures that
creativity is carefully and thoughtfully introduced
without sacrificing recognizability, striking a bal-
ance between originality and memorability.
Vocabulary Replacement. With the editable seg-
ments identified, we then generate candidate re-
placements while strictly preserving the original
cadence and grammatical structure. In this sub-
task, we perform vocabulary replacement with min-
imal substitutions, ensuring that the remix remains
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closely aligned with the source quote. Specifically,
we impose a hard constraint on the total number
of changes from the original quote—for instance,
inserting a brand or product name is counted as a
modification. Additionally, we require the LLM
to select replacement words or phrases with sim-
ilar length and identical grammatical roles (e.g.,
noun-to-noun, verb-to-verb), which helps maintain
rhythm, fluency, and stylistic consistency. This
controlled replacement strategy carefully balances
creativity with fidelity, enabling the generation
of slogans that feel both novel and unmistakably
grounded in their original quotes.
Remix Generation. Finally, we prompt the LLM
to generate complete slogans in a remix style by in-
tegrating the preserved sentence structure with the
substituted vocabulary. To further enhance quality
and reliability, we include an additional refinement
step in which the LLM polishes the generated slo-
gans and verifies their logical coherence, semantic
clarity, and content safety. This final validation
stage serves as a safeguard against grammatical
errors, semantic inconsistencies, or unintended or
inappropriate messaging, ensuring that the result-
ing slogans are not only creative but also suitable
for real-world deployment. During this process,
some quotes selected in the initial stage may be
discarded if the remixed outputs ultimately fail to
satisfy these final quality checks.

4 Experiments

In this section, we present our experimental results
by first describing the experimental setup and then
addressing the following research questions:

• What do slogans generated by remixing fa-
mous quotes look like?

• How do our remixed slogans perform com-
pared with those generated by state-of-the-art
LLM-based methods?

• Do our remixed slogans exhibit stronger at-
tractiveness in human evaluations?

4.1 Experimental Setup

We evaluate the effectiveness of our slogan genera-
tion framework under a controlled brand advertis-
ing setting. To ensure diversity across both brand
and persona, we select a balanced set of 40 brands
covering common marketing contexts in which slo-
gan generation is typically applied. These brands
span multiple consumer-facing domains, including

beauty, baby, appliance, clothing, furniture, house-
hold, nutrition, and electronics. For each brand,
we consider five representative personas: Pride,
Anticipation, Fear, Joy, and Trust.
Baseline Methods. We consider three LLMs
for comparison: GPT-4o (Hurst et al., 2024),
DeepSeek-R1-Distill-LLaMA-70B, and DeepSeek-
R1-Distill-Qwen-32B (Guo et al., 2025). For sim-
plicity, we refer to the latter two models as DS-L
and DS-Q, respectively.
Implementation Details. For our remix method,
we first fine-tune QwQ-32B (Qwen Team, 2025)
with parameter-efficient LoRA (Hu et al., 2022)
on a mixture of public text corpora cover-
ing slogans (Chaibapat, n.d.; Edoardomorresi,
n.d.), movie dialogs (Danescu-Niculescu-Mizil
and Lee, 2011) and famous quotes (Joshi, n.d.;
Manann, n.d.). We combine and shuffle these
datasets together and train for 3 epochs using
AdamW (Loshchilov and Hutter, 2017) with a
cosine learning-rate schedule with learning rate
1× 10−4, batch size 8, maximum sequence length
1,024, and bfloat16 precision. Then, the remix
process is conducted on the above fine-tuned QwQ-
32B large language model.

For each brand–persona combination, we gen-
erate a fixed set of N=10 candidate slogans from
ours as well as the above baseline models. All mod-
els are prompted with the same brand and persona
information to ensure a fair comparison.1

Evaluation Metrics. We conduct a comprehensive
evaluation across multiple complementary dimen-
sions, including diversity, linguistic-divergence
proxies, emotional impact, and human preference.

Diversity. First, we assess slogan diversity us-
ing established metrics for open-ended text genera-
tion, including Distinct-2 (Li et al., 2016), Pairwise-
BLEU, and Self-BLEU (Papineni et al., 2002; Zhu
et al., 2018). These metrics are widely adopted in
prior work and jointly capture both local lexical
variation and global distributional diversity across
generated outputs (Zhu et al., 2018; Tevet and Be-
rant, 2021; Zhang et al., 2025).

Distinct-2 measures phrase-level lexical diver-
sity by computing the proportion of unique word
bi-grams among all generated slogans:

Distinct-2 =

⃓⃓⋃︁
s∈S Ngram2(s)

⃓⃓
∑︁

s∈S |Ngram2(s)|
,

1All the prompts of our method for slogan generation and
evaluation can be found in the Appendix.
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Brand Persona Our Remixed Slogan Original Quote

Dawn Joy A splash of Dawn helps the grime go down! A spoonful of sugar helps the medicine go down.
Whirlpool Joy Whirlpool: Home is where the joy is. Home is where the heart is.
GE Fear The only thing we have to fear is missing GE. The only thing we have to fear is fear itself.
Clorox Fear Don’t wait until germs strike! Don’t wait until it’s too late.
DKNY Anticipation DKNY never sleeps. New York never sleeps.
Orgain Anticipation Something Organic is coming! Something wonderful is coming.
Apple Pride Stay bold, stay innovative. Stay hungry, stay foolish.
Philips Pride Trust is the foundation of every Philips solution. Trust is the foundation of every great relationship.
Aveeno Trust Trust is the glue of Aveeno. Trust is the glue of life.
Columbia Trust The safest Columbia gear leads to the highest destinations. The safest path leads to the highest peaks.

Table 1: Illustrative examples of our generated slogans by remixing quotes. Each remixed slogan adapts a
well-known quote to a specific brand and persona while preserving strong first-glance emotional impact.

Brand Persona Slogan Generated by GPT-4o Slogan Generated by DS-L

Dawn Joy Awaken to Joy with Every Dawn! Dawn: Where Every Morning Shines.
Whirlpool Joy Whirlpool: Where Every Spin Sparks Joy! Whirlpool: Spinning Joy into Every Chore!
GE Fear Don’t Wait—Empower the Future with GE Today! GE Innovates Today for Tomorrow.
Clorox Fear Don’t Risk It—Stay Clean with Clorox! Clorox: Protect What You Can’t See.
DKNY Anticipation Discover Tomorrow with DKNY. DKNY: What’s Next?
Orgain Anticipation Fuel Your Tomorrow with Clean Nutrition. What’s Next Starts Here.
Apple Pride Innovation That Inspires Confidence. Pride in Every Innovation.
Philips Pride Illuminate Your Excellence with Philips. Trusted by Generations for a Safer Tomorrow.
Aveeno Trust Aveeno: Trusted Care for Every Skin Journey. Aveeno: The Care You Can Trust.
Columbia Trust Columbia: Where Reliability Meets Adventure. Columbia: Your Trusted Partner in Every Adventure.

Table 2: Illustrative slogans generated by the state-of-the-art LLMs. All slogans are generated using a standard
brand–persona prompt that specifies the target brand and emotional tone, without additional recontextualizing. Due
to the page limit, we only demonstrate the slogans generated by GPT-4o and DS-L.

where s denotes a piece of generated slogan, and S
presents the set of generated slogans of a method
for the complete brand–persona combination and
Ngram2(s) is the set of bi-grams of s. A higher
Distinct-2 value indicates richer phrase-level varia-
tion across the generated slogans.

Pairwise-BLEU measures pairwise diversity by
quantifying the average N-gram overlap between
pairs of generated slogans. Higher overlap implies
lower diversity; thus, pairwise BLEU serves as an
inverse indicator of pairwise diversity. We compute
the symmetrized sentence-level BLEU score for
each unordered slogan pair and average all pairs:

Pairwise-BLEU =
1(︁
N
2

)︁
∑︂

1≤i<j≤N

BLEU(si, sj),

where BLEU(si, sj) denotes a symmetrized
sentence-level BLEU score between slogans si and
sj . Lower Pairwise BLEU values correspond to
greater pairwise diversity among the slogans.

Self-BLEU captures diversity within a set of gen-
erated slogans by treating each slogan as a hypoth-
esis and all remaining slogans as references, and
then averaging the resulting BLEU scores:

Self-BLEU =
1

N

N∑︂

i=1

BLEU (si, S \ {si}) .

Lower Self-BLEU indicates diverse generations
with reduced overall repetition across outputs.

In summary, given a set of generated slogans,
these three diversity metrics capture complemen-
tary aspects of variation on different granularities.
Distinct-2 measures local phrase-level diversity
by quantifying how frequently word bi-grams are
reused across slogans. Pairwise-BLEU assesses
diversity at the pairwise level by evaluating the av-
erage similarity between slogan pairs. Self-BLEU
captures set-level diversity by measuring how well
each slogan can be explained by the remaining slo-
gans in the set. Together, these metrics provide a
holistic evaluation of slogan diversity.

Linguistic-Divergence Proxies. Second, we eval-
uate the linguistic divergence of generated slogans
using GPT-4o. Highly fluent and faithful gen-
erations often closely align with the models’ in-
ternal knowledge distributions. Following prior
work (Holtzman et al., 2019; Chung et al., 2023),
we assess linguistic divergence indirectly through
measures of Disfluency and Unfaithfulness, where
they are defined as 100 - Fluency and 100 - Faithful-
ness, respectively. Higher values indicate a greater
departure from conventional or memorized expres-
sions. Creativity also requires relevance and use-
fulness (Smith and Yang, 2004; Smith et al., 2007;
Agnoli et al., 2019); these measures are proxies
for linguistic divergence, not direct measures of
creativity or advertising effectiveness.

Pairwise Emotional Impact. Beyond these indi-
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Model
Diversity Divergence Proxies

Distinct-2 ↑ Pairwise BLEU ↓ Self-BLEU ↓ Disfluency ↑ Unfaithfulness ↑
GPT-4o 0.585 ± 0.135 0.098 ± 0.108 0.423 ± 0.200 4.05 ± 19.71 33.45 ± 47.18
DS-L 0.680 ± 0.123 0.060 ± 0.067 0.319 ± 0.184 13.45 ± 34.12 38.50 ± 48.66
DS-Q 0.598 ± 0.138 0.104 ± 0.117 0.420 ± 0.210 8.55 ± 27.96 30.00 ± 45.83
Ours 0.840 ± 0.091 0.013 ± 0.020 0.099 ± 0.112 36.95 ± 48.27 57.55 ± 49.43

Table 3: Diversity and linguistic-divergence metrics for brand slogan generation. Results are reported as mean
± standard deviation across all brand–persona combinations. For diversity metrics, an upward arrow (↑) indicates
that higher values are better, while a downward arrow (↓) indicates that lower values are better. The best results are
highlighted in bold. Higher Disfluency and Unfaithfulness indicate greater divergence, not necessarily better quality
or advertising effectiveness.

vidual metrics, we perform pairwise comparisons
using an LLM-as-a-Judge framework to evaluate
the first-glance emotional impact of the generated
slogans by directly comparing the hook strength
between two slogans (Dolcos et al., 2017; Guitart
and Stremersch, 2021; Harini et al., 2025).

Human Preference. To ground our automatic
evaluations in human perception, we also conduct
a human preference study on the Prolific platform.

4.2 Examples of Slogan Remix
Table 1 presents several examples of remixed slo-
gans alongside their original quotes. The remixed
slogans preserve the sentence structures of the orig-
inal quotes, while also incorporating brand-specific
terms, demonstrating the effectiveness of our four-
step remix pipeline. This approach not only reawak-
ens the familiarity and resonance for audiences who
know the original quotes but also introduces nov-
elty and creativity through the remix.

For example, "A splash of Dawn helps the
grime go down!" and "Don’t wait until germs
strike!"—for Dawn and Clorox, two cleaning sup-
ply brands—effectively convey the Joy and Fear
personas, respectively, while incorporating product-
relevant words like "grime" and "germ." Similarly,
the original quote "New York never sleeps," which
evokes energy and youthfulness, is remixed for
DKNY, a clothing brand, naturally inheriting that
same lively feeling. The slogan "Something Or-
ganic is coming!" is remixed from "Something
wonderful is coming," seamlessly linking the brand
Orgain, a nutrition company, with a sense of won-
der. Another notable example is "Stay bold, stay
innovative," originally inspired by "Stay hungry,
stay foolish," which carried a Fear persona. When
adapting it for a Pride persona, our pipeline au-
tomatically substitutes more positive, aspirational
words to reflect the desired persona while main-
taining the structural and stylistic essence of the
original quote. Remixing with quotes not only pre-

serves insightfulness and memorability but also
adds freshness and engagement.

We also present several slogans generated by
baseline methods in Table 2 for comparison. While
these slogans are generally coherent and make
sense, they are similar to the existing slogans and
tend to lack engagement and genuine insightful-
ness, which makes them less memorable.

4.3 Performance by Quantitative Metrics
Here we report the performance of our method
and baselines in terms of diversity, novelty, and
emotional impact across different settings.

Table 3 reports the diversity and linguistic-
divergence metrics for brand slogan generation.
Owing to the quote-remixing mechanism, our
method achieves substantially higher diversity than
all baseline approaches across multiple granular-
ity levels. Notably, slogans generated by standard
LLM baselines tend to be highly similar to one
another, a trend clearly reflected in the diversity
metrics. Specifically, GPT-4o and DS-Q achieve
Distinct-2 scores of around 0.6, while DS-L re-
mains below 0.7, whereas our remix-based method
attains a Distinct-2 score above 0.8, outperform-
ing all baselines. Similar patterns are observed
for Pairwise-BLEU and Self-BLEU, further con-
firming the superior diversity of our approach. Be-
yond the performance of all brand-persona combi-
nation reported in Table 3, we also provide the di-
versity metrics across 8 domains in Figure 2, which
shares the similar phenomena that the slogans gen-
erated by our remixing method enjoy better diver-
sity across multiple granularity levels and diverse
domains. In terms of linguistic divergence, our
method receives higher Disfluency and Unfaithful-
ness scores than the baselines. This indicates that
the generated slogans are less familiar to the LLM-
based judge and deviate more from memorized or
conventional expressions.

Conventional AI approaches, including large lan-
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Figure 2: Slogan diversity metrics across eight domains. Each column corresponds to a diversity metric. The top
row reports results for the appliance, baby, beauty, and electronics domains, while the bottom row reports results for
the nutrition, household, furniture, and clothing domains.

guage models trained on extensive corpora of ex-
isting slogans, tend to generate outputs that closely
resemble their training samples. While such meth-
ods can produce grammatically correct and seman-
tically meaningful slogans, the resulting content
often lacks originality and novelty, as it mirrors
patterns already prevalent in the training data. This
resemblance may diminish effectiveness over time
due to advertising fatigue, where repeated expo-
sure to similar slogans reduces user engagement
and memorability. In contrast, our method delib-
erately avoids relying on existing slogan datasets.
Instead, we broaden the creative scope by incor-
porating well-known quotes as the foundation for
slogan generation. By recontextualizing these cul-
turally familiar and rhetorically rich expressions,
our approach aims to inject additional creativity,
insightfulness, and emotional resonance. This strat-
egy aims to mitigate advertising fatigue by balanc-
ing novelty with familiarity.

Beyond linguistic diversity and novelty, effective
brand slogans must also demonstrate a strong first-
glance emotional impact, also known as a hook
that captures attention immediately. Such hook
strength is particularly important in real-world ad-
vertising scenarios, where audiences often engage
with brand messages fleetingly and make rapid,
intuition-driven judgments rather than careful se-
mantic parsing. Prior work in advertising and
cognitive psychology has shown that emotionally
evocative content is more likely to capture attention,
enhance memorability, and influence downstream
engagement and decision-making (Dolcos et al.,
2017; Guitart and Stremersch, 2021; Harini et al.,
2025). Following these literatures, we explicitly

evaluate hook strength, defined as the immediate
emotional hook of a slogan at first glance. We
design a pairwise LLM-as-a-Judge protocol with
GPT-4o that instructs the judge to react as a human
viewer, prioritizing surprise, humor, attitude, and
controlled boldness. Given a brand, a target per-
sona, and two slogans, the judge selects the slogan
that delivers a stronger immediate emotional punch,
or declares a tie if both feel equally impactful.

Let W , L, and T denote the numbers of wins,
losses, and ties of one method over another one,
then the hook score can be calculated as (W +
T/2)/(L+ T/2). Figure 3 visualizes the pairwise
hook score ratio of our recontextualizing frame-
work against three strong baseline models under the
hook-based pairwise evaluation protocol. Each axis
corresponds to a product domain, and the dashed
line represents the self-comparison baseline, where
all values are equal to 1. Our framework consis-
tently outperforms or remains competitive with all
baselines, including GPT-4o, the judge, across most
product categories, with particularly pronounced
gains in beauty, nutrition, and electronic domains.
These results suggest, under this judging proto-
col, that our recontextualizing slogan-generation
pipeline through remix and controlled deviation en-
courages brand slogans that are more emotionally
salient and attention-grabbing.

In addition, we provide the ablation study for
the post-training step, where we expect it to boost
the capacity of short-text generation, rather than
the final slogan generation. To validate its effec-
tiveness, we evaluate the base model and the post-
trained model on a held-out short-text validation
set used during post-training. For our experiment,
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Figure 3: Comparison of first-glance hook strength of our method against baselines. Radar plots visualize the
relative hook strength of slogans generated by our method compared with three strong baseline models: GPT-4o,
DS-L, and DS-Q. Each axis corresponds to one product domain, and values represent the normalized win ratio of
our framework over the baseline, aggregated across all brand–persona combinations within that domain.

a single epoch of LoRA fine-tuning reduces the
validation perplexity from 22.0 to 16.7 (a relative
improvement of 24%), indicating that post-training
effectively adapts the model to concise and slogan-
like text. A targeted prompting ablation, retaining
quote retrieval while comparing stepwise remixing
with a two-step rewrite, is reported in Appendix B.

4.4 Human Evaluation

To evaluate our method with real users, we conduct
a human study under two evaluation settings. In the
first setting, participants select the most attractive
slogan at first glance from four candidates gener-
ated by GPT-4o, DS-L, DS-Q, and our method. In
the second setting, participants are revisited three
hours later and asked to identify the brands they
remember. Persona-fit does not improve; study
details and results are reported in Appendix C.

For the first setting, we involve 100 unique par-
ticipants and 40 brand–persona scenarios. Each
participant evaluates 20 tasks. Based on the results,
we perform a participant-level significance analy-
sis using a one-sided exact binomial test. The null
hypothesis (H0) assumes p ≤ 0.25, meaning the
probability that a method is the strictly preferred
choice is no better than random chance, while the
alternative hypothesis (H1) assumes p > 0.25.
Our method achieves 46 out of 100 preference
votes (with fractional allocation in the case of
ties); the strict-preference test yields a p-value of
6.42× 10−5. Thus, we reject H0 at α = 0.05, in-
dicating that our method is significantly preferred
by the sampled participants at first glance. In com-
parison, GPT-4o, DS-Q, and DS-L achieve only 24,
16.5, and 13.5 votes, respectively, far below our
method. At the task level, our slogan is selected as
the best in 612 out of 2,000 evaluations. This cor-
responds to a selection rate of 30.6% (612 / 2,000;
100 participants × 20 tasks), substantially outper-

forming GPT-4o, DS-L, and DS-Q, which achieve
23.60%, 22.05%, and 23.75%, respectively.

For the second setting, we conduct a two-stage
follow-up study. In Part 1, participants view 12
brand–persona scenarios with corresponding slo-
gans (one per model) and visible brand names. Af-
ter approximately three hours, participants return
for Part 2, where they are shown 24 brands (in-
cluding 12 new ones) and asked to select those
they remember from Part 1. We recruit 50 re-
turning participants, of whom 32 are matched and
included in the analysis. The recall hit rates are
93.75% (ours), 89.58% (DS-Q), 83.33% (DS-L),
and 82.29% (GPT-4o). Exploratory one-sided
Fisher’s exact tests suggest our method outper-
forms GPT-4o (p = 0.012) and DS-L (p = 0.020),
while the observed difference with DS-Q is not
statistically significant (p = 0.22).

These results suggest our method produces slo-
gans that are not only more attractive to users at
first glance but also potentially more memorable.

5 Conclusion

In this work, we propose a novel paradigm
for brand slogan generation by recontextualizing
persona-related famous quotes. Unlike conven-
tional data-driven approaches that learn from ex-
isting slogans and often produce repetitive or less
engaging content, our framework expands the cre-
ative space to a broader quote domain, aiming to
mitigate advertisement fatigue. Extensive exper-
iments using both automatic metrics and human
evaluations show that our method produces slogans
with greater diversity and first-glance emotional
impact than strong LLM-based baselines. The re-
sulting slogans preserve the rhetorical structure of
well-known quotes with brand-specific wording,
showing potential for memorable and engaging slo-
gans in brand communication.
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Limitations

Our work has several limitations that also point to
promising future directions. First, the benefit of
quote-based remixing may vary across audiences
and cultural contexts, since different groups may
have different familiarity with the underlying refer-
ences. Second, while our structured remix pipeline
improves controllability, it may occasionally con-
strain expressivity when a brand–persona pair does
not naturally fit a given quote template, suggest-
ing value in expanding the template pool or allow-
ing adaptive rewriting when needed. Finally, we
also note that human evaluation results can be in-
fluenced by participant demographics, individual
preferences, and platform sampling effects, which
may introduce bias in preferences. Quote-based
remixing complements unconstrained generation
and is less suitable when fully original expression
is required. We report demographics but do not
conduct controlled subgroup or familiarity analy-
ses. Beyond these methodological limitations, our
framework is developed as a research prototype
rather than a deployment-ready advertising system.
In practical workflows, generated slogans should
be reviewed by human experts to ensure appropri-
ate tone, brand positioning, and alignment with
local norms.

Ethical Considerations

Generated advertising text can be used for manipu-
lative persuasion, can reproduce cultural stereo-
types, and may be inappropriate for vulnerable
audiences. Remixing quotes, lyrics, memes, and
branded language also raises attribution, copyright,
trademark, and reputational concerns that are not
resolved by automatic generation. We therefore
recommend documented human review, source ver-
ification, and legal and brand-safety checks before
deployment. The human studies used Prolific IDs
only to match approved submissions with demo-
graphic metadata and follow-up participation; di-
rect personal identifiers were not collected.
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A Prompts

This section provides the generation and evaluation
prompts used in our experiments.

Prompts for our framework for slogan remix
Table 4 shows the generation prompt used by the
remix framework.

Role Definition: You are an award-winning slogan
copywriter. Your task is to remix a classic quote, slang,
lyric, meme, or popular expression into a brand slogan.
Follow ALL steps and output in English.

Input Context:
Brand: {Brand}
Emotion (tone only): {Persona}
Emotion goal: {persona_guidelines[Persona]}

Procedure (Steps):
• Step 1 (Quote Matching). Propose three classic sen-

tences (quote/slang/lyric/meme), each 5–10 English
words, each with author; do not state the emotion name;
briefly explain why each fits the emotion and brand;
mark the best with star and repeat it on a new line with
an explanation for selection.

• Step 2 (Structure Breakdown). Copy the star quote
and use | to separate editable vs fixed parts; indicate
which words can be replaced by brand keywords and
why.

• Step 3 (Vocabulary Replacement). Propose 1–2 re-
placement word/phrase sets with short reasons; change
at most two words in total (adding the brand name counts
toward this limit).

• Step 4 (Remix Generation). Using the best re-
placement, output ONE final slogan that keeps orig-
inal syntax/meter, includes the brand name/keyword,
and ends with punctuation; after the slogan, output
END_OF_REMIX on a new line.

Output Format (verbatim):
Step 1 Quote Matching: ...
Step 2 Structure Breakdown: ...
Step 3 Vocabulary Replacement: ...
Step 4 Remix Slogan: "..."
END_OF_REMIX

Important Constraints:
Do not use first-person words (I, we, me, my, our). Use
neutral or second-/third-person perspective so the brand is
mentioned, not the narrator.

Table 4: Prompt card for the slogan remix generator used in
our framework. Steps, output template, and constraints mirror
our implementation.

Prompts for slogan evaluation
Tables 5 and 6 show the prompts for faithful-
ness and pairwise hook evaluation. The fluency
prompt follows the same structure as the faithful-
ness prompt and is omitted for brevity.

B Prompt-Decomposition Ablation

We conduct a targeted ablation that retains
quote retrieval but replaces the explicit structure-
breakdown and vocabulary-replacement stages

Role Definition: You are a careful evaluator. Follow the
instructions exactly and do not add extra text. Your output
must contain exactly two lines.

Evaluation Guidelines:
• Judge whether the question text implies the ad text.
• Answer 1 if it implies; answer 0 if it does not.
• Focus on semantic consistency; do not add assumptions

not present in the question text.

Input Context:
Question text:
Brand: {Brand}
Persona: {Persona}
Ad text:
{Slogan}

Task:
Decide whether the question text implies the ad text.

Output Format:
Please answer in exactly two lines:
Answer: 0 / 1
Reason: One short sentence.

Table 5: An example prompt card for faithfulness evaluation
using an LLM-as-a-Judge framework. The prompt checks
whether the (brand, persona) question context implies the
given slogan.

with a single rewrite instruction. To avoid com-
paring against an intentionally weak prompt, an
LLM-assisted rewrite is used to produce a polished
two-step baseline: retrieve candidate quotes, then
rewrite the selected quote for the target brand and
persona.

The original stepwise prompt and the two-step
rewrite are evaluated by 100 unique Prolific partici-
pants over 2,000 pairwise judgments. At the task
level, the original prompt is preferred by 52.05%
versus 47.95% for “Hits you first” and by 51.55%
versus 48.45% for “Persona-fit best.” Directional
binomial tests for whether the original prompt is
better give p = 0.0350 and p = 0.0863, respec-
tively; the corresponding two-sided tests give p =
0.0701 and p = 0.1726. Reverse-direction tests for
whether the rewrite is better give p = 0.968 and
p = 0.921.

At the participant level, the original prompt wins,
loses, or ties for 46, 39, and 15 participants on “Hits
you first,” and for 45, 37, and 18 participants on
“Persona-fit best.” These participant-level compar-
isons are not statistically significant. The effect
is therefore modest and is reported as supportive,
rather than conclusive, evidence that explicit de-
composition can improve first-glance impact rela-
tive to a reasonable coarser-grained prompt.

C Human Evaluation Details
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Role Definition: You are a human reacting instantly to
brand slogans. You do not analyze professionally and do
not consider brand safety, approval processes, or
marketing rules. Your judgment is based solely on
immediate emotional impact and gut reaction at first
glance.

Evaluation Guidelines:
• Evaluate solely based on first-glance emotional punch.
• Prefer slogans that are surprising, humorous, or edgy.
• Discourage generic, conservative, or overly polished

slogans.
• Controlled boldness and mild risk-taking are accepted.

Input Context:
Brand: {Brand}
Target Persona: {Persona}
Slogan A:
{Slogan A}
Slogan B:
{Slogan B}

Task:
Decide which slogan triggers a stronger immediate
emotional reaction. If both slogans feel equally strong or
equally weak, answer C.

Output Format:
Please answer in exactly two lines:
Answer: A / B / C
Reason: One short phrase describing your gut reaction.

Table 6: An example prompt card for pairwise hook-based
evaluation using an LLM-as-a-Judge framework. The prompt
is explicitly designed to simulate a human’s first-glance emo-
tional reactions to brand slogans.

Preference study. We recruit 100 participants
through the standard Prolific sample without a
country-of-residence restriction. Each participant
evaluates 20 brand–persona tasks, including “Hits
you first,” “Persona-fit best,” and familiarity checks.
The demographic export contains 98 approved sub-
missions with metadata. Participants are 19–66
years old (mean 31.5; median 29); reported sex is
48 male, 47 female, and 3 unavailable. Reported
ethnicity is 39 Black, 31 White, 9 Asian, 8 Mixed,
7 Other, 3 prefer not to say, and 1 unavailable. Par-
ticipants reside in 22 countries, with the largest
groups from South Africa (32), Egypt (22), and
the United States (9). The most frequent reported
languages are English (51), Arabic (22), Spanish
(6), and Portuguese (5).

Delayed-recall study. The study uses a two-
stage design: participants view brand–slogan items
and are invited back approximately three hours
later for a recall task. We recruit 50 returning par-
ticipants, and 32 matched valid participants are
included in the delayed-recall analysis. The 50
approved recall-stage participants are 19–61 years
old (mean 32.1; median 31); reported sex is 29
female and 21 male, and reported ethnicity is 23

White, 19 Black, 7 Mixed, and 1 Asian. They re-
side in 15 countries, with the largest groups from
South Africa (21), the United Kingdom (8), and
the United States (4); English is the most frequent
reported language (31).

Compensation and data handling. The pref-
erence study pays a base amount of $1.00 for an
estimated five minutes, and the recall follow-up
pays $1.00 for an estimated two minutes. Actual
completion times are monitored and additional pay-
ments are issued when needed to meet the intended
hourly-rate standard. No names, email addresses,
or other direct personal identifiers are collected.
Prolific IDs are used only to match approved sub-
missions with demographic metadata and follow-
up participation.

Participant-level counting. For each partici-
pant and each criterion, strict preference requires
a model to receive more selections across the 20
tasks than every other model. Ties count as non-
successes in the binomial tests, and all 100 par-
ticipants remain in the denominator. For first-
glance preference, 43 participants strictly prefer
our method, and six additional participants rank it
jointly first with one other model, giving a tie-split
count of 46 (43 + 6/2). The first-glance binomial
test uses the 43 strict wins.

Persona-fit result. At the task level, our method
is selected in 469 of 2,000 persona-fit judgments
(23.45%), below the 25% chance baseline and not
the best-performing method on this criterion. At
the participant level, the descriptive tie-split prefer-
ence count is 24.33, comprising 21 unique wins, six
two-way ties, and one three-way tie. The one-sided
exact binomial test uses 21 strict wins out of 100
participants, with ties counted as non-successes,
and gives p = 0.851 against p = 0.25. We there-
fore do not claim improved persona alignment.

Participants explicitly consented to participate
via the first questionnaire item, and the study pro-
tocol received institutional ethics approval.

D Diagnostic Error Analysis

We inspect low-scoring remixes to identify quote-
and template-level failure modes. Table 7 shows
representative cases. Low alignment can arise
when the source reference is not recognized, the
retained template is too generic or rigid, the remix
omits a concrete brand benefit, or minimal substitu-
tions produce awkward syntax. These observations
motivate familiarity-aware quote selection, more
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adaptive template relaxation, and an explicit brand-
benefit check.

E Exploratory Quote-Based Coverage

To estimate the practical scope of quote remixing,
we conduct an exploratory LLM-assisted analy-
sis of all 1,162 entries in the public Chaibapat
Slogan Dataset (Chaibapat, n.d.), without dedu-
plication. Each slogan is independently classified
by gpt-4.1-mini using a zero-shot prompt with
three labels: quote-based, quote-like, or neither.
The classifier assigns 1 slogan to quote-based and
60 to quote-like, for a combined 61/1,162 (5.25%).
This result is an exploratory, model-dependent, and
deliberately conservative estimate rather than a val-
idated prevalence measure. It suggests that quote
remixing covers a real but bounded subset of slo-
gans and should complement, not replace, uncon-
strained generation.
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Brand Persona Generated slogan Hits first Persona-fit Diagnostic failure mode

SanDisk Fear “Memories seldom fade twice.” 16.9% 10.2% The reference is difficult to recog-
nize and the slogan does not state
a product benefit.

Dawn Pride “Dawn above the rest.” 23.7% 11.9% The retained template is generic
and gives weak evidence for the
intended persona.

Zena Anticipation “What holds awaits beyond the
horizon, Zena unlocks.”

18.6% 20.3% Minimal replacement yields awk-
ward syntax and an unclear brand
connection.

Table 7: Representative low-scoring remixes and diagnostic failure modes.

57665


