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Abstract

We introduce the Visual Personalization Turing Test
(VPTT), a new paradigm for evaluating contextual visual
personalization based on perceptual indistinguishability,
rather than identity replication. A model passes the VPTT if
its output (image, video, 3D asset, etc.) is indistinguishable
to a human or calibrated VLM judge from content a given
person might plausibly create or share. To operational-
ize VPTT, we present the VPTT Framework, integrating a
10k-persona benchmark (VPTT-Bench), a visual retrieval-
augmented generator (VPRAG), and the VPTT Score, a text-
only metric calibrated against human and VLM judgments.
We show high correlation across human, VLM, and VPTT
evaluations, validating the VPTT Score as a reliable percep-
tual proxy. Experiments demonstrate that VPRAG achieves
the best alignment—originality balance, offering a scalable
and privacy-safe foundation for personalized generative Al

1. Introduction

Personalization in visual generation has so far focused on
identity replication [2-4, 6, 15, 16, 31, 34, 44, 45, 53], opti-
mizing models to reproduce a subject across scenes. While
effective at preserving appearance, these pipelines are com-
putationally expensive [4, 15, 44] and miss the broader vi-
sion of personalization: how individuals perceive, stylize,
and share their world. To instantiate this idea, personaliza-
tion should capture the aesthetic preferences [39, 47, 54],
cultural context, and visual familiarity that constitute a per-
son’s unique visual language. Yet, no benchmark exists to
measure whether a model’s output truly feels like it could
have been created by a particular person or a creator. This
gap is increasingly important beyond research. Industry is
actively trying to bridge the gap between GenAl and user-
created content to make generative Al monetizable, trust-
worthy, and personally resonant [11, 36]. This challenge
becomes even more pressing as powerful foundation mod-
els in image domain, such as Qwen [58], NanoBanana [22]
and GPT-Image-1 [37], already achieve near-photorealistic
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Figure 1. Visual Personalization Turing Test. We present the Vi-
sual Personalization Turing Test (VPTT), a new paradigm for con-
textual personalization at scale. A model passes the VPTT if its
output is indistinguishable to a human or a calibrated VLM judge
from what a given person might plausibly create or share. As one
way to address this challenge, we introduce VPTT Framework con-
sisting of privacy-safe benchmark VPTT-Bench for evaluating per-
sonalized generation and editing, and Visual Personalization RAG
(VPRAG) that retrieves persona-aligned visual cues and converts
them into personalized image generations or edits. To close the
loop, we propose an automated VPTTscore that achieves strong
Spearman rank correlation (p) with humans and VLM Judges, es-
tablishing it as a cheap, reliable proxy for human perception of
personalization.

quality. As models master realism, the frontier of innova-
tion shifts to what is personally relevant to the user [38].

To address this gap, we introduce the Visual Personal-
ization Turing Test (VPTT) (Figure. 1): a new paradigm for
evaluating generative models. A model passes the VPTT if
its output (image, video, 3D asset etc.) is indistinguishable
to a human or a calibrated VLM judge from that a given
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Figure 2. Contextual Image Generation and Editing using VPTT-Bench. Each row shows a distinct user profile: assets and style
cues (left), personalized generations (social post, cultural site), and edits (garden, living room) guided by the same persona identity. All
images are generated synthetically via our Visual Personalization RAG (VPRAG) by text, which retrieves persona-aligned cues. To show
cross model personalization here the assets are generated by QWEN-image-model [58] and generations and edits by Nano-Banana [22]

conditioned only on the first image. More results in are in Supplementary materials.

person might plausibly create or share. This reframes the
goal from rote memorization of appearance to the far more
challenging task of simulating a personal perspective.

Solving the VPTT presents three fundamental chal-
lenges. First, it requires a benchmark with thousands of
diverse, culturally, and stylistically rich user profiles, yet
real-world user data is inaccessible due to privacy concerns,
fundamentally limiting academic research. Second, it de-
mands a new technical approach beyond the fine-tuning one
that can interpret a user’s complex, multi-faceted style from
their history and apply it to new generations in a scalable,
efficient manner. Third, it requires a robust evaluation pro-
tocol to test VPTT at large scale.

We introduce the VPTT framework, designed to address
these challenges at scale. To overcome the data barrier,
we construct VPTT-Bench, the first large-scale benchmark
of about 10,000 synthetic personas, whose visual worlds
(30 assets - images for the scope of this paper) are repre-
sented entirely in text as “deferred renderings,” (structured,
attribute-rich intermediates like lighting , materials, envi-
ronment, actions, forground, background, appearance etc.
that defer visual realization, analogous to G-buffers [12] in
graphics) enabling privacy-safe research at scale. Addition-
ally, we render about 1000 synthetic personas to create a
rich visual library. As a possible solution to personalization
at scale, we propose a novel visual personalization retrieval-
augmented generation (VPRAG) system. Instead of costly
retraining, our method conditions generation on a persona’s
existing assets through hierarchical semantic retrieval with
an optional learnable feedback and composes a personalized
prompt enriched with their unique stylistic elements.

Our evaluation framework for image generation and edit-
ing is two fold. We first introduce VPT T e as a auto-
matic proxy for VPTT. We conduct a visual-level evaluation
through VPTT, validated by human study and extended with
calibrated VLM judges. This helps us establish strong cor-

relations among all three evaluators text-level (VPT Tgcore),

VLM, and human, confirming that the VPT Ty, is a re-

liable, perceptually grounded proxy for visual judgment.

After establishing this, we perform a large-scale deferred

rendering analysis (about 120,000 evaluations) using the

VPTTgcore. Our results show that VPRAG’s structured de-

sign achieves the best trade-off between output alignment

and novelty, addressing a key limitation of black-box base-
lines. Our contributions are:

¢ A new task formulation, the Visual Personalization Tur-
ing Test (VPTT), redefines success in visual personaliza-
tion as achieving human indistinguishable authenticity.

e VPTT Framework, the first scalable, privacy-safe bench-
mark for contextual personalization, featuring 10,000 rich
personas with 1,000 visually rendered agents.

* A novel Visual Personalization Retrieval-Augmented
Generation (VPRAG) system, a structured, zero-shot en-
gine for personalization offering a possible scalable solu-
tion.

* Arigorous new evaluation framework featuring the VPTT
score validated against human and VLM judges, proving
it is a reliable proxy for perceptual alignment.

* A comprehensive analysis on our benchmark using a mix
of closed- and open-source models with varying computa-
tional budgets, demonstrating that VPRAG offers a better
trade-off between performance and efficiency.

2. Related Work

2.1. Personalization in Visual Generative Models.

Personalization in generative models has traditionally fo-
cused on identity replication [2—4, 6, 14, 15, 17, 31, 44].
Seminal methods like DreamBooth [44] and LoRA adapta-
tions [46] excel at fine-tuning models to reproduce a spe-
cific subject across different scenes. However, these ap-
proaches are not scalable and primarily address appear-
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Figure 3. VPTT-Bench Data Generation Pipeline. Overview of the deferred rendering pipeline used to construct VPTT-Bench. (1)
Personas are sampled from PersonaHub [21] with demographics. (2-3) Visual and scenario elements (lighting, actions, materials etc.) are
extracted. (4) These cues are composed into structured captions and embedded via an LLM. (5) Generating 30 corresponding visual assets
per persona, forming privacy-safe, semantically grounded data for evaluating contextual personalization.
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Figure 4. Example Personas from VPTT-Bench. Each row
shows a synthetic persona sampled from PersonaHub [21] (only
short descriptions) with its corresponding visual assets generated
via VPTT-Bench generation pipeline. Personas span diverse re-
gions, professions, and age groups, illustrating the demographic
and contextual diversity of VPTT-Bench.

ance fidelity rather than the user’s broader visual signa-
ture [2, 14-17, 31, 34, 43-45, 49, 52, 53, 56]. More re-
cent works aim for tuning-free personalization. IP-Adapter
and related works in the image and video domains [3, 6, 17,
43, 49, 56, 59] use reference images to condition genera-
tion, achieving strong results in transferring style or appear-
ance [13, 19, 25, 26] but often requiring careful selection of
reference images and suffer from the absence of a larger vi-
sual context [19]. Methods like InstantBooth [50] represent
another direction in test-time personalization without fine-
tuning but again focuses on personalizing the appearance of

the subject. Among the methods that consider the context,
DrUM [29] proposes learning a vector based on prompt his-
tory and injecting it via a trained adapter network, offer-
ing a modular approach but still involving per user adapter
training. A very recent work ImageGem [23], collects in-
the-wild interactions for generative model personalization,
highlighting the community’s growing interest in this area,
though primarily focused on LoRAs collected over users
generated content. Our work, orthogonal to these works,
focuses on deriving and applying preferences, cultural con-
text, visual familiarity and personal elements implicitly de-
rived from a user’s asset history, without requiring explicit
reference images or per-user training of adapters.

2.2. Visual Preference Personalization

Aligning generative models with user preferences is a
critical challenge. Many recent efforts draw inspira-
tion from Reinforcement Learning from Human Feedback
(RLHF) [41] used in LLMs [9, 58]. An early work, Im-
ageReward [57] trained a reward model on human com-
parisons to score prompt-image alignment, enabling fine-
tuning via Reward Feedback Learning (ReFL). Diffusion-
DPO [51] applied Direct Preference Optimization to fine-
tune Stable Diffusion XL [42] on large-scale human judg-
ments [55] from datasets like Pick-a-Pic [30], improving
general appeal and alignment. While powerful, these meth-
ods typically optimize for aggregate preferences rather than
individual context. On the other hand, approaches targeting
individual preferences are emerging [35]. ViPer [47] learns
preferences by having an MLLM [39] analyze user com-
ments on images, extracting structured attributes to guide
generation. PPD [10] trains a single model conditioned
on user embeddings derived from few-shot pairwise pref-
erences. POET [24] focuses on identifying image homo-
geneity using “prompt inversion” and personalizing diver-
sification based on interactive user feedback. Concurrent
work, such as Instant Preference Alignment [32], also uses
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MLLMs to extract preferences from a reference image for
tuning-free guidance. Our work differs by focusing on ex-
tracting and applying alignment implicitly from a user’s his-
torical creative output (simulated via VPTT-Bench derived
from real-world grounded PersonaHuB [21]) rather than re-
lying on explicit feedback, pairwise comparisons, or single
reference images. We introduce the VPTT as a holistic mea-
sure of visual context alignment beyond simple preference
scores.

2.3. RAG in Computer Vision

Retrieval-Augmented Generation (RAG) [20], initially
prominent in NLP, is increasingly being explored in com-
puter vision [48, 61]. Very recent works like RealRAG [33]
and FineRAG [60] focused on retrieving external visual
knowledge (e.g., real images of objects) to improve con-
tent completion of generated images and using RAG for
VQA. Comprehensive repositories like Awesome-RAG-
Vision [61] are mapping the growing landscape, cover-
ing applications in visual understanding, generation, and
embodied Al. Within generation, RAPO [18] uses RAG
specifically for text-to-video prompt optimization, retriev-
ing terms from a graph built on training data to align user
prompts with the model’s expected input format. Tailored
Visions [7] pioneered using RAG on a user’s own prompt
history for personalized text-to-image prompt rewriting, us-
ing an LLM to synthesize past styles into new prompts.
OmniStyle [54], while focused on style transfer, utilizes a
large curated dataset and filtering for high-quality super-
vised training. Our VRAG system builds upon the personal-
ized RAG concept but distinguishes itself through: (1) oper-
ating on our structured, synthetic VPTT-Bench benchmark,
enabling privacy-safe research; and (2) employing a princi-
pled, more transparent retrieval and composition architec-
ture for fine-grained control, rather than relying solely on a
black-box LLM operating on raw prompt history.

3. Visual Personalization Turing Test

Our goal is to model and evaluate contextual visual per-
sonalization the ability of a generative model to produce
content that a human (or VLM) would perceive as con-
sistent with a given persona’s visual context. We formal-
ize this as the Visual Personalization Turing Test (VPTT)
and introduce VPTT Framework, a unified framework that
enables systematic study of this problem at scale. VPTT
Framework consists of four interacting components: (1) a
large-scale simulated persona benchmark (Sec. 3.1); (2) a
retrieval-augmented generation engine (Sec. 3.2); (3) an op-
tional learnable feedback loop (Sec. 3.3); and (4) a differen-
tiable proxy metric, VPTT score (Sec. 3.4). Together they
form a closed cycle of simulation — generation — judg-
ment — optimization.

Problem Definition. Given a persona P = {d, E,C} de-
mographics d, a structured element library E, and a caption
memory C' and a query p, the model must generate a person-
alized prompt p’ whose resulting image G(p’) maximizes
perceived alignment with P:

J(p/; P)=X\ Align(p/7 P) + Ao Fidelity(p/7 )
+ A3 Novelty(p', C), Z/\i —1. D

This surrogate defines the latent VPTT objective: an ideal
system achieves high alignment, high fidelity, and high
novelty simultaneously, an intractable trade-off for current
models. We expect this trade-off to improve with better per-
sonalized models and for the scope of this work propose a
method that approximates this objective efficiently without
retraining.

3.1. VPTT-Bench: Scalable Simulation Substrate

Human personalization datasets are private and unscalable.
We therefore construct VPTT-Bench (Figure. 3 and Fig-
ure. 4), a synthetic benchmark of 10,000 agents, each repre-
sented by a tuple P; = {d;, E;, C;}. Personas are generated
using Qwen?2.5-72B-Instruct [58]:

Demographic Generation: starting from public textual
seeds (PersonaHUB [21]), we sample culturally diverse
backstories d;. This ensures cross-domain coverage, avoid-
ing dataset bias.

Visual Elements Extraction: we sample and cluster
atomic visual terms (e.g., clothing, lighting, pose) into
structured vocabularies E; conditioned on d; ensuring the
visual elements are consistent with the persona.

Scenario and Assets Extraction: conditioned on {d;, E; },
we first generate short scenarios of the assets and finally
generate 30 captions C; describing element rich posts with
the scenario story arc. The captions are embedded using
text-embedding—-3-small [39].

We further render a 1,000-persona subset into image gal-
leries (30 images per persona), each anchored by a canon-
ical portrait followed by caption-guided edits. This hy-
brid text-image corpus provides both semantic control and
visual diversity: the text-only component enables dense,
scalable supervision without privacy constraints, while the
paired visual assets allow controlled studies across different
resource budgets, from lightweight text-only personaliza-
tion to more expensive multimodal (text + image) setups.
For real profiles, the reverse of this process is performed to
get the structured data.

3.2. Visual Personalization Retrieval-Augmented
Generation (VPRAG)

To personalize content without model retraining, we pro-
pose VPRAG (see Figure. 5), a retrieval-augmented gen-
eration framework that conditions prompt rewriting on a
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Figure 5. VPRAG Pipeline Overview. Comparison between the baseline retrieval-augmented generation (BRAG) and our proposed
Visual Personalization RAG (VPRAG). Unlike baseline BRAG, VPRAG introduces controllable and interpretable retrieval through: (a)
post-level embedding and similarity scoring, (b) temperature-controlled attention, (c) entropy-guided post selection, (d) capacity-aware
quota allocation, (e) category-level ranking, and (f) element-level composition. This multi-stage design yields a white-box, LLM-optional
retrieval framework producing visually and semantically aligned personalized generations and edits.

persona’s structured memory. Given a query p and pro-
file P = {d, E, C'}, VPRAG retrieves semantically relevant
posts and elements, allocates retrieval quotas, and composes
anew prompt p’ that aligns with the persona’s context. Un-
like other methods [1, 44] that require minutes to hours per
user, VPRAG operates entirely at inference time, adding
only a few hundred milliseconds of retrieval and compo-
sition overhead.

Hierarchical Retrieval. Captions C' encode holistic se-
mantic intent (high-level concepts), while elements E' cap-
ture atomic style (low-level cues). We therefore perform a
hierarchical two-level retrieval for robustness.

Post-level retrieval. Each persona’s captions {c;} are
embedded using text—embedding-3-small [39], and
cosine similarities s; = q ' v; are computed with the query

p. Weights are normalized as w; = %, where T is
j S5

a softmax temperature controlling retrieval sharpness. This
Boltzmann weighting represents the maximum-entropy so-
lution for expected semantic alignment under a temperature
constraint [28], guaranteeing smooth attention while avoid-
ing brittle hard cutoffs.

Entropy Guided post Selection. We then measure en-
tropy H = — ), wilogw;, ner = exp(H), where neg
approximates the effective number of relevant posts,a the-
oretically grounded proxy for query specificity. Broader
prompts (e.g., “in the park™) yield higher H and there-
fore encourage more diverse retrieval, whereas narrower
ones (e.g., “in Kashmiri traditional dress’) produce lower
entropy, focusing the selection. To balance adaptivity
and efficiency, we cap the retrieved posts given the bud-
get () (total number of visual elements to sample from
categories C = {fg,bg, lighting, pose, ...}), set as K =
min(|ner|, 2 X @), ensuring controlled expansion with-
out over-retrieval for broad prompts.

Quota Allocation. Each post contributes elements from
categories C. Given category ¢’ € C, we allocate quotas
to each post i as: ¢\°) = {w‘"(:ﬁ,) . QC/J where !

205 wjmy
is the number of available elements in category ¢’ for post
i, and Q. is the total budget for category ¢’. Remain-
ders are allocated to largest—fraction posts. This rule en-
sures the proportional-fair allocation objective so that high-
weight posts get more samples, but low-weight ones still
contribute diversity.

Element-level retrieval. Within the top-K posts we pri-
oritize the categories based on the prompt p using semantic
relevance score;, = cos(¢(ck), ¢(p)), (¢ is a lightweight
transformer encoder (MiniLM) [27]). Within each cate-

gory, elements are ranked based on the closeness to the p
(k)

using the same MiniLM [27], and the top-g; "’ are selected.

Prompt Composition. The selected elements &, are
concatenated with persona summary S, into p/ =
feompose (P Sp, Ep, L) under a token-length budget L. This
yields a re-prompt enriched with stylistic and contextual
cues consistent with the persona’s memory. Based on the
budget, fcompose> can be an LLM refining the story arc for
the generation or a simple text concatenation.

3.3. Learnable Feedback Simulation

While VPRAG uses persona aligned retrieval, personal-
ization also involves subjective preference learning. We
therefore introduce a small learnable feedback module to
approximate user-specific value functions. Given persona
P with subjective preferences and generated prompt p’, a
vision—language judge (VLM) outputs an alignment score
svim € [0,1]. We train a cross-attention predictor fp to
estimate Sypv = fo(Emb(p’), Emb(P)), and re-rank can-
didates by p’* = argmax,, fo(Emb(p,,), Emb(P)). We
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use this component as a smaller scale proof of concept to
encourage future extensions of VPTT Framework toward
closed-loop personalization.

3.4. VPTT Score: A Differentiable Proxy for Per-
sonalization

We now introduce VPT Ty, @ quantitative metric that
serves as the text-level scalable foundation for the VPTT
triangle and a convex surrogate of the personalization objec-
tive in Eq. 1. VPT Ty, combines four interpretable met-
rics that jointly approximate alignment, fidelity, and orig-
inality: Persona Alignment (PA), GS Reconstruction (GS),
Cluster Proximity (CP), and Novelty (NV).

(1) Persona Alignment (PA). This term measures se-
mantic coherence between the generated prompt p’ and
the textual description of the persona P: PA(p/,P) =
cos(Emb(p'), Emb(P)).

(2) GS Reconstruction (GS). To measure content fi-
delity, we represent each persona’s caption embeddings
{v;} as an orthonormal basis B using the Gram—-Schmidt
process. For a generated prompt embedding v,
GS(p',C) = cos(v,, B(B v,)) which evaluates how well
p’ can be reconstructed from the assets’s semantic span.
GS measures subspace fidelity i.e. whether a generation
stays within the semantic manifold defined by the persona’s
gallery rather than mere pairwise similarity.

(3) Cluster Proximity (CP). To assess thematic consis-
tency, all asset captions are clustered in the GS basis the-
matic centroids {cj }. The hard version used for evaluation
is CP(p', C') = exp(—miny, ||v],—c||2), while the differen-
tiable relaxation replaces min with a temperature-controlled

D _ exp(=|lv,—cxll2/7)
softmin: CP(p/,C) =", 5 Cxp(iﬁ%icjug/ﬂ.
(4) Novelty (NV). Novelty penalizes verbatim reuse of
retrieved captions. The discrete version measures maximum

trigram overlap: NV(p’, C') = 1 — max; W. For
differentiable analysis, we define a soft-overlap relaxation:

NV, €) = 1 - m, 000050 e ()
denotes continuous n-gram embeddings (via small sentence

transformer for example MiniIM [27]).

Combined Score. The overall proxy is a convex weighted
combination: VPT T ore = 0.20PA+0.30GS+0.30 CP+
0.20NV. Empirically, GS and CP correlate most strongly
with human visual fidelity, so we assign them higher weight
(0.3 each). PA measures semantic alignment (0.2), while
NV promotes originality and prevents overfitting (0.2). The
weighting satisfies ) . A; = 1, forming an unbiased con-
vex estimator of 7. For tasks with limited prompt bud-
gets (e.g., adding exactly three retrieved phrases), the nov-
elty term becomes less meaningful as textual overlap is
bounded by design. We therefore use the normalized variant
VPTTcore-C = %(PA + GS + CP), which equally weighs
the three active components. We further justify the weights

in Sec 4.2.1 while computing the correlations. The novelty
term is also set to zero for the baselines not conditioned on
the captions. While our experiments report the hard (eval-
uation) forms for interpretability, the differentiable variant
makes VPT T suitable as a learnable objective in future
personalization pipelines.

4. Evaluations

4.1. Baselines

We benchmark VPTT Framework against two baseline cat-
egories. First, scalable privacy-safe pipelines including
Baseline - no access to any asset, Persona Only - access to
demographics information, and Baseline RAG BRAG [7],
a strong baseline with access to all the persona captions
for personalization (see Figure. 5). These operate via re-
trieval and rewriting without model retraining, allowing
large-scale evaluation across 10,000 personas. Second,
we reference high-cost personalization baselines such as
DB-LoRA [1], Flux [5], DrUM [29], MLLM [39, 58],
and VIPER [47], which rely on user-specific fine-tuning
or only preference optimization. These are computation-
ally intensive and non-scalable, so we evaluate them only
on smaller subsets and report results in the Supplemen-
tary. This separation highlights VPTT’s focus on scalable,
privacy-safe personalization while remaining comparable to
existing high-fidelity methods.

4.2. Quantitative Evaluation

Evaluating the VPTT is intrinsically challenging because

the outcome depends on a cascade of interacting systems:

1) Prompt Generation: The rewriter LLM must faithfully
express a persona’s stylistic intent.

2) Image Generation: The T2I or I2I model must accu-
rately translate those prompts into coherent visual con-
tent.

3) Evaluation: The VLM judge must perceive the subtle
consistency between the generated content and the per-
sona’s authentic visual identity.

VPTT performance improves as these three domains ma-
ture. To systematically evaluate them, we design a three-
stage protocol addressing three central questions (Q1-Q3).
All experiments are conducted across a spectrum of models
from open-source Qwen2.5-7B-Instruct [58] to efficient
GPT-40-mini [40] and high-capacity Gemini-2.5-Pro [9]
ensuring robustness across compute budgets. To make the
evaluation holistic, we consider both image generation and
editing tasks.

4.2.1. Q1: Can We Trust Our Metrics?

Before scaling the evaluation, we verify that our automated
metrics i.e. VLM judgment and the text-only VPTTy.q;e
faithfully approximate human perception.
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Table 1. Quantitative comparison for generation and Editing Tasks
across 6000 human annotations. We report mean (Avg.) and
accuracy (Ace.) scores for three evaluation levels: text-based
VPTTscore-¢ (0-1), vision-language VLM (0-5), and human
judgments Human (0-5). Higher is better for all.

VPTTgcore-c (Text) VLM (Visual) Human (Perceptual)

Method

Avg. Acc. Avg. Acc. Avg. Acc.
Baseline 0.329 0.0% 241 4.6% 1.64 0.70%
Persona Only 0.400 7.3% 332 192% 251 16.0%
BRAG 0.420 19.3% 352 21.6% 2.69 21.3%

VPRAG (Ours) 0.464 73.3% 432 54.6% 3.34 62.0%

Human Study. We collected about 6,000 human ratings
using images across four methods (see Table. 1), three LLM
generations and two tasks (image generation “A preferred
outdoor spot” and editing “Here is a convention center. Add
a preferred event”), from 20 annotators. Inter-annotator
agreement was substantial (Kendall’s W = 0.651 4 0.141
for Generation, 0.564 £ 0.209 for Editing), confirming con-
sistent human understanding of personal authenticity.

Metric Calibration and Validity. We validate the pro-
posed metrics by measuring Spearman’s rank correlation
(p) between automated judgments and human ratings (Fig-
ure 1). For efficient evaluation, we use 10 visually and se-
mantically matched posts out of 30 under a budgeted eval-
uation setup (Sec. 3.4). We calibrate the VLM judges us-
ing GPT-40 and Gemini-2.5-Pro, wherever applicable to re-
move evaluation bias on a small set. In evaluation of the
whole set, VLM-based judgments strongly align with hu-
man perception (combined p = 0.67, generation: 0.75).
Our text-only VPTTg.oe-c metric achieves comparable
agreement (combined p = 0.68, generation: 0.78) with a
Top-2 agreement accuracy of 99%, confirming its reliabil-
ity as a human-perceptual proxy. VPTTgcoe-c also corre-
lates well with VLM scores (combined p = 0.57, gener-
ation: 0.70), indicating consistent cross-modal alignment.
While editing correlations are lower (p ~ 0.5) due to the
finer granularity of localized visual edits and potential per-
ceptual losses after downsampling, generation consistently
exceeds 0.7, demonstrating the robustness of our metric de-
sign. Finally, we report the averaged raw scores in Table. |
where our method VPRAG is a clear winner across all the
evaluations. Overall, these results establish VPT T ope-C
as a fast, low-cost, and perceptually grounded surrogate for
human evaluation in large-scale personalization studies.

4.2.2. Q2: Does a Better Prompt Create a Better Image?

With calibrated evaluators, we conduct the main VPTT ex-
periment on 200 personas on two tasks ( across three LLM
models and five methods) under a fixed “three-phrase bud-
get” to ensure fair comparison. This part disentangles what
visual generation is able to achieve with models’ ability to
generate authentic detailed prompts (we evaluate that next).
Evaluation of this extended dataset mitrors the correlation

Table 2. Comparison of Generation and Editing tasks on 200 per-
sonas after VLM calibration across 3 LLM rewrite methods. We
report mean VP T Tcore-c (V-¢) and VLM scores along with win-
ing accuracy (%). Higher is better.

Method Generation Editing

V-¢ Acc. VLM  Acc. V-¢ Acc. VLM  Acc.
Baseline 0.343 0.0% 221 14% 0322 00% 297 10.5%
Persona Only  0.402 12% 298 59% 0399 92% 344 18.5%
BRAG 0451 18.4% 4.04 25.6% 0.415 153% 3.75 24.3%

VPRAG (Ours) 0.472 41.7% 4.08 31.0% 0.448 47.2% 4.03 30.8%
Comb. (Ours) 0472 38.8% 430 36.1% 0436 283% 4.03 15.8%

p = 0.53 (generation : 0.66) of the previous section. Ta-
ble. 2 shows the results (averaged across LLMs) for the
generation and editing tasks. The evaluation again shows
how hierarchical controllable retrieval does not confuse the
models and produce better alignments.

4.2.3. Q3: Is the Architecture Robust at Scale?

To assess generalization, we evaluate all models text-only
across our entire VPTT-Bench benchmark of 10,000 per-
sonas and four tasks (rwo generation, two editing , see Fig-
ure. 2), totaling 120,000 prompt evaluations. The prompts
are limited to 150 words and a budget of 3 (7 = 0.1) is
allocated to all visual element Categories C. The elements
are arranged in decreasing order of relevance and LLM is
given freedom to choose from the list to orchestrate a story
arc. As shown in Table 3, naive rewriters (BRAG) overfit to
captions (often copy-pasting them), earning high alignment
but low originality scores (more detailed in Supplementary)
and hence falling short. In contrast, VPRAG consistently
achieves the best composite VPT Ty, maintaining the
optimal balance between alignment and originality across
all rewriter backbones. This large-scale experiment demon-
strates that VPRAG scales linearly, generalizes across mod-
els, and sustains perceptual authenticity without retraining.

4.2.4. Downstream Study: Feedback Simulation

We evaluate feedback simulation on a smaller subset of 200
personas (10,000 labeled examples) as a proof of concept
rather than a core benchmark. Although this component
is not used in our main quantitative evaluations, it demon-
strates that compact models can learn to simulate user-level
preference alignment from limited supervision. We sam-
ple diverse simulated profiles (95% occupation uniqueness,
96 countries, 10 ethnicity groups) and use GPT-40 [40] to
generate 50 labeled prompts per profile, 20 aligned, 20 mis-
aligned, and 10 neutral, yielding 10,000 labeled examples
with profile-level splits (130/20/50 train/val/test). A com-
pact cross-attention regressor (128-dim, 4 heads) achieves
73.8% overall accuracy (MAE: 0.1259) and 91.6% accuracy
on aligned preference predictions for 50 unseen users (2,525
prompts), with only a 0.7% validation—test gap, showing
that compact models can effectively capture persona-aware
preferences while generalizing to new users. We leave large
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Table 3. Main text-level results across 10,000 personas and three LLM models. We report the novelty-adjusted VP T Tscore (V), plus
Cohen’s d [8] (d = M), measuring effect size relative to the best-performing method per row (tivest) across 20,000 samples per

Spooled

entry. Bold indicates the best method and underline the second-best. The Baseline and Persona Only methods consistently underperform
across both generation and editing tasks. Our VPRAG and Comb. (BRAG + VPRAG) methods achieve the best overall performance,
with Comb. performing slightly better for 40-mini (GPT-40-mini [39]) and Gemini (Gemini-2.5-pro [9]), while VPRAG excels for Qwen
(Qwen2.5-7B-Instruct [58]). Higher Cohen’s d values (d > 0.5 indicates medium to large effects) demonstrate substantial performance
differences, particularly between persona-based methods and baselines. See supplementary material for detailed score breakdowns.

(a) Generation (b) Editing
Baseline Persona Only BRAG VPRAG Comb. Baseline Persona Only BRAG VPRAG Comb.
Model v d v d vV d vV d vV d Model v d v d vV d vV d vV d
Qwen 0316 11.9 0.389 83 0.581 1.1 0.631 NA 0.602 0.7 Qwen 0306 12.0 0.378 8.7 0.583 1.1 0.626 NA 0.586 1.0
4o-mini 0316 12.6 0.402 8.4 0.628 0.5 0.640 0.1 0.644 NA 4o-mini  0.306 12.0 0.384 88 059 09 0.626 NA 0.610 0.5
Gemini 0316 9.8 0.379 7.1 0.616 03 0.625 02 0.632 NA Gemini  0.306 10.7 0.372 8.1 0.583 0.6 0.605 0.0 0.606 NA
Representative Assets Baseline Persona Only VPRAG (ours) BRAG + VPRAG (ours)
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Figure 6. Qualitative Comparison across Generation and Editing Tasks. Representative examples from the VPTT-Bench showing
outputs from five methods: Baseline, Persona Only, BRAG, VPRAG (ours), and BRAG + VPRAG (ours). Each sample is evaluated using
human, VLM (reasoning shown), and text-level VPT Tscore-c scores, where higher indicates closer alignment to the persona’s assets. Our
methods achieve the highest perceptual and text—visual consistency, confirming effective contextual personalization.

scale studies to future extensions.

4.3. Qualitative Results

VPRAG produces visually coherent and persona-faithful
generations across diverse profiles. By retrieving fine-
grained visual cues such as lighting, attire, scene seman-
tics, and stylistic markers, VPRAG enriches the composed
prompts while preserving originality and user-specific vi-
sual elements (Figure 2). These examples also highlight
VPRAG’s ability to perform cross model personalization,
where VPRAG produces consistent personalization across
QWEN:-Image [58] and Nano-Banana [22].

Compared to the persona-only baseline (Figure 6) and
the BRAG baseline, VPRAG achieves stronger contex-
tual grounding, sharper visual fidelity, and more consistent
preservation of persona style. For editing tasks, it addition-
ally injects semantically relevant visual elements. Results
for remaining baselines and additional profiles are provided
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in the Supplementary.

5. Conclusion

We introduced the Visual Personalization Turing Test
(VPTT) as a principled paradigm for evaluating contex-
tual visual personalization, and proposed the VPTT Frame-
work, a scalable system that operationalizes this paradigm.
The framework integrates VPTT-Bench, the VPRAG re-
trieval engine, and the VPT T, metric into a closed-loop
pipeline for simulation, generation, and evaluation with-
out any per-user retraining. Our results show strong align-
ment among human judgments, VLM judges, and the text-
only VPTTg.ore, validating the framework as an efficient,
privacy-safe foundation for personalized generative models.
Future work will incorporate opt-in and federated real-user
signals to further bridge simulated and real personalization
while preserving user privacy.
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