Visual Personalization Turing Test

Supplementary Material

Table 1. Ablation on post count (VPTTcore)-

Posts Base. Pers. Only BRAG VPRAG

2 0.249 0.299 0.513 0.507
5 0.232 0.306 0.525 0.535
10 0.260 0.338 0.549 0.578
20 0.283 0.361 0.569 0.598
30 0.295 0.373 0.585 0.607

Table 2. Ablation on different components using (VP T Tscore-C).

Method | Score | % over BRAG
BRAG (Caption-based) | 0.462 | —
VPRAG \ 0.530 \ +14.8%
Single Post Only 0.113 -75.5%
Random Retrieval 0.501 +8.5%
No Soft Assignment 0.507 +9.8%
No Entropy Selection 0.515 +11.4%
No Category Ranking 0.515 +11.5%

Similarity Distribution: Intra-Profile vs Inter-Profile
(A = +0.216, +49.9%)
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Figure 1. Diversity of outputs across different profiles.

S.1 Additional Details: Formalization of the
VPTT Evaluation Protocol

This section provides additional mathematical clarification
of the Visual Personalization Turing Test (VPTT) evalua-
tion protocol described in the main paper. The formaliza-
tion offers a rigorous scientific grounding for the task and
mitigates subjective interpretation.

Setup. A persona is defined as P = {d, E,C} (demo-
graphics, structured visual elements, and caption memory).

Given a query p, the personalization system produces a
rewritten prompt p’ and a generated visual output

X:g(p/) E‘Xa

where G denotes the visual generative model (see Sec.3.2,
main paper). For brevity, we write X ~ G(- | p, P) to
denote the overall personalization pipeline that includes re-
trieval, prompt rewriting, and generation.

Judge function. As described in the main paper, VPTT
evaluates whether X is indistinguishable from content that
the persona might plausibly create or share. We formalize
this via a judge function
J: X xP—10,1, J(X,P)=plausibility score.
Human annotators and VLM-based judges provide plau-
sibility judgements on a 0-5 Likert scale, which can be
linearly normalized to [0,1]. In large-scale evaluations,

we substitute J with the VPT Ty (Sec. 4, main paper),
which serves as a scalable proxy.

Expected VPTT performance. Let p be the distribu-
tion over persona—query pairs. The expected VPTT perfor-
mance of a generator G is

H(G) = E(P,p)fvu |:]EX~G(»\p,P) [J(Xa P)]:| . (S1)

Finite-sample estimator. Using N personas and K
queries per persona, we estimate Eq. (S1) as

N K
I(G) = =YY J(Xi;,P), Xij~G(-|pij, P).
i=1 j=1

(S2)

Judging modalities.

* Human judges: J(X, P) is the mean normalized Likert
score over annotators.

* VLM judge: J(X, P) is the calibrated normalized Likert
score of the plausibility estimate.

* Proxy judge (VPTTg.oe): for text-scale evaluation,
J(X, P) is approximated by VPTTscore(p’, P), shown
in Sec. 4 of the main paper to correlate with human judg-
ments.
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Figure 2. Comparison to Visual Baselines. We compare VPRAG (along three columns) against a broad set of visual personalization
baselines, including fine-tuning approaches, preference-driven personalization methods, and multimodal LLM (MLLM)-based in-context
techniques. Evaluation is conducted using two metrics: the VIPER Proxy Score (PS) [14] and the Gemini VLM Judge (see Sec. 4 in
the main paper). Across more challenging and nuanced examples shown in the figure, VPRAG consistently emerges as an efficient and
controllable personalization method, performing on par with or outperforming these substantially more expensive baselines.

Metric / Model Flux DB-LoRA Viper DrUM Flux Kontext GPT (VLM + GPT-image-1

etric/Mode @50 @ 1000 @1000 @1000 GPT-image-1 @100) @100

PS (Ours) 0.867 0.678 0.841 0.839 0.858 0.974

+0.173 =+ 0.269 +0.139 +0.184 + 0.180 =+ 0.019

0.656 0.545 0.757 0.541 0.832 0.966

PS (Other) +0.232 =+ 0.292 +0.185 + 0.297 =+ 0.0.163 =+ 0.047
PS Win % (Ours) 80.0 715 68.9 83.4 63.0 44.0
317 2.88 341 311 3.8 373

VJ (OI.II'S) +0.70 + 1.13 +0.57 +0.73 +0.75 + 044
1.99 2.40 2.89 2.29 3.22 3.86

VJ (Other) +0.67 + 121 =+ 0.61 +0.98 +0.71 + 035

VJ Win % (Ours)  88.0 (+2% ties)  61.8 (+15.5% ties)  76.4 (+7.1% ties)  76.4 (+ 7.9% ties) 49.0 (+ 4% ties) 33.0 (+ 12% ties)

Table 3. Benchmark comparison on VIPER Proxy Score (PS) and VLM Judge Score (VJ). Mean and standard deviation appear on separate
lines. Win % reports the percentage of pairwise wins against the compared method for each metric.

1. Ablations and Analysis ages. As history increases (N = 10 — 30), VPRAG con-

sistently widens the gap over baselines, indicating robust

Our N-shot robustness study (Table | shows that the main gains.

bottleneck in the extreme low-data regime (N = 2) is

Gram-Schmidt reconstruction due to an underconstrained
visual basis. Performance recovers quickly: at N =
5, VPRAG (0.535) overtakes the strong BRAG baseline
(0.525), suggesting a minimum viable threshold of ~5 im-

We performed a micro-ablation (VPTTg.oe-C) On the
living room task (see Table 2)). The results confirm that
each proposed “heuristic” (e.g., entropy) is essential for
preventing mode-collapse/generic outputs. Crucially, the
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Figure 3. Copy-Paste Effect. The baselines including MLLMs
suffer from copy-paste effect where the generations and edits only
consider a single or few images of the user assets.

Random Retrieval baseline isolates the impact of retrieval
quality, proving that performance gains stem from our re-
trieval logic rather than the prompt re-writer alone.

Additionally, we show that the text-only deferred ren-
derings do not yield generic outputs with direct evidence.
Humans distinguish generic conditioning from persona-
specific retrieval. Compared to Persona Only (high-level
demographics/interests; the “generic alignment” hypothe-
sis), a blind human study (Table 1 main paper) prefers
VPRAG (54.6%) over Persona Only (19.2%), nearly 3x.
Implication: Such a gap is unlikely if outputs were
generic, suggesting deferred renderings encode persona-
specific contextual signatures (e.g., scene, mood/lighting,
composition) recognized under VPTT. Figure | further sup-
ports this: across 4 prompts, generations show high intra-
profile consistency but lower inter-profile similarity, in-
dicating persistent persona cues rather than collapse to a
generic mean.

2. Reproducibility

The version of VPTT-Bench evaluated in this paper was
strictly safety-filtered. Due to organizational compliance
policies regarding the distribution of synthetic media, the
raw visual assets are retained internally. However, the com-
prehensive generation protocol (Section 6) is provided to
allow the community to safely reconstruct the benchmark.
These constraints do not affect our findings, as our conclu-
sions rely on aggregate alignment patterns rather than spe-
cific images.

3. Limitations and Future Work

Synthetic—Real Gap. Because VPTT-Bench relies on a sin-
gle family of generator models for producing the synthetic
personas, the benchmark inevitably inherits stylistic and
cultural biases of those models. This “real-to-sim” gap lim-
its how faithfully the benchmark captures the full diversity

of real users. A promising direction is to construct future
versions of VPTT-Bench using a heterogeneous ensemble
of generators across organizations and training paradigms.
We argue, however, that a unified v1 benchmark is an essen-
tial step: it moves the field from a data-zero regime to one
where controlled, scalable, and privacy-safe personalization
research becomes possible.

Image-Only Scope. While our retrieval and alignment
mechanisms are modality-agnostic, this work focuses on
image generation and image editing. Extending VPTT
to videos, 3D assets, and multi-view content is a natural
next step, requiring new alignment metrics and temporal-
consistency modules.

Scaling Beyond Individuals. Our method currently
models single-person personalization. Future work can ex-
pand VPTT toward societal personalization: simulating
communities, subcultures, and collective preference dis-
tributions. Such extensions could enable population-level
evaluation, community-aware media generation, and prod-
uct design aligned with specific cohorts.

Enhanced Visual Grounding. Persona assets are cur-
rently represented as rich textual “deferred renderings.” Fu-
ture work may couple these with segmentation or detection
models to retrieve visual elements directly from user images
for opt-in users. This would enable stronger grounding on
real visual evidence and more faithful scene composition.

Structure Preservation. Current generators, includ-
ing those used in VPRAG, do not guarantee preser-
vation of spatial layout during editing. Incorporating
structure-aware diffusion models or control modules (e.g.,
depth/segmentation guidance) may improve fidelity for de-
manding edit tasks.

Human-in-the-Loop Integration. VPRAG can natu-
rally operate as a “visual copilot”: retrieving user-specific
cues, proposing edits, and letting the user refine prefer-
ences. lterative preference learning, reinforcement from
user feedback, and federated fine-tuning represent com-
pelling next steps.

Real-World Deployment. Although we use synthetic
personas for privacy reasons, the same dataset construction
pipeline can be inverted to annotate and structure real user
data in an opt-in or federated setting. This would enable
applying the VPTT Framework directly on real personal-
ization tasks while maintaining strong privacy guarantees.

4. VPTT at scale
4.1. Analogy for Deferred Rendering in VPTT

An analogy for our “deferred rendering” process is an ex-
pert film critic. A critic invests considerable effort watch-
ing hundreds of movies (the expensive offline alignment) to
internalize what makes a script succeed on screen. Once
trained, the critic can read a new script and predict whether
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Figure 4. VPTT-Bench Ethnicity and Location Diversity. Ethnicity and location diversity of the users in VPTT-Bench

it would make a compelling film before spending millions
producing it.

Similarly, VPTT evaluates a candidate prompt against
a persona’s visual identity in text form, first aligning Hu-
man/VLM judges/VPTTg.ore and using cheap and reliable
VPTTore before generating any images. This enables
early rejection of weak generations, reducing costly render-
ing and accelerating personalization at scale.

4.2. Comparison to Visual Baselines

Returning to our “deferred rendering” analogy, VPTT al-
lows us to evaluate a “script” (a candidate prompt) before
producing the “film” (the final generated image). In this
context, several existing personalization approaches can be
interpreted as high-budget productions that must render the
entire film before knowing whether it works:

¢ Per-user finetuning methods such as Dream-
Booth/LoRA [1] require retraining for each identity.

* Preference-driven generation systems such as VIPER
and DrUM [6, 14] rely on only matching the preferences
from images and text.

Multimodal LLM pipelines (e.g., OpenAl GPT-4o
VLM + GPT-Image-1 [10, 11], GPT-Image-1 [10], and
Flux Kontext [9]) operate as large black-box modules that
jointly hallucinate alignment and appearance, but remain
difficult to control or steer.

Because these methods must generate/input images to re-
fine alignment, they cannot benefit from early rejection or
even privacy safe benchmarks. They thus incur high la-
tency, high cost, and weaker controllability. In contrast,
our VPRAG approach evaluates alignment in text first using
VPTTycore, requiring no per-user training and no iterative
image synthesis.

4.2.1. Evaluation Metrics

For evaluation, we assess generation quality using both au-
tomated metrics (VIPER proxy score [14], assigns higher
scores to query images that share the preferred visual at-
tributes) and human-aligned VLM judges (Aligned Gemini
2.0 Flash [4], see Sec 4 in the main paper), where judges
compare baseline and personalized generations, i.e., using
“A preferred outdoor spot” or “A Photo showing my next
social media post with my style and content.” and the per-
sonalized version per profile using VPRAG.

4.2.2. Evaluation Protocol

Flux DB-LoRA@50 We fine-tune FLUX.1-dev [8] using
LoRA with rank 16 on attention layers, training for 1000
steps with the Prodigy optimizer and pivotal tuning on CLIP
text encoder. Each user’s LoRA is trained on 30 gallery im-
ages paired with a user-specific trigger word to learn per-
sonalized visual styles. Since training LoRAs is expensive,
we train this baseline for 50 users to make this evaluation
comprehensive.

VIPER@1000 We evaluate VIPER [14], a visual prefer-
ence optimization baseline that personalizes SDXL [12] by
optimizing text-to-image alignment. For each user, VIPER
retrieves the top-10 most similar gallery posts given the
prompt and uses both the images and captions to com-
pute visual preferences (positive and negative prompts) that
guide generation toward user-preferred visual styles. The
methods generate images from the test prompt ("A pre-
ferred outdoor spot”) and the personalized one (VPRAG
RAG) using SDXL-base-1.0 [12]. Evaluation is conducted
on 1,000 users. Comparison is done againsta 5 x 2 grid of
reference images (10 gallery posts/ assets).

DrUM@1000 We evaluate DrUM [6], a baseline that per-
sonalizes image generation by conditioning on the user
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Figure 5. VPTT-Bench Age and Interest Diversity. Age Distri-
bution and t-sne visualization (interests) of first 1000 users.

prompt history. For each user, DrUM retrieves the top-
5 most similar captions from their gallery posts given the
prompt and uses them as reference prompts with personal-
ization strength a = 0.5. The methods generate images
from the test prompt ("A preferred outdoor spot”) and the
personalized one (VPRAG RAG) using Stable Diffusion
v1.5 [2]. Evaluation is conducted on 1,000 users, where
comparison is done using both methods’ outputs against a
5 x 2 grid of reference images (10 gallery posts/ assets).

FLUX Kontext @1000 We evaluate FLUX.1-Kontext-
dev [7] in-context learning capability by conditioning gen-

eration on a 5 x 5 grid of 25 reference images from each
user’s gallery. For each user, we generate two images:
one with the base prompt alone and one with a persona-
enhanced prompt i.e. VPRAG (both conditioned on the
same reference grid), allowing us to assess whether in-
context visual conditioning alone is sufficient for person-
alization. Here we evaluate 1000 users for comprehensive
evaluation.

Large Multi-Modal Models We compare VPRAG
against OpenAI’s GPT-Image-1 [10] with two approaches:
(1) GPT (VLM + GPT-Image-1 @100) [10, 11] a visual
analysis baseline where GPT-40 [11] analyzes a 5 x 5 grid
of 25 user gallery images to extract visual style preferences
(foreground, background, materials, objects, lighting, ac-
tions, environment, appearance) and generates a refined 3-
phrase prompt that incorporates these elements alongside
the base prompt (A preferred outdoor spot”), and (2) GPT-
image-1 @100 visuals generated directly using 5 x 5 grid
of 25 user gallery images by GPT-Image-1 [10]. This eval-
uation used the unconstrained version of VPRAG with the
prompt ”A Photo showing my next social media post with
my style and content.” (Figure. 2 in the main paper). These
are compared with the VPRAG augmented generations.

The system prompt for the GPT (VLM + Image Gen
@100) baseline is:

You are an expert at analyzing
visual styles and preferences from
image collections.

Analyze the provided images and
create a detailed image generation
prompt that will generate a new
image matching both:

1. The requested text prompt

2. The visual elements from the
reference images so the generated
image looks like it’s from the
same gallery

Focus on visual elements like:
foreground, background, materials,
objects, lighting, actions,
environment, appearance, etc.

Your prompt should be EXACTLY

3 short descriptive phrases
separated by commas.

The user prompt of the baseline is:
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Figure 6. Diversity of 10K Synthetic Personas. We visualize the diversity of our 10,004 synthetic personas using t-SNE dimensionality
reduction on averaged caption embeddings (OpenAl text-embedding-3-small, 1536-dim) from each persona’s 30-image gallery. Points are
colored by age. The average pairwise cosine similarity of 0.611 indicates balanced diversity ; personas occupy a shared human aesthetic
space while maintaining distinct individual preferences. Our dataset spans 174 countries and 5,460 unique occupations, with 39,003
unique interests and 269,035 visual elements across all personas. Each persona averages 7.1 interests, 5.7 personality traits, and 38.6 visual
elements, ensuring rich and diverse personalization signals for image generation models.

, The prompt for the GPT-image-1 @100 baseline is:
Here are images from a user’s

profile. Analyze the visual
style, color preferences,
composition patterns, and
aesthetic choices in these images.
Pay attention to: foreground
elements, background, materials,
objects, lighting, actions,
environment, and overall

Focus on visual elements like:
foreground, background, materials,
objects, lighting, actions,
environment, appearance, etc. in
the images in this grid. Generate
an output image for ”base_prompt”

compositio?. . using these visual elements such
Create an i1mage generation prompt that the resultant image also
for: ”base_prompt”

feels like it belongs to this

The prompt should incorporate profile.

visual elements from these images
so the generated image feels like
it’s part of the same gallery.
IMPORTANT: Your response must be The prompt for the GPT-image-1 @100 VPRAG is:
EXACTLY 3 short phrases separated
by commas.
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Figure 7. This Figure is only for illustration and not a part of the main dataset. The human figures shown in the sample images are
non-author volunteers who provided consent. Their faces and all identifying cues (e.g., location) are fully anonymized.
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Figure 8. This Figure is only for illustration and not a part of the main dataset. The human figures shown in the sample images are
non-author volunteers who provided consent. Their faces and all identifying cues (e.g., location) are fully anonymized.

Using the wvisual style from
these reference images, create:
?personalized_prompt” .

4.2.3. Results

Table 3 compares these baselines. Here, our method outper-
forms all the methods or has comparable performance with
the large multi-model models. In Figure 2, we show results
on more nuanced and difficult examples, where VPRAG
consistently emerges as an efficient and controllable per-
sonalization method, performing on par with or outperform-
ing these substantially more expensive baselines. While

in-context learning (ICL) approaches such as GPT-40 [11]
or GPT-Image-1 [10] can condition generation on a set of
reference images, they suffer from two fundamental limita-
tions that our persona-based formulation directly addresses.

First, ICL is not controllable. Without explicit struc-
ture, these models frequently copy or closely mimic indi-
vidual gallery images rather than synthesizing novel content
(see Figure 3) from a coherent blend of visual attributes. In
our evaluation, penalizing such copy-paste behavior results
in a substantial performance drop for the ICL baseline (4.08
— 3.86; a 5.4% decline), whereas our persona-enhanced
method exhibits far greater robustness (3.83 — 3.73; only a
2.6% decline). This indicates that our approach learns to ag-
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Figure 9. 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 [15] and generations and edits by Nano-Banana [5]
conditioned only on the first image.

Baseline Persona Only BRAG VPRAG (ours) BRAG + VPRAG (ours)

Generation
“A preferred outdoor spot”

“Here Ls a convention center.
Add a preferved event”

Figure 10. 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).

gregate and recompose visual patterns across multiple refer- with the number of reference images (O(n)). This makes
ences instead of replicating isolated scenes. Moreover, ICL evaluation impractical for settings requiring richer user his-
provides no principled mechanism for selecting which vi- tories or larger galleries.

sual attributes to incorporate: all gallery images are treated
uniformly, causing models to focus on salient but poten-
tially irrelevant cues.

Third, ICL is not economically viable at scale. At
GPT-40 Vision pricing (approximately $0.01 per processed
image), a single personalized generation conditioned on a

Second, ICL is not scalable. Performance degrades typical gallery (e.g. 25 images) incurs roughly $0.25 in
as gallery size increases due to context-window constraints image-token cost alone. A user generating 100 personalized
and attention dilution, and inference cost grows linearly images would therefore cost about $25; serving one million



such users would exceed $25M, excluding text-token fees
and overhead. Additionally, these closed-source APIs im-
pose rate limits and quota restrictions, rendering them un-
suitable for high-volume, production-scale personalization
workloads.

As larger vision models continue to become more de-
mocratized and cost-efficient, VPTT will only become more
practical and broadly applicable, enabling scaled evaluation
across a wider range of personalization tasks.

5. Additional Results

Additional results as an extension to Figure 2 in the main
paper are shown in Figure 9. Additionally, more examples
, also an extension to Figure 6 in the main paper are shown
in Figure 10.

6. VLLM-Bench Construction (Detailed)
6.1. Conceptual Basis: Deferred Rendering

VLLM-Bench conceptualizes text generation as deferred
rendering of visual identity. Instead of pixels, each profile is
expressed through language-level equivalents of visual cues
i.e., objects, lighting, actions, background, foreground, ma-
terials, appearance, expressions, pose etc., that together rep-
resent how a concept would appear in visual media. This
abstraction decouples personalization from rendering, en-
abling scalability, and privacy-preserving use.

Bidirectional Symmetry. The process is fully reversible:
images — caption — visual elements — preferences — persona.

In forward mode, we generate structured text; in inverse
mode, real user profiles can be captioned and converted into
the same structure, enabling safe, text-only adaptation.

6.2. Demographic Generation

6.2.1. Seed Initialization from PersonaHub

We initialize 10K personas from PersonaHub [3], which
contains ~200K curated human-authored persona descrip-
tions. Each persona is derived using:

seed_index; = hash(7) mod 200,000, (1)

ensuring deterministic diversity across geography, age, and
profession.

6.2.2. Two-Stage Demographic Expansion

Stage 1a: LLM-Based Demographics with Bias Mitiga-
tion. Given a seed s, we use Qwen2.5-72B-Instruct to in-
fer country, city, ethnicity, and gender. When confidence in
location grounding is low, hash-based diversity re-mapping
adjusts sampling with region-specific override rates: In-
dia/South Asia (70%), United States (65%), United King-
dom (60%), and Canada (50%). This guarantees balanced

representation across 9 ethnicity groups and 60+ authentic
cities.

Stage 1b: Persona Completion. Demographic scaffolds
are expanded into 20+ attributes, including occupation, ed-
ucation, interests (5—8 domain-specific), social-media tone,
and lifestyle traits. Gender is inferred only when explic-
itly stated in the seed description; otherwise, it is marked
as “unknown” to avoid introducing occupational or cultural
stereotypes. While residual bias may still propagate through
downstream image-generation models, the final version of
VPTT-Bench will include additional filtering and adjust-
ments to mitigate such demographic biases.

6.3. Visual Elements and Preference Generation

Each persona contains a structured visual vocabulary with

15-20 entries per facet:

» Foreground: subjects, actions, objects, body poses;

* Background: environments, landmarks, lighting, tex-
tures;

* Atmospheric: materials, color palette, mood, time of
day.

At least 70% of all elements reference culturally authentic

motifs drawn from the persona’s region (e.g., Seoul Tower,

Kashmiri gardens, or Venice canals).

We also generate 15-20 aesthetic and behavioral pref-
erences (e.g., “prefers warm lighting,” “posts minimalist
compositions,” “documents festivals”) that act as latent con-
ditioning factors. These are then used in feedback simula-
tion part of the method to learn subjective preferences.

6.4. Scenario and Caption Generation

Each persona produces 30 posts in two phases:

1. Scenario Generation: We sample 6—8 high-temperature
(tr = 0.9) scenarios per batch with diversity con-
straints across content type (35% activity, 25% appreci-
ation, 25% shared content, 15% selfie), temporal variety
(day/night, seasonal), and social context (solo/group).

2. Caption Synthesis: For each scenario, the LLM be-
haves as a vision-language model and produces a 150-
250-word caption containing: (i) compositional details,
(ii) cultural context, (iii) visible preferences, and (iv) an-
notated facets (foreground, background, atmosphere).

Each caption is encoded using the

text-embedding-3-small model (1536D). Un-

used elements are pruned to ensure structural consistency.

6.5. Parallelized Generation Pipeline

The dataset is produced on an 8§ xA100 GPU cluster with
vLLM-optimized Qwen2.5-72B. Dynamic batching (10—
200 profiles) yields 50-150 profiles/hour. Generation of
10K profiles (300K posts) completes in ~66-200 hours.
See Table. 4.



Table 4. VPTT-Bench Generation Statistics.

Metric Value

Total personas 10000
Posts per persona 30

Total posts 300000
Mean caption length 187.2 words
Mean visual elements/persona 453

Parallel throughput 50-150 profiles/hr

Profiles with fewer than 10 valid posts are excluded. All
attributes, embeddings, and metadata are stored in JSONL
format.

6.6. Privacy, Scalability, and Extensibility

Because all profiles are text-based, VPTT-Bench operates
fully under deferred rendering, guaranteeing privacy and
model-agnostic applicability. The dataset can be scaled to
millions of profiles or augmented with real-world profiles
through inverse captioning:

caption — elements — preferences — persona.

This symmetric design ensures both the generative and an-
alytical components of VPTT Framework can operate with-
out any visual exposure, making VPTT-Bench a reusable
personalization benchmark.

7. Visual Assets Generation

7.1. Mathematical Face Diversity System

To ensure controlled, globally diverse identity synthesis, we
implement a deterministic facial attribute generator produc-
ing 97.2M unique combinations. These are then added to
the demographics description to first generate a user per-
sona image and then conditioned on this image to generate
30 assets.

Attribute Space. Ten facial attributes with 4-6 discrete
options each are defined: face shape, eye shape, eye size,
nose type, jawline, cheekbones, lip shape, eyebrow type,
face length, and chin shape. For each user ID and age group,
we compute:

seed = hash(user_id, [ £ ]) mod 2%,
and draw attributes F' = {a1, ..., a19} from the option sets
{O;}. Modifiers such as age-adapted details (e.g., “bright
eyes” vs. “wisdom lines”), expression labels, and photo
styles are applied to achieve additional realism.

Combinatorial Diversity.

10
N =[] 10:| x |A] x [E] x |S] = 9.72x107,

=1

where A denotes age modifiers, E/ expression states, and S
photo styles. This formulation ensures reproducible sam-
pling and balanced variation across users.

7.2. Two-Phase Image Generation Pipeline

Phase 1: Persona Base Generation (Text-to-Image).
Each persona’s base portrait is synthesized using Qwen-
Image 2509 [13, 15] diffusion models. Prompts combine
demographics and generated facial attributes:

“photo of a person, {gender}, {race/ethnicity}, {age}
years old, works as {occupation}, from {city, country},
{oval face shape}, {almond eyes}, {high cheekbones},
{full lips}, professional portrait, confident expression,
natural lighting.”

Generation parameters:

* Model: Qwen-Image or Qwen-Image-Edit (vanilla mode)
* Resolution: 1344x768

 Steps: 50, CFG=0.0, Seed=Deterministic per user

* No negative prompts (maximizes diversity)

Phase 2: Post-Specific Editing (Image-to-Image). Each
persona’s 30 textual posts is rendered by Qwen-Image-Edit-
2509. Prompts differ by post type:

* Activity / Selfie / Shared Content (70%):

“{caption}, wearing {clothing},  with

{expression}, {pose}.”
* Appreciation Posts (30%):

Prompt:  “{scene_description}” Negative:
“person, people, human, face, body, portrait”

Configurations.

» Standard Mode: 40 steps, CFG=4.0, ~15-20 s/image

* Lightning LoRA Mode: 4-8 steps, CFG=4.5,
~3-5 s/image (4x faster)

Pronouns are replaced with “this person” to ensure gender

neutrality.

7.3. Parallel Multi-GPU System

An 8xA100 cluster executes both phases in parallel. Mod-
els are cached per GPU; tasks are dynamically queued via
thread-safe managers to maintain 100% utilization. Phase
1 (base portraits) and Phase 2 (post edits) can run indepen-
dently or sequentially (Table. 5).



Table 5. Synthetic Image Generation Performance Metrics.

Metric Value

50-80 images/hour/GPU
180-240 images/hour/GPU
<24 GB/GPU (bfloat16 precision)

Throughput (standard)
Throughput (Lightning)
Memory footprint

8. VPTT-Bench Stats

To illustrate the diversity of the benchmark, Figure 4
presents the distribution of ethnicities and countries of ori-
gin. Despite the modest number of samples, the population
is highly diverse. Similarly, Figure 5 reports the age distri-
bution of the benchmark and the interests of the first 1,000
users, grouped by ethnicity. At a larger scale, Figure 6 visu-
alizes the averaged caption embeddings of 10K users, high-
lighting diversity across age groups and visual attributes.

9. VPRAG Algorithm

To formally define the steps used by our VPRAG method,
Algorithm 1 shows a compact form of the retrival engine.

10. Real-World Examples

Only for demonstration purposes, we include a small set of
real-world example images that illustrate the types of visual
inputs supported by our method. These images are not part
of the training set, evaluation benchmarks, or any quantita-
tive analysis; they are shown solely to help readers qualita-
tively understand the range of scenarios in which the system
operates.

The human figures (Figures. 7 and 8) shown in the sam-
ple images are non-author volunteers who provided in-
formed consent for their anonymized photos to be used for
illustration. All faces and identifying features (e.g., facial
attributes, backgrounds revealing location) have been fully
obscured to preserve privacy. These individuals have no re-
lationship to the authorship of the paper, and their inclusion
does not reveal author identity in any way.

These examples highlight the diversity of environments,
poses, and visual conditions encountered in typical user-
generated content, and demonstrate how the proposed sys-
tem generalizes across varied real-world scenes.

11. Expanded Tables.

Tables 6, 7, 8, 9, shows the expanded versions of the Table
3 in the main paper. Here we report both VPT T e-Cc and
VPTTcore scores showing the results are consistent with
the experiments in the main paper. Cohen’s d in these table
are computed against the Baseline.

Algorithm 1 VPRAG with Optional Feedback Re-ranking

1: Inputs: query p, persona memory M = {(E;,¢;)} ¥,
categories C, budgets {Q(®)}, temperature 7, category
embeddings {uy }

2: Embedders: post:
Embedpinizm

3: Qutputs: re-prompt p’, (optional) re-ranked p*

4: Post-level retrieval:

Embedopenat (p) .

[HB ’
exp(q'vi/T) .

> exp(alv;/7)’
Nefr <—exp(H )

7. Q + >, QW; K« min (|neg], 2Q)

8: Z < TopKIndices(w, K)

9: Category priorities & quotas:

10: priority, < q'ug; Csorea < SortBy(priority,,)

11: for k € Cyorreq do

Embedopenar,  element:

v <_ EmbedopanI (Cl)
¢ [RIP

6: W; H «+ = wilogw;

(k)
122 B |EW| ieT; P« {h@(k)J
13: end for

14: Element ranking (atomic):

15 Qo 4 SSgumle)s g

16: for k € Cyorieq do

17:  for¢ € Zdo

18: if qi(k):() then continue

19: Si,k (—TOpK(E,Ek), qgk); cos(EmbedMiniLM(~), qelm))
20: Sp — gp U Si,k

21:  end for

22: end for

23: Compose: p/ — fCOmpose (p; gp) {Ol’ fcompose (P, Sp, Ep)
if S, is precomputed }

24: (Optional) feedback re-ranking:

25: Train small fy on few profiles: (p’, P) — svim €[0, 1]

26: At inference, sample {p/ }M_, and pick p* =
arg max,, fo(Embed(p!,), Embed(P))

27: return p’ (or p'*)

12. User Study Protocol

To measure how well generated images align with an in-
dividual’s visual style, we conducted a human evaluation
following the VPTT. Each task presented annotators with
a 10-image gallery representing a user’s typical aesthetics,
environments, lighting preferences, clothing patterns, and
recurring visual motifs. Alongside the gallery, annotators
viewed a 2x2 grid of generated images (Methods A-D).
Participants rated each generated image independently us-
ing a slider ranging from O to 5, guided strictly by visual
similarity to the user’s gallery rather than image quality, per-
sonal preference, or cross-method comparison.

This setup allowed us to isolate whether a generated
sample belonged to the same visual world as the user’s
posts. Annotators were trained to focus on concrete sig-



nals such as objects, materials, environments, appearance
patterns, lighting, and cultural or stylistic markers. By col-
lecting similarity judgments across thousands of examples,
we obtained a fine-grained human signal for the plausibility
and consistency of personalization across diverse prompts
and visual domains. Here is a concise form of the instruc-
tions:

Annotation Instructions

Rate each generated image from O
to 5 based on:

—— Objects & Materials: Are key
objects or textures similar to
those in the gallery?

—— Environments & Settings:

Are backgrounds or locations
consistent with the user’s style?
—— Appearance Patterns: Clothing
style, color palette, accessories,
poses?

—— Lighting & Atmosphere: Similar
mood, time of day, natural/white
lighting?

—— Cultural / Style Markers:
Recurring themes, sports
references, regional dress, etc.

Do NOT: rate based on image
quality, personal preference,
comparison across methods, or
prompt correctness.

Score Guide:

5 = Excellent match (fits
naturally in user’s gallery)
4--4.5 = Good match

3--3.5 = Moderate similarity
2--2.5 = Weak similarity
1--1.5 = Minimal similarity
0--0.5 = No similarity at all

12.1. VLM Judge for Automatic Persona Evaluation

To complement the human user study, we use a vi-
sion—language model (VLM) as an automatic judge that ap-
proximates the same visual-similarity protocol. For each
user in the generation split, we first construct a profile can-
vas by tiling up to 10 of their posts into a 5x2 grid, with
each post numbered. We then construct a methods canvas
by arranging the five generated images from different meth-
ods horizontally and assigning them blind labels A-E via a
user-specific but deterministic shuffle. The VLM receives

the baseline textutal generation prompt, the profile canvas,
and the methods canvas as inputs, and is asked to score each
of A-E independently on a 0-5 scale based purely on visual
similarity to the gallery, mirroring the human instructions.

For the editing split, the setup is identical except that
we additionally provide the original input image that was
edited. The same VLM judge prompt structure is used, but
the user message explicitly refers to an editing task and in-
cludes the editing prompt. In both cases, we query either
GPT-40 Vision or Gemini-2.5-Pro (to remove the model
bias for the generations by 40-mini or Gemini-2.5-Pro) with
a fixed system instruction and a task-specific user instruc-
tion. The model returns natural-language lines that we parse
into per-method scores in [0,5] (with 0.5 increments) and
short explanations.

System prompt (VLM judge):

You are an expert visual judge
evaluating AI-generated images
for visual similarity to a user’s
persona.

Evaluate how well each generated
image captures the VISUAL ELEMENTS
from the persona’s posts.
**EVALUATION CRITERIA (Visual
Similarity) :*x*

1. xxObjects & Materialsxx:
Same objects, materials,
textures visible in posts?

2. **Environment & Settingxx:
Similar locations, backgrounds,
environments? 3. xxAppearance
Patterns**x: Similar clothing
styles, colors, expressions?

4. xxLighting & Atmospherexx:
Similar lighting, mood,
atmosphere? 5. *xColors &
Composition**: Similar color
palettes and visual composition?
6. *xCultural/Style Markersx*x*:
Similar cultural elements,
aesthetic style?

**SCORING (0-5 scale, use 0.5
increments) :*x* — *x5.0%*:
Excellent visual similarity -
Captures most key visual elements
from posts - *x4.0-4.5%x%: Good
visual similarity - Several key
visual elements present




— %%3.0-3.5xx: Moderate visual
similarity - Some visual elements
recognizable — *%2.0-2.5%%: Weak
visual similarity - Few visual
elements match — *x1.0-1.5x%x:
Minimal visual similarity -
Barely any visual connection -
*%0.0-0.5%*x: No visual similarity
- Completely different wvisual
style x**xIMPORTANTx**: Focus

on VISUAL similarity, not just
conceptual alignment.

C: Score=Z.Z - [l1-2 sentence
explanation of why this score,
focusing on specific visual
elements] D: Score=W.W — [1-2
sentence explanation of why this
score, focusing on specific visual
elements] E: Score=V.V - [1-2
sentence explanation of why this
score, focusing on specific visual
elements]

User prompt (generation tasks):

TASK: Evaluate these 5 generated
images for visual similarity to
the persona’s posts

**GENERATION PROMPT : %
"{base_prompt}"

+*%*IMAGE 1 (Reference - Profile
Context) :*x Grid of selected
posts from the persona’s gallery
(numbered) .

*%*IMAGE 2 (Generated Images to
Evaluate) :#* 5 generated images
labeled A through E (left to
right). Each was generated using
a different approach (you don’t
know which approach was used for
which image) .

**YOUR TASK:** For EACH image

(A, B, C, D, E), score 0-5 based
on: - How similar are the VISUAL
ELEMENTS (objects, environment,
appearance, lighting, colors)?

— Do the generated images look
like they could belong to the same
persona’s gallery? - Are there
recognizable visual patterns from
the posts?

Respond in this EXACT format (one
line per image): A: Score=X.X -
[1-2 sentence explanation of why
this score, focusing on specific
visual elements] B: Score=Y.Y -
[1-2 sentence explanation of why
this score, focusing on specific
visual elements]

User prompt (editing tasks):

TASK: Evaluate these 5 edited
images for visual similarity to
the persona’s posts

**EDITING PROMPT:«++ "{base_ prompt}"
**IMAGE 1 (Input Image) :x* The
original input image that was
edited.

**IMAGE 2 (Reference - Profile
Context) :x%x Grid of selected
posts from the persona’s gallery
(numbered) .

**IMAGE 3 (Edited Images to
Evaluate) :x+* 5 edited images
labeled A through E (left to
right). Each was edited using

a different approach (you don’t
know which approach was used for
which image) .

**YOUR TASK:xx For EACH image

(A, B, C, D, E), score 0-5 based
on: - How similar are the VISUAL
ELEMENTS (objects, environment,
appearance, lighting, colors)? -
Do the edited images look like
they could belong to the same
persona’s gallery? - Are there
recognizable visual patterns from
the posts?

Respond in this EXACT format (one
line per image): A: Score=X.X -
[1-2 sentence explanation of why
this score, focusing on specific
visual elements] B: Score=Y.Y -
[1-2 sentence explanation of why
this score, focusing on specific
visual elements] C: Score=Z.Z -
[1-2 sentence explanation of why
this score, focusing on specific
visual elements]




D: Score=W.W - [1-2 sentence
explanation of why this score,
focusing on specific visual
elements] E: Score=V.V - [1-2
sentence explanation of why this
score, focusing on specific visual
elements]

13. Implementation Details

For Table 3 in the main paper, we use Qwen2.5-7B-Instruct
via vVLLM for text generation (I' = 0.1, top-p = 0.9, max
tokens = 256, seed = 42). For GPT-40-mini, we use
T = 0.1, seed = 42. We use Gemini-2.5-Pro with T" = 0.7,
top-p = 0.95. This temperature is chosen as we noticed that
lower temperatures tend to truncate the text. Our soft as-
signment mechanism computes post-level attention weights
via softmax with temperature 7 = 0.1.

For the VLM judges in the main paper, we use Gemini-
2.5-Pro with temperature 7' = 0.0, top-p p = 0.95, and
maximum output tokens of 5000. Another variant is the
GPT-40 Vision with temperature 7" = 0.0 , and seed = 42.

For the feedback network, we train a lightweight cross-
attention transformer to predict user-prompt alignment
scores. The model takes text-embedding-3-small (1536-
dim) embeddings of user profiles and prompts as input, pro-
jecting them to a 128-dimensional hidden space. Cross-
attention with 4 heads allows the profile representation to
attend to prompt features, followed by a feed-forward net-
work (128 — 256 — 128) with residual connections and
layer normalization. The final prediction head (256 — 128
— 64 — 1) outputs scores in [0,1] via sigmoid activation.
We train with AdamW (Ir=0.001, weight decay=0.05) us-
ing MSE loss, with dropout=0.2 for regularization and early
stopping (patience=10).
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Table 6. Method Comparison Across LLMs (Cultural Site Prompt)

Individual Metrics

VPTTscore-c (Uniform Weights)

VPTTscore (Novelty Adjusted)

LLM Method PA GS CP NV Score  Win% d Score Win% d
(vs base) (vs base)
Baseline 0.150 0.375 0.589 - 0.371 0.0% - 0.319 0.0% -
Persona Only 0.364 0.429 0.630 - 0.474 0.1% 4.18 0.391 0.0% 3.62
4o-mini | BRAG 0316 0597 0.674 0.858 | 0529  8.7% 4.40 0616  11.5% 10.94
VPRAG (Ours) 0401 0591 0660 0900 | 0.551  17.9% 5.76 0.635  31.8% 13.19
Comb. VPRAG+BRAG (Ours) 0.419 0.641 0.686 0.821 0.582 73.3% 5.95 0.646 56.8% 12.73
Baseline 0.150 0.375 0.589 - 0.371 0.0% - 0.319 0.0% -
Persona Only 0.325 0.417 0.627 - 0.456 0.1% 345 0.378 0.0% 3.00
Qwen BRAG 0.395 0.670 0.683 0.441 0.583 48.6% 5.38 0.573 14.5% 6.34
VPRAG (Ours) 0.378 0.587 0.656 0.863 0.540 11.5% 5.35 0.621 62.0% 12.24
Comb. VPRAG+BRAG (Ours) | 0414 0.649 0.678 0.544 | 0.580  39.9% 5.43 0.590  23.5% 6.93
Baseline 0.150 0375 0589 - 0371 0.0% - 0319  0.0% -
Persona Only 0278 0407 0.614 - 0433 0.1% 223 0362 0.0% 2.00
Gemini BRAG 0.286 0.606 0.647 0.775 0.513 18.2% 3.12 0.588 11.6% 7.82
VPRAG (Ours) 0359 0597 0.656 0.893 | 0.537 31.9% 4.69 0.626  58.0% 11.30
Comb. VPRAG+BRAG (Ours) 0.349  0.635 0.667 0.768 0.550 49.8% 4.70 0.614 30.4% 9.46
Table 7. Method Comparison Across LLMs (Social Media Post Prompt)
Individual Metrics VPTTscore-c(Uniform Weights) | VPTTgore(Novelty Adjusted)
LLM Method PA GS CP NV | Score Win% d Score Win% d
(vs base) (vs base)
Baseline 0.174 0.322 0.602 - 0.366  0.0% - 0.312 0.0% -
Persona Only 0.428 0.437 0.659 - 0.508 0.9% 5.85 0414  0.0% 5.34
4o-mini | BRAG 0.434 0.583 0.707 0.828 | 0.574 35.3% 5.45 0.639  29.1% 11.65
VPRAG (Ours) 0451 0.566 0.685 0.899 | 0.567 27.2% 6.17 0.645 40.5% 13.30
Comb. VPRAG+BRAG (Ours) | 0.448 0.581 0.703 0.837 | 0.578 36.6% 6.09 0.643  30.4% 12.64
Baseline 0.174  0.322 0.602 - 0.366  0.0% - 0.312 0.0% -
Persona Only 0.384 0.422 0.656 - 0.488  0.0% 4.66 0400 0.0% 4.33
Qwen BRAG 0.516 0.697 0.707 0.323 | 0.640 81.6% 8.50 0.589 14.7% 7.23
VPRAG (Ours) 0.448 0.583 0.685 0.854 | 0.572 6.1% 6.03 0.641 59.3% 12.52
Comb. VPRAG+BRAG (Ours) | 0.456 0.600 0.702 0.663 | 0.586 12.3% 5.68 0.614 26.0% 8.54
Baseline 0.174 0.322 0.602 - 0.366  0.0% - 0312  0.0% -
Persona Only 0.371 0.424 0.647 - 0481  0.0% 443 0.396  0.0% 4.11
Gemini | BRAG 0.497 0.638 0.694 0.724 | 0.610 60.7% 6.96 0.644  39.0% 11.78
VPRAG (Ours) 0.396 0.544 0.674 0.894 | 0.538 3.7% 491 0.623 13.9% 11.66
Comb. VPRAG+BRAG (Ours) | 0.477 0.610 0.699 0.808 | 0.595 35.5% 6.25 0.650 47.1% 12.10
Table 8. Method Comparison Across LLMs (Empty Living Room Prompt)
Individual Metrics VPTTscore-c (Uniform Weights) | VPTTg.re (Novelty Adjusted)
LLM Method PA GS CP NV | Score Win% d Score  Win% d
(vs base) (vs base)
Baseline 0.115 0.350 0.571 - 0.346  0.0% - 0.299  0.0% -
Persona Only 0.356 0.418 0.635 - 0470 4.0% 5.15 0.387 0.0% 4.56
4o-mini | BRAG 0.264 0.533 0.617 0928 | 0472 5.1% 3.80 0.584 8.9% 11.35
VPRAG (Ours) 0.379 0.560 0.654 0908 | 0.531 81.4% 5.68 0.622 77.7% 13.07
Comb. VPRAG+BRAG (Ours) | 0.306 0.540 0.630 0.924 | 0492 9.4% 4.51 0.597 13.5% 12.24
Baseline 0.115 0.350 0.571 - 0.346  0.0% - 0.299  0.0% -
Persona Only 0.357 0.396 0.630 - 0461 0.3% 5.14 0.379  0.0% 441
Qwen BRAG 0.339 0.547 0.658 0.819 | 0.514 18.9% 4.56 0.593 13.8% 10.67
VPRAG (Ours) 0416 0.583 0.657 0.873 | 0.552 66.7% 6.45 0.630 76.6% 13.54
Comb. VPRAG+BRAG (Ours) | 0.348 0.540 0.657 0.828 | 0.515 14.1% 4.31 0.594 9.7% 10.68
Baseline 0.115 0.350 0.571 - 0.346  0.0% - 0.299  0.0% -
Persona Only 0.333 0.400 0.630 - 0454  3.6% 4.29 0.375  0.0% 3.80
Gemini | BRAG 0.292 0.529 0.619 0915 | 0480 15.8% 3.92 0.586 16.2% 11.07
VPRAG (Ours) 0.322  0.526 0.639 0.937 | 0496 30.1% 4.66 0.601 37.8% 12.48
Comb. VPRAG+BRAG (Ours) | 0.346 0.537 0.643 00913 | 0.508 50.4% 4.93 0.606 45.9% 12.42




Table 9. Method Comparison Across LLMs (Garden Editing Prompt)

Individual Metrics

VPTTgcore-¢ (Uniform Weights)

VPTTscore (Novelty Adjusted)

LLM Method PA GS Cp NV | Score Win% d Score Win% d
(vs base) (vs base)
Baseline 0.131 0.364 0.588 - 0.361  0.0% - 0.312 0.0% -
Persona Only 0.358 0.407 0.622 - 0462  0.2% 3.59 0.380  0.0% 2.98
GPT-40-mini | BRAG 0.311 0.594 0.650 0.867 | 0.518 15.4% 4.33 0.609 17.0% 10.57
VPRAG (Ours) 0403 0.582 0.650 0.901 | 0.545 46.2% 5.12 0.630 52.6% 11.47
Comb. VPRAG+BRAG (Ours) | 0.378 0.588 0.663 0.860 | 0.543 38.2% 4.83 0.623  30.5% 10.92
Baseline 0.131 0.364 0.588 - 0.361  0.0% - 0.312 0.0% -
Persona Only 0.349 0.407 0.618 - 0458 0.2% 2.93 0.377 0.0% 2.52
Qwen BRAG 0.377 0.625 0.668 0.549 | 0.557 27.4% 4.90 0.573  12.0% 6.85
VPRAG (Ours) 0.403 0.583 0.653 0.858 | 0.546 20.9% 5.08 0.623  68.6% 11.05
Comb. VPRAG+BRAG (Ours) | 0.419 0.613 0.678 0.529 | 0.570 51.6% 4.50 0.577 19.3% 6.39
Baseline 0.131 0.364 0.588 - 0.361  0.0% - 0.312  0.0% -
Persona Only 0.313 0403 0.615 - 0444  0.6% 297 0.368  0.0% 2.49
Gemini BRAG 0.251 0.563 0.639 0.850 | 0.484 14.8% 2.88 0.581 14.8% 8.52
VPRAG (Ours) 0.340 0.544 0.651 0913 | 0.511 31.0% 3.94 0.609 46.2% 10.24
Comb. VPRAG+BRAG (Ours) | 0.336 0.582 0.667 0.822 | 0.528 53.6% 4.04 0.606 39.0% 9.66
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