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Fig. 1: Overview of our zero-shot personalization framework. User personas
are constructed by ranking subreddits using attention scores (α) from a graph atten-
tion network trained on the user–subreddit bipartite graph. For each user (e.g., u1),
the attention weights (α11, α21, α31) identify subreddits (e.g., r/Nature, r/Photography,
r/Brazil) most characteristic of their interests. The comments and posts are sampled by
importance and summarized to generate natural language persona verbalizations.
These verbalized personas capture demographic attributes (location, age, profes-
sion), interests (art, anime, history), and affective traits (joyful, nostalgic, calm),
highlighted in color in the persona boxes. These personas serve as roleplay prompts
for zero-shot personalization in diffusion models, rewriting each base prompt to
integrate user preferences. Generated images reflect these personalized attributes: the
photographer from São Paulo produces vibrant street scenes, while the student from
Kyoto generates calm, anime-inspired visuals aligned with their persona.

Abstract. Text-to-image diffusion models are increasingly deployed in
creative contexts, yet remain impersonal, optimized for aggregate aes-
thetics rather than individual taste. Human preferences are inherently
pluralistic: one user who favors muted, nostalgic portraits may prefer vi-
brant compositions for street photography, while another gravitates to-
ward dreamy, overexposed film aesthetics. Existing personalization meth-
ods require dense interaction histories or per-user fine-tuning, failing in
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cold-start settings and collapsing each user’s context-dependent prefer-
ences into a single static representation. We introduce zero-shot image
personalization from personas (ZIPP), a paradigm that conditions im-
age generation on natural-language personas (concise descriptors of a
user’s identity, interests, and aesthetic sensibilities) without any user-
specific data or weight updates. ZIPP uses an LLM in a roleplay set-
ting to rewrite input prompts from the perspective of a given persona,
steering diffusion models toward personalized outputs. To mine per-
sonas at scale, we develop an inductive Graph Attention Network over a
23M-user Reddit interaction graph with dual contrastive objectives that
align graph structure with users’ visual behavior, and verbalize learned
representations into coherent natural-language personas via an MLLM.
We further introduce ZIP-Bench the first zero-shot image personal-
ization benchmark, pairing 1.5K users with graph-mined personas and
40K generated images. Across four benchmarks and 14 LLMs spanning
five model families, persona conditioning yields consistent improvements
in both zero-shot and few-shot settings, with frontier models achieving
the strongest gains (13–20%). In the few-shot setting, ZIPP matches
or exceeds fine-tuned baselines requiring per-user adapters trained on
100+ examples. Unlike baselines that collapse preferences into a fixed
style, ZIPP preserves intra-user preference diversity, achieving the low-
est distributional divergence from users’ true preference distributions
(CMMD 0.16 vs. 0.55 for fine-tuned alternatives). IPF-normalized eval-
uation against global population demographics further reveals that ex-
isting methods exhibit substantial bias toward narrow subpopulations,
which persona conditioning significantly mitigates. A human evaluation
confirms these findings: ZIPP achieves a 79% win rate over generic
generation and outperforms all fine-tuned baselines (58–65% win rate)
without any user-specific training. We release ZIP-Bench at: https:
//huggingface.co/datasets/behavior-in-the-wild/zip-bench

1 Introduction

“We must design for the way people behave, not for how we would wish them
to behave." – Don Norman
Personalization has emerged as a foundational challenge in generative model-

ing. State-of-the-art text-to-image diffusion models such as DALL·E [20], NanoBanana
[3], Firefly [9], and Qwen-Image [29] produce images of remarkable fidelity and
semantic alignment, yet their outputs remain impersonal: optimized for aggre-
gate aesthetic preferences that reflect an implicit “average user.” In practice, the
same prompt elicits vastly different expectations from different people: a photog-
rapher may desire film grain and natural light, while a digital artist may prefer
vibrant palettes and geometric compositions. Even a single user expresses differ-
ent visual preferences depending on context: muted tones for documentary and
saturated color for social media. As generative systems increasingly mediate cre-
ativity and communication, aligning their outputs with both the variation across
users and the variation within a single user’s contexts constitutes a central open
problem.

https://huggingface.co/datasets/behavior-in-the-wild/zip-bench
https://huggingface.co/datasets/behavior-in-the-wild/zip-bench
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In principle a generative model trained across the global population and
all possible contexts could solve this. In practice, this is infeasible, collecting
dense, user preference histories is expensive and inherently non-scalable, with
the largest publicly available datasets accounting for <0.001% of the global pop-
ulation. Moreover preferences evolve over time, making static preference profiles
brittle. Further, existing preference annotation and collection pipelines dispro-
portionately sample from a narrow slice of the global population, leaving a ma-
jority of potential users unrepresented. As a result, both the models and the
benchmarks that evaluate them encode a narrow band of aggregate aesthetic
norms that need to be continuously maintained.

Current methods attempt to solve this challenge by modeling user preferences
through shallow user feedback including pair wise preferences [22, 28], prompt
histories [2, 12], or detailed comments [22]. These methods fail to personalize
without interaction data (the cold-start problem) or transfer across users. More-
over, user preferences shift across contexts (see Fig. 3), as a result these methods
collapse each user into a single, static representation, discarding the pluralistic
and context-dependent nature of human preference (see §4.2). Consequently,
personalization systems must not only learn from individual user data, but also
generalize effectively to users with little or no explicit feedback.

To solve this challenge, we propose personalizing image generation through
natural language persona-conditioned prompt rewriting. Personas capture rich
demographic, social, cultural, and behavioral contexts which influence their vi-
sual preferences. With this we enable a new paradigm called ZIPP (Zero-shot
Image Personalization from Personas) solving the cold start problem. By zero-
shot, we mean that personalization requires no user-specific training examples,
preference feedback, or interaction history; the method uses only a natural-
language persona description as user-side input, with no per-user model up-
dates at any stage. This is distinct from few-shot personalization (which uses a
small set of preference pairs or historical prompts) and from fine-tuning-based
methods (which require per-user adapter training). Concretely, ZIPP conditions
image generation by rewriting input prompts, through an LLM roleplaying the
given persona. For example, a persona describing a Florence-based historian in
Fig. 1 emphasizes classical art, historical atmosphere, and narrative depth; when
applied to a generic prompt such as “a cozy wooden table with an open book"
the LLM appends ‘weathered materials, muted tones, and historical’ to it. This
rewritten prompt then conditions a downstream diffusion model, steering gen-
eration toward images aligned with the persona’s preferences.

This paradigm offers several advantages. First, it generalizes to users for
whom no prior feedback is available, addressing the cold-start problem. Second,
persona-conditioned prompts are explicit and editable, providing transparency,
auditability and user control. Third, the approach transfers across image gener-
ation models without retraining. Finally, LLMs can simulate diverse behaviors
and preferences through personas [5] and offer a higher coverage of the global
population. Concretely, our contributions are fourfold:
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– Paradigm: We introduce zero-shot image personalization, a paradigm that
enables image personalization without explicit image preference data. ZIPPY,
an LLM-based framework, rewrites input prompts conditioned on user per-
sona. ZIPPY achieves strong and consistent additive gains, improving results
in both zero- and few-shot settings compared to state-of-the art methods (see
Table 1).

– Method: We develop a novel Graph Attention-based inductive framework
to mine personas from large-scale social graphs that are predictive of their
visual preferences illustrated in Figure 2.

– Data: We also introduce ZIP-Bench, the first benchmark for zero-shot
image personalization, comprising 1.5K users, their detailed and predictive
natural-language personas, and 40K generated images (see Section 3), con-
structed using our graph neural network. We benchmark and analyze mul-
tiple open and frontier models and show consistent improvement of 3–20%.

– Pluralism and Demographic Alignment: We identify existing inter- and
intra-user personalization challenges in current benchmarks and methods.
Existing benchmarks are largely biased towards subpopulations and methods
fail to personalize across diverse contexts. We propose methods to evaluate
and mitigate these challenges in Section 4.2

2 Background & Related Work

A persona typically refers to a textual representation of an individual’s consistent
traits, preferences, or style. Our work treats personas as zero-shot conditioning
vectors for personalization. We review two areas: (1) personalization methods for
text-to-image models, (2) user behavior modeling and persona creation frame-
works. We position our work at the intersection of their work.

Image Personalization Methods. Personalized image generation adapts text-to-
image models to reflect individual visual preferences, spanning aesthetic styles,
compositional patterns, subject matter affinities, and semantic interpretations
that vary across users. Existing approaches fall into two categories: subject-driven
personalization, which reproduces specific concepts or styles [6, 18, 21, 26], and
user-based personalization, which models broader user taste from behavioral or
interaction data. User-based approaches [2, 12, 22, 28, 31] typically learn pref-
erences from explicit feedback (liked/disliked images), historical prompts, or
prompt–image pairs. However, these methods face key limitations: (1) they re-
quire dense per-user histories (10–100+ samples) or degrade with sparse or ab-
stract inputs, (2) depend on non-scalable, and costly fine-tuning or retrieval
pipelines, (3) fail to generalize across contexts for a user, and (4) fail to person-
alize to unseen users. For example, ViPer [22] requires 8–20 detailed annotated
images and produces context-insensitive prompts (e.g., applying “vibrant colors"
universally), while Tailored Vision [2] deteriorates when conditioned on more
than three previous prompts.

Our approach provides a zero-shot, language-only alternative where natural-
language personas derived without explicit annotations act as interpretable con-
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Fig. 2: Overview of methodology.

ditioning signals for personalized image generation, eliminating the need for
per-user histories, feedback, or fine-tuning.

Persona Creation and Behavioral Modeling. Modeling user preferences through
personas has long been central to personalization and HCI research. Recent work
scales this process using large language models (LLMs). Persona Hub [7] and
PersonaCraft [11] generate diverse persona corpora from web and survey data,
while others [24] employ human–LLM workflows for fine-grained clustering. Role-
play prompting further shows that LLMs can internalize persona traits across
dialogue [16,27], recommendation [32], search [34], and reasoning [14] tasks.

In multimodal modeling, Behavior-LLaVA [25] shows that user comments on
visual content capture perceptual and emotional salience. While studied in the
visual domain, this insight generalizes more broadly, as user commentary often
encodes stable personal attributes such as demographics, topical interests, com-
munication style, and aesthetic preferences. However, existing persona datasets
remain either synthetic (Persona Hub) or survey-based (PersonaCraft), and be-
havioral traces are typically used to evaluate learned personas rather than to
construct them. Our approach bridges these fields by unifying persona mining
and image personalization within a single inductive framework. We extract per-
sonas from large-scale social graphs by modeling users’ network, activity, and
behavior (posts and comments) and use these personas as conditioning signals
for personalized image generation. Unlike prior methods that rely on dense pref-
erence histories or per-user fine-tuning, we demonstrate that natural-language
personas alone can effectively guide image generation across entirely new users,
contexts, and diffusion model families.

3 Methodology

Figure 2 gives an overview of our pipeline: we encode user–subreddit interac-
tions with an attention-based graph encoder, verbalize the learned attention
weights into a natural-language persona, and use that persona to condition
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prompt rewriting for personalized generation. The remainder of this section de-
tails each stage, beginning with how we curate the underlying persona data
before formalizing persona-driven image personalization.

3.1 Dataset Curation for Personas

Existing image personalization benchmarks and datasets suffer from two critical
limitations: (1) they capture preferences from narrow, self-selected user demo-
graphics (e.g., creative hobbyists on Pick-a-Pic, expert annotators on HPD-v2),
limiting generalization to diverse user populations; and (2) they lack explicit
user identity representations (personas). These inhibit us from evaluating and
optimizing accurately.

To address this, we construct two complementary datasets that enable large-
scale persona mining and zero-shot personalization evaluation across diverse user
populations.
Reddit Interactions Persona mining requires large-scale behavioral data that
reveals authentic visual preferences across heterogeneous users. Unlike survey-
based persona datasets (PersonaCraft [11]) or synthetically generated personas
(Persona Hub [7]), we ground personas in real interaction traces from Reddit4,
a platform with 400M+ monthly active users spanning diverse demographics
and visual preferences. Reddit’s community structure provides a natural sub-
strate for this task: users engage with topic-specific subreddits (e.g., r/AiArt)
by commenting or posting, revealing their latent preferences, and in the process
creating a bipartite graph of subreddits and users. We aggregate seven years
of activity (2015–2022) from 23M users across 40K subreddits, capturing 682M
edges of unique subreddit and user interactions. This graph structure provides
strong inductive biases for persona discovery through interest neighbourhoods.
Beyond Reddit, this graph-based approach can be generalized to any platform
with a user-community structure. We focus on Reddit for its scale, API acces-
sibility, and diverse visual communities spanning photography, generative art,
and niche interests. In Sec. 3.1 we describe how we discover natural language
personas (e.g. “student from Kyoto") from this graph.
ZIP Bench While the Reddit graph enables persona mining at scale, bench-
marking zero-shot image personalization requires users with both rich interaction
histories and visual preferences or historical generations. We focus on Civitai5,
one of the most popular open-source AI-generated content (AIGC) platforms
where users create, customize, and share diffusion models and generated images.
Crucially, Civitai’s public API provides detailed metadata (prompts, model ver-
sions, NSFW classifications), and many platform users maintain linked Reddit
accounts, enabling us to pair graph-mined personas with real-world generation
histories.

Utilizing this cross-profile linking, we identify 1.5K Civitai users active on
AI art subreddits (r/civitai, r/AIArt), extracting their complete Reddit history

4 https://reddit.com/
5 https://civitai.com/

https://reddit.com/
https://civitai.com/
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(15K posts, 183K comments from 2015-25) to mine personas from the global
graph, alongside 40K generated images with prompts from their Civitai profiles.
Unlike previous personalization benchmarks [2,13], ZIP Bench uniquely combines
explicit natural-language personas with generation histories, enabling the first
systematic evaluation of whether and how well persona descriptions alone can
reliably guide personalization without per-user fine-tuning (Sec. 4).

We now detail our two-stage pipeline to (1) learn distinct user representa-
tions from large social networks and (2) use them to create personas which are
indicative of their implicit visual behavior. persona is a concise textual descriptor
of a user’s interests, aesthetic tendencies, and engagement patterns (e.g., “anime
enthusiast favoring pastel palettes and character-focused compositions"), serv-
ing as an interpretable, zero-shot conditioning signal for image personalization.
Our goal is to mine such personas at scale from the Reddit interaction graph,
ensuring they (1) reflect authentic behavioral patterns rather than self-reported
surveys, (2) cluster users by visual preference similarity, and (3) generalize to
unseen users without requiring per-user annotation.

Graph Setup: We model the Reddit interactions as a bipartite graph G =
(U ,S, E) where users U and subreddits S form distinct node types, connected by
directed edges E ⊆ U×S representing posting and commenting activity. For each
interaction (u, s) ∈ E , we aggregate activity counts tus (posts + comments) and
compute node degrees cu =

∑
s tus, cs =

∑
u tus. Akin to social networks, we

observe that Reddit-Interactions has (1) long-tailed activity distributions (12k
subreddits contribute to only 0.1% of the total activity) and (2) popularity bias
(popular subreddits and power-users have a very high activity). To alleviate
this, we remove the bottom 12k subreddits and assign the edge weight to be
log and degree normalized activity wus = log(1 + tus)/

√
cucs + ε following Pin-

SAGE’s [33] PMI-style normalization (Sec. E.4 shows a normal distribution on
the log/log scale supporting this). The resulting graph consists of 32k subreddits,
22.8M users, and 682M edges. Additional statistics, edge weighting schemes, and
ablations are in Sec. B.1. To cluster users or communities at this scale using tra-
ditional graph algorithms is infeasible; therefore, we use graph neural networks
to learn these representations.
Learning User Representations It is essential to learn user representations induc-
tively from the graph structure, enabling generalization to new users at inference
without requiring retraining. Since there are only 32k subreddits and we have
their detailed descriptions, we initialize the nodes with pretrained text embed-
dings xs ∈ R3072 (OpenAI text-embedding-3-large [17]) of these descriptions
and user nodes with a small gaussian noise, the nodes and edges are projected
into hidden states hu,hs,he respectively. We employ two GATv2 layers [1] with
4 attention heads each, aggregating information from subreddits to users via at-
tention mechanism, the resulting user embedding hu is the standard multi head
attention, where the output of each attention head h

′(l)
u is defined as

h′(ℓ)
u =

∑
s∈N (u)

α(ℓ)
usW

(ℓ)
v h

(ℓ)
∗ (1)
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where α
(ℓ)
us is the graph attention for the head ℓ, between the user u and its

neighbors s ∈ N (u) and W,h∗ are the parameters and concatenated hidden
states hu,hs,he. We use the standard LeakyReLU (slope 0.2) activations, apply
LayerNorm before each attention block, and L2-normalize the node embeddings
zu = h′

u/∥h′
u∥2 (and similarly zs for subreddits hs) to maintain cosine geometry

for our objectives that we define below
Dual contrastive objectives. We supervise the embedding space through

the self-supervised link prediction task, we sample edges uniformly across sub-
reddits and users, and use the InfoNCE loss to contrastively align the user em-
beddings zu with their neighbors’ embeddings zs (negatives are sampled from
close neighbors). Let B = {(ui, si)}Bi=1 be a batch of edges, the objective is to
minimize the loss

Lu,s =
1

B

B∑
i=1

CE
(
z⊤ui

[zs1 , . . . , zsB ], i
)
, (2)

where CE(·, i) is cross-entropy treating i as the positive index and all other
subreddits in the batch as negatives similar to CLIP [19].

To explicitly model visual behavior signals we add a second contrastive term
aligning users with the images they have posted on Reddit. For users who have
ever posted images, we extract CLIP embeddings of their images, forming user-
image pairs (u, imgu) and similarly, the user-image loss is:

Lu,img =
1

B′

B′∑
j=1

CE
(
z⊤uj

[imgtt1 , . . . , imgttB′ ], j
)

(3)

where B′ ≤ B is the subset of users with available image-post text. The
total loss combines both objectives: L = Lu,s + λLu,img, with λ = 1.0 weighting
the image contrastive loss. This dual supervision ensures learned embeddings
capture not only where users engage (subreddit structure) but also what visual
content they share, which we hypothesize as a critical proxy for downstream
persona-driven image personalization (Sec. 4). Other training details, ablations
and hyperparameter settings are discussed in Sec. B.1
Persona Verbalization To construct a user’s natural language persona from their
subgraph, we utilize the learned attention weights αus from Eq. (1) as indicators
of importance. These weights represent how strongly the encoder associates each
subreddit s with user u when modeling their preferences. For a given user, we
aggregate attention values across their neighborhood and normalize them to
obtain:

α̃us =
αus∑

s′∈N (u) αus′
(4)

This yields a probability distribution over subreddits that captures the user’s
attention-weighted engagement profile, highlighting which communities most
characterize their interests and behaviors.

We allocate a fixed token budget B = 4,096 across the user’s top subreddits
proportional to α̃us. For each subreddit s receiving Bs = ⌊B · α̃us⌋ tokens, we
sample the user’s highest-engagement posts and comments (ranked by score,
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deduplicated, filtered for removed/deleted content), extracting representative
text that reveals their interests, communication style, and aesthetic preferences.
This attention-guided sampling ensures personas reflect what the graph encoder
learned as behaviorally salient, rather than arbitrarily frequent interactions.

The sampled content is then presented to an MLLM with a structured prompt
requesting a concise, coherent persona description that captures the user’s vi-
sual interests and aesthetic tendencies. For example, a user active in r/analog,
r/AnalogCommunity, and r/itookapicture with high attention weights and com-
ments praising "grain texture" and "natural light" might yield: "Film photogra-
phy enthusiast favoring high-grain black-and-white aesthetics with natural light-
ing and vintage tonality."Sec. B.2.

3.2 Image Personalization from Personas

We use the resulting natural language persona to guide zero-shot image person-
alization via persona-conditioned prompt rewriting. Instead of directly editing
the prompt content, we use the persona as a roleplay instruction that defines how
the model(GPT-4o) should interpret and express visual preferences. Specifically,
we prepend the persona as a first-person conditioning statement (e.g., "You are
a film photography enthusiast favoring high-grain black-and-white aesthetics..."),
allowing the model to personalize generation from its own perspective. This en-
ables implicit modulation of stylistic, compositional, and semantic attributes in
line with the user’s aesthetic tendencies. We use roleplay rather than directly
concatenating the persona to the prompt: direct concatenation treats persona
attributes as literal scene content and underperforms even the no-persona base-
line across all four benchmarks (Sec. F.3, Tab. 11). We detail the prompting
format, decoding strategies, and evaluation protocols in Sec. B.3.

4 Experiments & Results

In this section, we systematically evaluate ZIPP against state-of-the-art person-
alization methods. We demonstrate that natural language persona conditioning
not only enables effective zero-shot alignment (Tab. 1) but also solves critical
shortcomings in existing methods, namely the collapse of intra-user diversity
(pluralism) (Sec. 4.2) and the bias towards average-user demographics (align-
ment) (Sec. 4.2). We validate our approach across four datasets for zero-shot,
few-shot, and finetuning paradigms (Tab. 1). We also analyze the data efficacy
of these methods (Sec. 4.2) and corroborate our automated metrics with a com-
prehensive human user study (Sec. 5).

4.1 Experimental Setup

Benchmarks. We evaluate our method across four complementary datasets which
assess personalization using preferences and generation history. For preferences,
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we utilize Flux-2-pro_t2i_human_preference6 from RapidData, which pro-
vides explicit preference pairs alongside detailed user demographics (language,
country, profession, gender, and age). MovieLens (ML) is a movie-watching
dataset covering 610 users, each with 20 to ∼2,600 interactions. Following [12],
we convert each movieś metadata (title, genre, keywords, and description) into
text prompts via the TMDB API; consistent with this prior work, we rely exclu-
sively on these prompts for evaluation, as the dataset contains no images directly
tied to T2I model outputs. For historical prompts, we evaluate on ZIP-Bench
(our proposed benchmark of 1.5K users, natural-language personas, and 40K
generated images mined via our approach) and PIP [2], which contain 300k
extensive historical user generations from 3.1K users.

Baselines. We compare against five state-of-the-art personalization methods:
Random Baseline LLM (prompt rewriting without any context) TV [2] (prompt
rewriting via retrieval over ≤3 historical prompts), DrUM [12] (coreset sampling
+ per-user adapter training on 100+ prompts), ViPer [22] (trained VLM for
preference extraction from user feedback) We compare these methods against
our Zero-Shot, Few-Shot persona conditioning.

Metrics. CLIPScore (CS). Following prior work [2,12,28], we adopt CLIPScore
as our primary metric for personalization alignment, following the exact setup
of [12]: mean cosine similarity between CLIP [19] image embeddings of generated
outputs and text embeddings of user target prompts or preferred images.
PIGReward (PIG). CLIP-based metrics miss nuanced stylistic and compo-
sitional preferences [15]. We additionally report PIGReward [15], a learnable
reward model (Qwen2-VL-7B, DPO fine-tuned on contrastive preference pairs)
that dynamically generates user-conditioned evaluation dimensions, correlating
better with human judgment than CLIP-based alternatives. CS and PIG are
complementary: CS measures prompt fidelity, PIG measures underlying prefer-
ence alignment.
CMMD. To measure pluralistic alignment — whether generated images span
the full spread of a user’s visual preferences rather than collapsing to a single style
— we use CLIP Maximum Mean Discrepancy [10], the squared MMD between
CLIP embedding distributions of reference and generated images. Unlike FID,
CMMD is an unbiased estimator reliable for small per-user sample sizes; lower
CMMD indicates tighter distributional agreement.
IPF-normalized score. Standard aggregate scores are biased toward WEIRD
populations [8]. We apply Iterative Proportional Fitting (IPF) [4] to reweight
per-user scores to match census-level marginals (country, age, gender, language,
profession) from UN World Population Prospects 2024, surfacing performance
disparities hidden by majority-skewed aggregates.

6 https://huggingface.co/Rapidata/datasets

https://huggingface.co/Rapidata/datasets
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Fig. 3: Effect of persona conditioning on generation quality. (a) ClipScores
by model family with persona conditioning. Stacked bars show baseline (blue) and
improvement from persona conditioning (red). All models benefit from persona con-
ditioning ranging from 3% (Qwen3-8B) to 20% (Claude-Sonnet-4). Frontier models
achieve the strongest gains (13–20%), outperforming open-source alternatives (3–13%).
(b) Performance increase as the number of in-context persona examples increases.

4.2 Personalization from Natural Language Persona Conditioning

We first establish that natural-language personas serve as an effective and uni-
versal personalization signal that bring consistent improvements in zero-shot and
few-shot settings. Table 1 reports the unified evaluation across all four bench-
marks and all baselines.

ZIP-Bench Sec. 4.2 shows the ZIP-Bench evaluation for ClipScore for 14
LLMs across five model families (Qwen, GPT, Claude, DeepSeek, Gemini),
with and without persona conditioning (red and blue). Persona conditioning
yields consistent improvements across all (frontier and open-source) evaluated
models. Frontier models outperform open-source models due to their stronger
instruction-following and persona interpretation capabilities, corroborated by
recent roleplay benchmarks [5] where Claude ranks highest. Mixture-of-experts
models (Qwen3-30B-A3B, Qwen3-235B-A22B) surprisingly underperform their
dense counterparts despite larger parameter counts; on manual analysis we found
that these models are over-personalizing. Performance of all baselines on ZIP-
Bench is given in Table 1. Extended results across remaining metrics and hy-
perparameters are reported in Tab. 10 and Sec. F

Public Benchmarks. Table 1 reports CLIPScore and PIGReward across ZIP-
Bench, PIP, RapidData, and MovieLens. For fair comparison, we use GPT-4o
as the underlying LLM for all prompt-rewriting methods. Even in the zero-
shot setting, ZIPPY already surpasses the fine-tuned DrUM baseline on three
of four benchmarks, demonstrating that a compact natural-language persona
captures preference signals as effectively as dense interaction histories and per-
user adapter training. In the few-shot regime, ZIPPY (5-shot) achieves the
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highest scores across all four benchmarks on both metrics. At the same shot
count, ZIPPY (3-shot) consistently outperforms TV (3-shot), confirming that
persona priors provide a stronger conditioning signal than retrieval over raw
prompt histories alone. The only benchmark where DrUM remains competi-
tive is PIP, which we attribute to its adapter being trained on the same dense
prompt histories that define PIP users; on the remaining benchmarks, persona
conditioning surpasses per-user fine-tuning without any gradient updates. To
adapt our method to external benchmarks, we construct PIP user personas by
embedding each user’s prompt history via a CLIP text encoder and retrieving
nearest-neighbor personas from our mined set (cosine similarity ≥0.7, covering
89% of PIP users); for RapidData and MovieLens, where only demographic vari-
ables and profession are available, we condition on these attributes directly. As
a result, the strongest gains appear on ZIP-Bench, where full natural-language
personas are available, followed by RapidData and MovieLens (demographics
only), and finally PIP (retrieved personas). To investigate the relationship be-
tween persona richness and personalization capability in detail, we ablate sum-
marized profiles across different token budgets in Figure 8.

Pluralistic Preference Alignment Effective personalization must capture
not only what a user prefers on average, but also how their preferences vary
across different contexts. A person who prefers ‘muted’ and ‘animated’ portraits
could prefer ‘bright’ street photography should not get similar output for every
prompt. We formalize this as pluralistic alignment : a personalization method
should achieve high average personalization while preserving the distributional
spread of a user’s true visual preference space. To measure the distributional
alignment of target and generated images, we employ the CMMD metric, which
is essentially the squared MMD of target and generated image’s clip embed-
dings, using with the Gaussian RBF kernel, first introduced by [10]. Lower
MMD indicates closer alignment between the generated and ground-truth image
distributions. We report these in Table 1. ViPer assigns the same style attributes
across all contexts for the same user, making it the most susceptible to pluralis-
tic misalignment: it achieves the worst CMMD (0.55). DrUM exhibits moderate
CMMD (0.31): while its per-user adapter captures individual preferences, its
coreset sampling anchors generation around a narrow slice of the user’s history.
TV (0.25) benefits from retrieval diversity but still collapses when the prompt
pool is small. In contrast, ZIPPY achieves the lowest CMMD (0.16 at 5-shot)
while maintaining the highest alignment scores, demonstrating that persona con-
ditioning preserves intra-user preference diversity. This occurs because personas
encode multi-faceted preference priors spanning aesthetics, topics, culture, and
affect, which modulate generation contextually, rather than anchoring on a fixed
reference set.

Demographic Generalization Survey-based optimization and evaluation have
historically suffered from sampling bias toward WEIRD (Western, Educated, In-
dustrialized, Rich, Democratic) populations [8]. Henrich et al. showed that up to
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96% of behavioral science participants come from WEIRD societies, represent-
ing only ∼12% of the global population, yet findings are routinely generalized as
universal. This bias extends to AI systems: Santurkar et al. [23] demonstrated
that language models disproportionately reflect the opinions of specific U.S. de-
mographic groups, with alignment varying systematically across age, education,
and political affiliation. To mitigate such biases, survey organizations like Pew
Research apply Iterative Proportional Fitting (IPF, also known as “raking”) to
reweight responses so that reported aggregates reflect true population distribu-
tions rather than the convenience sample [23]. We find that these same biases
have crept into image personalization and preference alignment benchmarks.
Critically, most existing benchmarks (including PIP [2], HPD [30], and Pick-a-
Pic [13]) do not report individual or aggregate demographic distributions at any
level, making it impossible to analyze or alleviate these biases. To address this
gap, we utilize RapidData’s T2I preference datasets, a large-scale image pref-
erence dataset where each preference pair is explicitly tagged with anonymized
group-level demographics (language, country, profession, age, gender). Rapid-
Data serves as a demographically transparent alternative to HPD and Pick-a-Pic,
enabling the first systematic analysis of demographic bias in image personaliza-
tion.

IPF normalization. Raw aggregate scores can mask systematic disparities. We
extract the true demographic marginal distributions using UN World Popula-
tion Prospects 2024, which provides population-level statistics for each demo-
graphic axis. We then apply Iterative Proportional Fitting (IPF) [4] to reweight
per-subgroup scores, ensuring that the reported aggregate reflects a balanced
population rather than the majority-skewed sample. We emphasize the impor-
tance of annotating preference datasets with anonymized demographics to ensure
both privacy and equitable alignment evaluation. We show results for strati-
fied ClipScore and PIGReward by demographic subgroup in Section F.6. Since
the evaluations themselves are skewed, optimization methods that maximize ag-
gregate population scores are most susceptible to this bias. DrUM shows the
highest drop in scores after IPF normalization (Tab. 3), as its adapter train-
ing absorbs the distributional biases of the majority-skewed training data. In
contrast, ZIPPY shows the highest alignment in all subgroups because the LLM
takes the persona into its generation context. Even in the zero-shot setting,
ZIPPY achieves better or comparable performance to trained or few-shot models.
ViPer shows very little relative degradation after normalization ; we attribute
this to the fact that ViPer’s visual preference representations are trained on
synthetic visual personas that are less susceptible to demographic skew in in-
teraction histories. On subgroup-level analysis, we observe clear stereotypical
trends: DrUM shows poor alignment with Older (Age 50+), African, Russian,
and South American populations and individuals in manual trades. We also ob-
serve that frontier models (Claude, GPT, Gemini) show far better demographic
alignment compared to open-source alternatives (Qwen, DeepSeek), consistent
with the broader instruction-following gap observed in Sec. 4.2. A detailed visu-
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Train Method ZIP-Bench PIP MovieLens RapidData Demographic Pluralism

CS↑ PIG↑ CS↑ PIG↑ CS↑ PIG↑ CS↑ PIG↑ CS↑ PIG↑ CMMD↓
zero
shot

GPT-4o 59.1 65.3 57.7 61.4 73.7 58.5 67.3 56.0 66.9 55.1 0.49
ZIPPY 61.8 73.4 60.2 67.3 76.4 64.2 73.9 61.5 72.8 60.9 0.42

few
shot

FABRIC (1) – – 63.7 – 75.1 – – – - - -
TV (3) 62.4 72 63.1 66.5 80.1 68.7 77.4 65.3 73.8 60.1 0.25
ZIPPY (3) 66.7 77.5 65.2 69.9 80.4 71.4 77.9 68.2 76.8 67 0.19
ZIPPY (5) 68.5 82.8 66.3 72.1 80.9 77.9 78.3 74.0 77.4 73.0 0.16

fine
tune

DrUM 65.6 74.4 66.9 68.0 72.8 66.2 70.3 63.5 64.7 56.8 0.31
ViPer – – – – 76.1 70.5 74.1 63.1 73.7 60.8 0.55

Table 1: Unified evaluation: cross-benchmark, demographic, and pluralistic
alignment. CS = CLIPScore, PIG = PIGReward, CMMD = CLIP Maximum Mean
Discrepancy (↓ is better). We report personalization benchmarks and methods for (i)
personalization from historical prompts (ZIP-Bench, PIP) (ii) from preference pairs
(MovieLens, RapidData) and across 0-shot, few-shot (FABRIC,TV), and fine-tuning
baselines (DrUM, ViPer). ZIPPY achieves the highest scores across all benchmarks and
the lowest CMMD, demonstrating simultaneous personalization quality, demographic
equity, and pluralistic diversity preservation. To isolate the effect of persona condi-
tioning, the zero-shot GPT-4o row reports the same LLM prompt-rewriting pipeline
without any persona; the gap to ZIPPY therefore reflects the contribution of the per-
sona alone.

alization of per-subgroup score distributions and IPF-normalized aggregates is
provided in Sec. F.6.

4.3 Persona Mining Ablation
A key question is whether the graph-based persona mining pipeline actually
drives the personalization gains, or whether simpler heuristics suffice. We mea-
sure two proxies: posting accuracy (whether the persona correctly predicts a
held-out image the user posted) and ZIP Lift (relative CLIPScore improvement
of ZIPP over the unpersonalized baseline). TF-IDF weighting ranks subreddits
by term frequency alone, causing high-traffic communities (e.g., r/AskReddit)
to dominate even when they carry little signal about visual preferences. GAT
addresses this by learning which subreddits are most characteristic of each user
through edge-aware attention over the full bipartite graph. The ImageAlign ob-
jective further grounds embeddings in what users actually post visually, rather
than only where they engage textually. As a result, GAT + ImageAlign achieves
73% posting accuracy and 17.7% ZIP Lift (Tab. 2), compared to 5.1% for TF-
IDF, and ImageAlign yields consistent gains across every encoder (3–11 points
in posting accuracy, 2–6% in ZIP Lift). Full hyperparams given in Sec. F.1.

5 User Study

We complement our automated metrics with a two-part human evaluation (full
protocol in Sec. G): a pairwise preference study on perceived personalization
and a persona quality assessment of the mined personas.

Pairwise preference. We recruit 50 participants spanning age (18–55+), gender,
profession, and geography. Each answers a 10-question intake survey on demo-
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Method Post. ↑ ZIP ↑
Acc. Lift

TF-IDF 55 5.1
TF-IDF + NMI 57 5.3

LightGCN 59 6.2
+ ImageAlign 62 9.1

GraphSAGE 63 8.5
+ ImageAlign 67 10.2

GAT 62 11.8
+ ImageAlign 73 17.7

Table 2: Graph encoder ablation.
All rewrites use GPT-4o. GAT + Im-
ageAlign achieves the best posting accu-
racy and ZIP Lift; green = best, blue
= second best.

CLIPScore PIGReward

Method Setting Raw IPF ∆% Raw IPF ∆%

LLM 0-shot 67.3 66.9 -0.6 56.0 55.1 -1.6
TV 3-shot 77.4 73.8 -4.7 65.3 60.1 -8.0
DrUM FT 70.3 64.7 -8.0 63.5 56.8 -10.6
ViPer FT 74.1 73.7 -0.5 63.1 60.8 -3.6

ZIPPY 0-shot 73.9 72.8 -1.5 61.5 60.9 -1.0
ZIPPY 5-shot 78.3 77.4 -1.1 74.0 73.0 -1.4
Table 3: IPF degradation summary on RapidData.
∆% is the relative change from raw to IPF-reweighted ag-
gregate; larger negative values indicate greater degrada-
tion on underrepresented subgroups.

graphics, profession, and interests. GPT-4o converts each survey into a natural-
language persona that conditions generation from 20 base prompts, and partic-
ipants make blind A/B choices (randomized order, no method labels), yielding
50 × 20 = 1,000 annotations across four conditions. ZIPPY wins every condi-
tion (all p < 0.01, binomial test; Tab. 13): a 79% win rate over the no-persona
baseline, with an own- vs. other-persona control confirming the gain comes
from the correct persona rather than generic prompt enrichment. It also beats
prior methods—56%/78% (0-/3-shot) over TV, 58% over DrUM, and 65%
over ViPer—despite DrUM and ViPer requiring per-user fine-tuning.

Persona quality. Three expert annotators rate 100 sampled personas (∼1,000
annotations) on a 1–5 scale for demographic accuracy, interest completeness,
and coherence. Personas average 4.1/5 (4.3/3.9/4.1) with substantial agreement
(Cohen’s κ = 0.64), confirming they are accurate and self-consistent. Overall,
persona conditioning delivers personalization that aligns closely with human
judgment.

6 Conclusion and Impact
We presented ZIPP, a zero-shot framework for image personalization through
natural language personas. By grounding user preferences in interpretable tex-
tual descriptions, ZIPP personalizes diffusion outputs without fine-tuning or user
data. Experiments and human evaluations demonstrate that persona condition-
ing enhances visual alignment, and that mined personas are accurate, coherent,
and preferred by users. We also propose methods to evaluate and optimize the
pluralism and demographic aligned of existing methods and benchmarks. All
datasets are derived solely from publicly available Reddit content, with rigorous
anonymization and no user re-identification. We further discuss data handling,
consent considerations, and the broader ethical implications of persona-based
modeling in the Appendix Sec. H.
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