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Abstract

Generative vision-language models (VLMs)
can edit and synthesize images, yet their abil-
ity to adapt visual assets across markets re-
mains under-evaluated. We study cross-market
image transcreation via movie posters, where
localization must preserve a movie’s identity
while matching market-specific design prefer-
ences and multilingual typography. We intro-
duce the Movie Poster Transcreation Bench-
mark (MPTc-Bench), a cross-market bench-
mark of 582 aligned poster examples spanning
34 target markets, and define two task vari-
ants: Surface (text-centric localization) and
Deep (preference-level style adaptation). We
propose a two-stage planner-editor pipeline in
which a VLM planner specifies executable ed-
its and an image editor renders them. We eval-
uate in a triplet setup (source, human target-
market poster, model output) using information-
preservation checks, LLM-as-a-judge ratings
for aesthetics and target-market fit, and objec-
tive similarity signals. Across multiple plan-
ners and editors, experiments reveal substantial
gaps between model outputs and human target-
market posters, highlighting open challenges
for market-aware generation. MPTc-Bench en-
ables controlled, quantitative progress on cross-
market image editing beyond understanding-
centric benchmarks.1

1 Introduction

In translation studies, textual transcreation refers
to creative adaptation beyond literal translation to
elicit an audience-aligned effect (Carreira, 2024;
Kaindl, 2024; Seo, 2018). Recent work adapts
this notion to image editing and formulates im-
age transcreation as translating an image to better
match a target audience while preserving mean-
ing (Khanuja et al., 2024). Meanwhile, generative
vision–language models (VLMs) have made text-
to-image generation and instruction-based editing

1Code and dataset: minamotoorin.github.io/mptc-bench.
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Figure 1: Surface vs. Deep transcreation in MPTc-
Bench. Blue regions indicate the source market; Orange
regions indicate the target market. Top: Surface exam-
ples primarily involve translated typography with minor
layout adjustments. Bottom: Deep examples exhibit
significant shifts in composition and artistic style. (Orig-
inal copyrights retained by owners.)

increasingly practical (Ramesh et al., 2021, 2022;
Saharia et al., 2022; Rombach et al., 2022; Brooks
et al., 2023). This progress raises a core evaluation
question for real deployments: can a model tran-
screate a visual asset for a different market while
preserving the underlying product identity?

In this paper, we study movie poster transcre-
ation, which is distinct from conventional image
transcreation tasks in two key ways. First, movie
posters are inherently multimodal: cross-market
adaptation often requires transcreating text (title,
headlines, slogans) via market-aware copywriting,
while staying faithful to the movie and the poster’s
visual hierarchy (Carreira, 2024; Kaindl, 2024; Seo,
2018). Second, movie posters are semantically
anchored to a fixed narrative and cast, limiting
concept-level visual substitutions; unlike general
image transcreation where culturally grounded vi-
sual elements can be swapped to increase relevance
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(Khanuja et al., 2024), movie poster transcreation
often manifests as implicit market preferences—
latent tendencies in design rhetoric and style (e.g.,
typography hierarchy, layout density, color treat-
ment, and soft-sell versus hard-sell appeals). Such
tendencies are consistent with systematic differ-
ences observed in localized advertising appeals be-
tween Japanese and American print ads (Okazaki
and Mueller, 2008; Okazaki et al., 2010).

These constraints make movie poster transcre-
ation a representative task for cross-market gener-
ation and editing: the system must map implicit
preferences into design choices while staying an-
chored to the movie. Movie poster data is abun-
dant and naturally paired across markets for the
same title, making it suitable for quantitative eval-
uation: IMDb provides rich movie metadata, and
Douban.com and Eiga.com host regional movie
poster variants.2

We therefore introduce the Movie Poster Tran-
screation Benchmark (MPTc-Bench), where the
extra “c” emphasizes transcreation (vs. transla-
tion). MPTc-Bench is a cross-market movie poster
dataset of aligned source–target pairs for the same
movie, linked with movie metadata for grounded
generation and evaluation (§3). Our released lists
contain 582 examples spanning 34 target markets,
selected from 4,569 candidate cross-market pairs.
Pairs range from text-centric localization to broader
style adaptation reflecting implicit market prefer-
ences. To separate text-dominated localization
from preference-level visual adaptation, MPTc-
Bench defines Surface and Deep task variants us-
ing perceptual-hash distance between the source
movie poster (SRC) and a human target-market
movie poster (GT) as a proxy for required change
(Zauner, 2010) (§4). Figure 1 illustrates represen-
tative Surface and Deep examples, and Figure 2
summarizes the benchmark pipeline.

Using MPTc-Bench, we evaluate current mod-
els on cross-market transcreation. Movie posters
are complex multimodal artifacts: they combine
dense typography with non-trivial visual layout,
and they must remain anchored to the movie iden-
tity. We therefore adopt a two-stage planner-editor
framework (§4): a VLM planner explicitly enumer-
ates transcreation edits (including preference-level
style changes), while an image editor stage focuses
on faithful execution. This decomposition enables

2IMDb: https://www.imdb.com/; Douban: https://
www.douban.com/; Eiga: https://eiga.com/.

stage-wise evaluation (e.g., planned text localiza-
tion versus rendered text fidelity; §7) and controlled
comparisons across planners and editors.

Evaluating movie poster transcreation is chal-
lenging: there are no established metrics for
whether an output matches target-market prefer-
ences. We therefore contribute an evaluation suite
tailored to this setting. In a triplet setup (SRC, GT,
model output), we combine (i) basic-information
checks (title fidelity and genre/year quizzes), (ii)
judge-based assessments of aesthetic and adapta-
tion quality from a target-audience perspective, and
(iii) reference-based similarity metrics (CLIP em-
beddings (Radford et al., 2021) and FID (Heusel
et al., 2018)) to capture preservation–adaptation
trade-offs.

Experiments across multiple planners and edi-
tors reveal substantial gaps to human target-market
posters, showing that robust cross-market transcre-
ation remains challenging for current systems. In
particular, models struggle to reliably render local-
ized text within coherent layouts, which strongly
affects perceived target-market fit.

Our contributions are:

• MPTc-Bench: an aligned cross-market movie
poster dataset and released evaluation lists
(Surface/Deep) covering 582 examples across
34 target markets.

• A planner-editor framework for transcreation
that enables controlled comparisons across
planners and image editors.

• An evaluation suite that measures basic in-
formation preservation, target-market fit, and
objective similarity, including an LLM-as-a-
judge with market-preference validation.

• Empirical findings showing substantial gaps
to human target-market posters and highlight-
ing challenges in market-aware planning and
faithful typography/layout execution.

2 Related Work

Transcreation and marketing localization. In
translation studies and the language industry, tran-
screation refers to creative adaptation that aims to
elicit an audience-aligned effect, often going be-
yond literal translation in marketing materials (Car-
reira, 2024; Kaindl, 2024; Seo, 2018). Recent work
extends this notion to image transcreation, where
an image is adapted to improve cultural relevance
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Figure 2: Overview of MPTc-Bench.

for a target market while preserving meaning, and
shows that the task remains challenging for current
generative systems (Khanuja et al., 2024). Hanfu-
Bench studies cross-temporal cultural understand-
ing and image transcreation in a heritage domain,
using Hanfu (traditional Chinese garments) as the
anchor (Zhou et al., 2025). To scale evaluation be-
yond expensive human ratings, prior work proposes
automatic metrics that jointly consider cultural rel-
evance, semantic equivalence, and visual similarity
(Khanuja et al., 2025). Our MPTc-Bench differs by
focusing on typography-heavy movie posters with
market-specific design preferences and evaluating
outputs with GT as reference.

Multilingual and multicultural VLM evalua-
tion. Prior work on multicultural evaluation of
VLMs mostly focuses on understanding: recogni-
tion, QA, and reasoning across languages and do-
mains. General-purpose benchmarks such as MM-
Bench (Liu et al., 2024) and MMMU (Yue et al.,
2024) stress broad multimodal capability. Cross-
lingual variants extend VQA to multiple languages
(e.g., xGQA (Pfeiffer et al., 2022)), while recent
efforts probe cultural grounding and multicultural
concepts beyond language translation (Liu et al.,
2021; Bhatia et al., 2024). These benchmarks pro-
vide valuable signals about cultural understanding,
but they do not directly test whether a system can
produce market-appropriate visual artifacts. Our
benchmark targets this complementary axis by eval-
uating cross-market editing under explicit semantic
constraints and target-market design conventions.

Text-to-image generation and editing. Modern
text-to-image models (Ramesh et al., 2021, 2022;

Saharia et al., 2022; Rombach et al., 2022) enable
high-fidelity synthesis, and instruction-guided edit-
ing methods have made controlled visual trans-
formation more accessible (Brooks et al., 2023).
Diffusion-based editing has been studied via text-
driven editing and conditioning mechanisms (Avra-
hami et al., 2022; Kawar et al., 2023; Zhang et al.,
2023). Parallel to method development, several
datasets and benchmarks evaluate instruction-based
editing and inpainting (Wang et al., 2023; Zhang
et al., 2024). MPTc-Bench differs in that it tests
localized creative adaptation (e.g., typography and
layout conventions) using real cross-market movie
poster pairs, making the task closer to practical as-
set localization than generic instruction following.

3 Dataset Collection

The dataset collection method is summarized in
Figure 2 (a).

3.1 Data Sources and Alignment

We construct MPTc-Bench from a merged pool
of movie posters and metadata aggregated from
Douban, Eiga, and IMDb. Concretely, we com-
bine movie poster images from two large regional
movie databases with abundant movie poster vari-
ants: Douban and Eiga, and align them to IMDb
for canonical identifiers and rich movie metadata.
We keep only movies with IMDb alignment and
use the IMDb ID as the canonical key.

3.2 Cross-Market Pairing

Aligned pairs. For each movie with posters from
at least two markets, we select one representative
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Stage Unit Count #Markets

Merged pool Movies 38,177 34
Cross-market candidate Pairs 4,569 34

MPTc-Bench (Surface) Pairs 187 29
MPTc-Bench (Deep) Pairs 395 33

Table 1: Dataset construction statistics. Movie poster
counts reflect a cap of 32 movie posters per movie dur-
ing market annotation for efficiency.

poster per market using a deterministic rule (prefer-
ring locally available images when multiple records
exist) and generate cross-market pairs (SRC,GT).
This produces 4,569 candidate cross-market pairs
from a merged pool of 38,177 movies (Table 1).
To make the direction meaningful, we restrict the
source market to be one of the movie’s production
regions, and treat the remaining markets as targets.
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Figure 3: pHash distance distributions. We stratify
by thresholds 12 (Surface) and 30 (Deep), discarding
intermediate-distance pairs.

Edit intensity proxy. To stratify examples
by required adaptation strength, we compute
the perceptual-hash (pHash) (Zauner, 2010) dis-
tance between SRC and GT. Let h(I) =
(h1(I), . . . , h64(I)) ∈ {0, 1}64 denote the 64-bit
pHash of image I; we use the Hamming distance:

dpHash(Ia, Ib) =
64∑

i=1

[hi(Ia) ̸= hi(Ib)] . (1)

where [·] is 1 if the predicate is true and 0 otherwise.
Low distances typically indicate near-identical im-
agery, while high distances correspond to substan-
tial visual redesign. We define Surface candidates
as pairs with distance < 12 and Deep candidates
as pairs with distance > 30, discarding the inter-
mediate band to avoid ambiguous cases. Figure 3
shows the resulting separation (see also Figure 9

in Appendix B). We report a threshold-sensitivity
check in Appendix B.2.

Balancing and market diversity. To reduce
skew toward markets with abundant movie poster
coverage, we cap sampling to at most k=4 exam-
ples for each directed (source, target) market pair.
We additionally require the source and target mar-
kets to fall into different GLOBE cultural clusters
(House et al., 2004), encouraging cross-cluster tran-
sitions rather than within-cluster variations. See
Appendix B (Figures 8, 10) for detailed statistics.

4 Movie Poster Transcreation

4.1 Problem Setting

We study image transcreation for global movie
marketing: adapting a source-market movie poster
to a target market. In translation studies, transcre-
ation is commonly framed as going beyond literal
translation to achieve audience-aligned communi-
cation in marketing materials (Carreira, 2024; Seo,
2018). In our setting, a system receives a source
movie poster SRC, source/target market and movie
metadata (e.g., genre, year), and outputs a machine-
transcreated target-market movie poster MTc.

The task is constrained by two requirements: (i)
Textual information preservation: preserve recog-
nizable identity and key information; (ii) Target-
market fit: match target-market conventions such
as script, typography hierarchy, layout density, and
common genre tropes. We use aligned human
movie posters (GT) as references for evaluation.

4.2 Task Variants

We define two task variants that differ in the al-
lowed edit scope:

• Surface transcreation. Text-only localiza-
tion: translate and re-typeset title/tagline/cred-
its in the target language while preserving the
original composition and imagery.

• Deep transcreation. Holistic localization:
allow both textual and visual changes (e.g.,
background, color, layout, and localized mo-
tifs) to better match target-market preferences
while keeping the movie recognizable.

4.3 Framework

We adopt a two-stage planner-editor machine tran-
screation framework, as shown in Figure 2 (b).
Movie poster transcreation couples cross-market
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reasoning (what to adapt given the target market
and movie metadata) with challenging visual execu-
tion (especially typography and layout). We there-
fore let a VLM planner externalize decisions as an
explicit edit plan, while an image editor focuses on
faithful rendering. This decoupling improves con-
trollability and enables stage-wise diagnostics via
controlled comparisons across planners and editors.
Each transcreation job provides the source movie
poster (SRC), source/target markets and languages,
and movie metadata (e.g., genre and year) for
grounding. The planner first generates a structured
edit plan; for Surface it focuses on translating and
re-typesetting textual elements with explicit trans-
lations (e.g., provide target-language title/tagline
strings and specify their placement and hierarchy),
while for Deep it additionally proposes preference-
level visual edits (e.g., adjust color palette, layout
density, and background treatment) while keeping
the movie recognizable. We then compose a unified
editing instruction by combining a shared prompt
prefix, the planner plan, and a task-specific tem-
plate, and pass it together with SRC to the image
editor to produce the machine-transcreated movie
poster MTc. Prompts and decoding settings are
provided in Appendix A.1.

5 Evaluation

Evaluating movie poster transcreation is challeng-
ing because quality is multi-faceted and the “right”
target-market adaptation is not uniquely defined.
First, an output must preserve movie identity while
localizing dense typography and layout conven-
tions; failures in multilingual text rendering can
dominate perceived usability. Second, Deep tran-
screation may require stylistic departures, making
reference-based similarity an incomplete proxy for
target-market fit.

To address these challenges, we adopt a triplet
protocol (Figure 2 (c)): for each transcreation
job, we evaluate a model output MTc against
the source movie poster SRC and an aligned
human target-market movie poster GT, forming
(SRC,GT,MTc). The reference GT is used only
for evaluation and is never provided during gener-
ation. We then combine complementary metrics
that directly target the challenges above: (i) ba-
sic information preservation to verify identity
and quantify typography execution, and (ii) subjec-
tive and objective signals by pairing judge-based
aesthetics/adaptation scores with CLIP/FID sim-

Metric Definition

Basic Info.

Title chrF chrF between titles extracted from
GT and MTc movie posters.

Plan chrF chrF between the planner-proposed
title translation and the title extracted
from GT.

Genre hit Multiple-choice genre classification
accuracy on MTc.

Year hit Multiple-choice release-decade clas-
sification accuracy on MTc.

Aes. and Adap.

Aesthetic score Judge score (1–5) for visual natural-
ness/polish of MTc.

Adaptation score Judge score (1–5) for target-market
fit of MTc.

Win rate Judge preference rate of MTc versus
GT (pairwise).

Obj. Similarity

CLIP sim. CLIP cosine similarity between GT
and MTc (Radford et al., 2021).

FIDGT FID between GT and MTc distribu-
tions (Heusel et al., 2018).

FIDSRC FID between SRC and MTc distribu-
tions (Heusel et al., 2018).

Table 2: Evaluation metrics in MPTc-Bench. Basic and
aesthetics metrics are averaged over examples; FID is
computed at the dataset level.

ilarity measures to describe target-market fit and
preservation–adaptation trade-offs, especially for
Deep transcreation where similarity alone is insuf-
ficient. Table 2 summarizes all metrics.

5.1 Basic Information Preservation
We estimate rendered title fidelity by extracting
titles from GT and MTc movie posters via a vision-
based OCR instruction and computing chrF simi-
larity (Popović, 2015). To isolate planning quality
from rendering, we also compute planned-title chrF
by comparing the planner-proposed title translation
against the GT title extracted from GT. We addi-
tionally evaluate coarse semantic correctness with
two multiple-choice quizzes on MTc (genre and
release decade), and report hit rates.

5.2 Aesthetics and Adaptation
We use a judge LLM (GPT-5.1, deterministic de-
coding) (OpenAI, 2025) instructed to role-play as
a target-market audience member and marketing
consultant. The judge assigns 1–5 scores for (i)
visual aesthetics and (ii) target-market adaptation,
and we additionally compute a pairwise preference
rate between GT and MTc with deterministic order
randomization to mitigate position bias. Prompt
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templates and key decoding parameters are pro-
vided in Appendix A.

Judge validation. We validate that the judge
is sensitive to target-market preferences using a
market-preference control task. Given a source
movie poster SRC and a role-play target market,
we pair two aligned human posters from different
markets: the target-market poster GTtgt (for the
role-play market) and a distractor-market poster
GTother. We hide market labels, randomize the
A/B order, and report the target-market preference
rate (fraction choosing GTtgt); the prompt is in Ap-
pendix A.2. Across 1,178 pairs, the judge selects
GTtgt in 96.8% of cases (Figure 4), confirming
strong market sensitivity.
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Judge validation: per-market target preference

Figure 4: Validating judge sensitivity. Bars show how
often the LLM judge favors target-market movie posters.
The blue dashed line marks the overall rate; bar-end
numbers give samples per market.

5.3 Objective Similarity
We compute CLIP similarity between GT and
MTc (Radford et al., 2021). We also report Fréchet
Inception Distance (FID) between (GT, MTc) and
between (SRC, MTc) (Heusel et al., 2018). These
metrics are auxiliary: they are insensitive to text
readability and do not define a universal objective,
especially for Deep transcreation where stronger
adaptation can legitimately depart from SRC.

6 Experimental Setup

Planners. We evaluate two planners: GPT-
4.1 (OpenAI, 2025) and Qwen3-VL-8B
(Qwen3) (Qwen Team, 2025b) (deployed lo-
cally on two NVIDIA RTX 6000 Ada GPUs). This
selection balances a hosted planner with a locally
deployable open-source alternative.

Image editors. We compare six image editing
systems: Gemini 2.5-flash-Image (Gemini 2.5) and
Gemini 3-Pro-Image (Gemini 3) (Google, 2025),
FLUX.1-schnell (Flux.1 Edit) (Black Forest Labs
et al., 2025), SDXL-Turbo (SDXL Edit) (Podell
et al., 2023), Qwen-Image-Edit (Qwen Edit) (Qwen
Team, 2025a), and Step1X-Edit-v1p1-diffusers
(Step1X) (Liu et al., 2025). These editors span
both hosted multimodal APIs and local models,
covering distinct paradigms from mask-based in-
painting to instruction-following editing. Prompt
templates are detailed in Appendix A.1.

Judge model. For LLM-as-a-judge, we use GPT-
5.1 (OpenAI, 2025). The hyperparameters are
shown in Table 6 of Appendix A.3. We compute
CLIP using clip-ViT-B-32.3 We implement FID
using torch_fidelity Python package.4

7 Results

We organize the results into four research ques-
tions (RQs) about cross-market generative ability
in MPTc-Bench.

7.1 RQ1: Which Editors Best Support
Cross-market Transcreation?

On Surface transcreation, the intended optimum
is to preserve the SRC imagery and layout while
producing readable, well-placed localized typogra-
phy, so high title fidelity and strong preservation
signals are desirable. While Genre/Year accuracy
remains high across editors (Table 4), editors differ
sharply in title rendering and judged quality (Ta-
ble 3), with Gemini 3 consistently preferred over
GT and diffusion-based editors and other models
rarely winning.

On Deep transcreation, the optimum shifts to-
ward higher judged adaptation with movie identity
preserved, so similarity to SRC becomes a descrip-
tive trade-off rather than a target. Deep results
show larger gaps in title fidelity and judged adapta-
tion (Tables 4 and 3); objective similarity can look
reasonable even when outputs are not preferred (Ta-
ble 5), underscoring that CLIP/FID do not capture
typography and target-market fit. Similar to Sur-
face, Gemini 3 attains the best judged adaptation
and preference, while other editors lag behind. Fig-
ure 5 (top-left) illustrates these editor differences.

3https://huggingface.co/sentence-transformers/clip-ViT-
B-32

4https://github.com/toshas/torch-fidelity
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SRC (Australia) GT (Russia) GPT-4.1 + Gemini3 GPT-4.1 + Qwen-Edit

1. Title: "AUSTRALIA" → "АВСТРАЛИЯ" 
2. Names: "NICOLE KIDMAN" → "НИКОЛЬ КИДМАН", "HUGH JACKMAN" → "ХЬЮ ДЖЕКМАН"

Surface Transcreation Plan (by GPT4.1)

Figure 5: Case studies in MPTc-Bench (original copyrights retained by owners). Top-left illustrates editor
differences in judged aesthetics and preference. Top-right shows planner sensitivity on Deep: with the editor
fixed, GPT-4.1 planning yields a more effective adaptation than Qwen3. Bottom-left highlights a caveat: the plan
introduces a Japanese-style room background without movie-specific evidence. Bottom-right shows a Surface
failure where the plan is plausible but the editor fails to render the localized title.

Model
Deep (GT ref.: Aes.=4.19, Adap.=4.06) Surface (GT ref.: Aes.=4.49, Adap.=4.17)

Planner: GPT-4.1 Planner: Qwen3 Planner: GPT-4.1 Planner: Qwen3

Aes.↑ Adap.↑ Win%↑ Aes.↑ Adap.↑ Win%↑ Aes.↑ Adap.↑ Win%↑ Aes.↑ Adap.↑ Win%↑
Flux Edit 3.18 2.12 1.6 3.13 2.07 1.3 3.03 2.01 0.0 3.01 2.01 1.1
Gemini 2.5 4.28 3.56 41.4 4.11 3.05 25.6 3.95 3.28 11.6 4.16 3.17 9.5
Gemini 3 4.51 4.07 67.9 4.30 3.34 40.1 4.77 4.14 54.1 4.70 3.95 43.5
Qwen Edit 3.76 2.85 10.2 3.68 2.57 4.3 3.39 2.72 8.2 3.42 2.71 5.5
SDXL Edit 3.20 2.14 1.4 3.18 2.14 1.4 3.12 2.07 0.5 3.12 2.12 0.5
Step1X 1.83 1.59 0.8 1.78 1.59 0.5 2.07 1.67 1.1 2.10 1.68 0.0

Table 3: Aesthetics and adaptation scores on MPTc-Bench. Best results are shown in bold. Aes. and Adap. range
from 1 to 5; Win% is the preference rate of MTc over GT. GT reference scores are shown in each task header.

Flux Edit

Gemini 2.5

Gemini 3

Qwen Edit

SDXL Edit

Step1X

-41%

-8%

+3%

-32%

-47%

-49%
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Figure 6: Planner-to-editor title fidelity on MPTc-
Bench, visualized as planned-title chrF (Plan) ver-
sus rendered-title chrF (Visual). We annotate loss as
(1−Visual/Plan)× 100%.

7.2 RQ2: How Sensitive Is Transcreation To
Planning Quality?

Planning quality matters, especially for Deep tran-
screation. GPT-4.1 produces better plans than
Qwen3 in planned-title chrF, with the largest dif-
ference on Deep (Table 4). This gain transfers to
higher adaptation and preference mainly on Deep
(Table 3), while objective similarity changes less
(Table 5). Figure 5 (top-right) shows one typi-
cal case. We also observe a limitation shared by
both planners: over-reliance on target-market vi-
sual stereotypes. In such cases, an MTc output
can outperform GT in preference while being less
grounded in the specific movie content (Figure 5
(bottom-left)).
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Planner: GPT-4.1 Planner: Qwen3

Task Model Genre↑ Year↑ Title↑ Plan↑ Genre↑ Year↑ Title↑ Plan↑
Deep Flux Edit 78.6 95.1 33.8 57.3 79.2 95.4 33.7 38.7

Gemini 2.5 78.5 94.8 52.2 56.5 79.9 92.8 36.2 38.6
Gemini 3 80.2 93.5 58.5 57.0 80.1 89.4 40.3 38.5
Qwen Edit 77.4 93.0 38.9 57.2 75.7 91.1 31.1 38.7
SDXL Edit 72.1 88.8 30.4 57.1 72.8 85.8 29.7 38.8
Step1X 75.5 96.5 29.3 57.3 77.9 96.8 27.2 38.7

Surface Flux Edit 84.7 98.9 37.9 63.7 85.8 98.4 36.7 46.8
Gemini 2.5 87.7 99.4 52.8 63.2 86.7 98.7 41.4 45.8
Gemini 3 87.4 98.7 63.6 62.9 87.0 98.8 45.0 44.9
Qwen Edit 88.5 100.0 52.8 63.8 88.0 99.5 41.1 46.8
SDXL Edit 82.5 95.6 32.1 63.7 84.2 95.6 33.2 47.8
Step1X 84.7 96.7 29.9 63.8 84.2 96.7 27.7 46.8

Table 4: Basic information preservation on MPTc-Bench. Best results are shown in bold. Genre/Year are quiz
hit rates (%). Title is chrF between titles extracted from GT and MTc (%). Plan is the planned-title chrF (%).
Genre/Year remain high across editors, but rendered title fidelity varies widely, especially on Deep.

Model Deep / GPT-4.1 Deep / Qwen3 Surface / GPT-4.1 Surface / Qwen3

CLIP↑ FIDGT ↓ FIDSRC CLIP↑ FIDGT ↓ FIDSRC CLIP↑ FIDGT ↓ FIDSRC↓ CLIP↑ FIDGT ↓ FIDSRC↓

Flux Edit 61.6 105.8 90.8 61.5 105.1 90.7 74.0 108.8 104.9 74.3 107.3 103.5
Gemini 2.5 66.9 106.3 108.6 65.1 108.0 108.3 86.5 79.0 59.8 85.0 78.5 51.5
Gemini 3 65.5 109.9 123.5 63.2 113.3 123.6 87.5 76.5 53.6 86.1 79.7 57.7
Qwen Edit 64.7 107.2 113.0 62.5 112.8 118.1 84.1 79.9 54.8 83.0 78.5 58.7
SDXL Edit 62.8 106.0 96.1 62.8 105.9 94.5 76.9 115.0 114.5 77.4 113.2 112.3
Step1X 59.4 147.4 137.7 59.6 153.2 149.4 76.1 131.4 117.5 74.6 136.2 124.8

Table 5: Objective similarity metrics on MPTc-Bench. Best results are shown in bold. CLIP is the mean cosine
similarity between GT and MTc (scaled by 100); FIDGT and FIDSRC are dataset-level distribution distances to
GT and SRC, respectively. These are descriptive similarity signals rather than universal “higher/lower is better”
objectives: Surface transcreation typically favors similarity to both GT and SRC, while Deep transcreation can
require larger departures from SRC.

7.3 RQ3: Where Do Systems Fail? Text
Rendering Dominates the Error Type

Table 4 reveals a consistent bottleneck across tasks:
while plans often propose reasonable title trans-
lations, many editors fail to render them faith-
fully, yielding large gaps between planned-title and
rendered-title chrF. Figure 5 (bottom-right) shows
a representative Surface failure where the plan is
plausible but the editor fails to render the localized
title. This execution gap directly affects human
judgment. Editors with lower title fidelity in Ta-
ble 4 tend to also receive lower adaptation and pref-
erence in Table 3, suggesting that readable, well-
placed localized text is a prerequisite for perceived
cross-market fit. Meanwhile in Table 5, CLIP/FID
primarily reflect global appearance and still remain
relatively strong even when text is garbled. To iso-
late the planning-to-rendering gap, Figure 6 sum-
marizes the plan-to-visual loss; Gemini 3 incurs
near-zero loss, whereas diffusion-based editors and
Step1X often lose 30–50% of title fidelity.

7.4 RQ4: Cross-Cluster Performance
Analysis

This analysis focuses on direction effects in cross-
cluster transcreation. We define Western as {Anglo,
Latin Europe, Germanic Europe, Nordic Europe,
Eastern Europe} and Asian as {Confucian Asia,
Southern Asia}. We use Gemini 3.1 and Qwen
Edit as two representative editors from different
(Western and Eastern) model ecosystems.

Performance varies by transfer direction
(Western→Asian vs. Asian→Western). If one
direction were universally easier, both represen-
tative models would favor the same direction.
Instead, Deep+Surface combined summaries show
opposite tendencies: Gemini 3.1 is stronger on
Asian→Western than Western→Asian (0.630
vs. 0.585), while Qwen Edit is stronger on
Western→Asian than Asian→Western (0.066 vs.
0.036). This indicates that direction effects are real
and model-dependent.

Another observation is that scalar scores and
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Figure 7: Cross-cluster performance across two representative editors: Gemini 3.1 + GPT-4.1 planner (top row) and
Qwen Edit + Qwen3 planner (bottom row), for Deep (left block) and Surface (right block) transcreation. Region
directions are Intra-Western, Western→Asian, and Asian→Western. Bubble size indicates sample count at each
score coordinate; color indicates pairwise win rate (red: lower, green: higher); mean score location is marked by a
black ring.

preference are not equivalent, even at the same
score coordinate. For example, at (4,4), Gemini
points are associated with much higher win rates
than Qwen Edit (about 0.63 vs. 0.09 in pooled sum-
maries).

8 Conclusion

We present MPTc-Bench, a benchmark for measur-
ing cross-market generative ability of VLMs via
movie poster transcreation. MPTc-Bench provides
aligned SRC–GT movie poster pairs and two task
variants: Surface (typography-focused localiza-
tion) and Deep (preference-level style adaptation).
We further propose a planner-editor framework and
evaluation metrics combining basic information
checks, assessments of aesthetics and target-market
adaptation, and objective similarity signals.

Across state-of-the-art image editors, we find
substantial gaps in cross-market transcreation qual-
ity. Performance is primarily limited by multi-
lingual typography and layout execution: even
when planners produce reasonable title translations,
several editors fail to render legible text. Plan-
ner choice matters mainly for Deep transcreation,
where higher-level intent and style decisions are
more consequential. Current VLMs may overuse
stereotyped market cues. We hope MPTc-Bench
supports more rigorous evaluation and targeted
progress on market-aware generation, complement-
ing understanding-only benchmarks.

Limitations

Coverage. MPTc-Bench does not cover all coun-
tries and regions, with limited representation for
Africa. Expanding to broader geographic and lan-
guage coverage is an important next step.

Limited human evaluation. We include a small-
scale human evaluation (Appendix B.3), but re-
cruiting annotators with appropriate target-market
familiarity across many markets remains difficult.
Our main comparisons therefore still rely on auto-
mated metrics and LLM judging, which may miss
nuanced local preferences.

Potential data leakage. Our movie posters are
collected from public websites and may have been
included in web-scale pretraining corpora for mod-
ern VLMs and diffusion models (e.g., LAION)
(Schuhmann et al., 2021, 2022). Such leakage can
bias benchmark results, reflecting a broader chal-
lenge of data contamination in evaluating frontier
models (Sainz et al., 2023).
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A Prompts and Hyperparameters

This appendix summarizes the prompt designs and
API-facing parameters used in MPTc-Bench.

A.1 Transcreation Prompts
We present the complete prompts. Variables in
{braces} are replaced with task-specific values.
The prompts below are copied verbatim from our
released prompt templates.

Planner system prompt

You are a movie-poster localization director.
You will receive a source poster image
along with metadata.

Analyze the poster visually and output a
concise numbered list of executable edits.
Each edit must include actual translated
text or specific visual changes based on
what you see in the image. Be brief—no
explanations, no headers, no filler.

Surface planning prompt

[Attached: source poster image]

Movie: {movie_id}
Source: {source_market} / {source_language}
Target: {target_market} / {target_language}
Genre: {gt_genre}

You are a key-art localizer. Output a SHORT
numbered list of text-only edits. Each
line must include the EXACT translated
text.

Format Example:
1. Title: "Original" → "Translated {

target_language} title"
2. Tagline: "Original" → "Translated {

target_language} tagline"
3. Credits: key names in {target_language}

Rules:
- Include actual translated text, not "

translate to..."
- No visual changes
- Keep it brief

Surface editing prompt

Localize the {source_market} poster of "{
movie_id}" for {target_market} ({
target_language}).

Execute these edits:
{planner_plan}

Apply text changes exactly as specified.
Preserve all imagery, colors, and
composition.

Deep planning prompt

Movie: {movie_id}
Source: {source_market} / {source_language}
Target: {target_market} / {target_language}
Genre: {gt_genre}

You are a key-art localizer and poster art
director for the target market.

Analyze the attached poster and design a
holistic localization plan that may
significantly redesign the poster (layout
, composition, background, color palette,
character poses, typography, and
cultural motifs) while keeping the film
and main characters clearly recognizable.

Output a numbered list (maximum 10 items) of
concrete text AND visual edits that,
together, are sufficient for an image-
editing model to repaint the entire
poster for the {target_market} audience.

Rules:
- Item 1 MUST ALWAYS be the title

localization, formatted exactly as:
1. Title: "Original" → "Translated {

target_language} title"
- For every text change (title, tagline,

credits, release date, etc.), include the
final localized text in quotes.

- Visual edits must specify what to change
and how (colors, positions, camera angle,
lighting, style, background elements,
props, clothing, cultural references, etc
.).

- Strongly localize: adapt background,
setting, color scheme, typography, and
decorative elements to match {
target_market} poster conventions and {
target_language} culture.

- Keep key characters, logos, and franchise
branding recognizable.

Output format:
- ONLY output the numbered edit list, nothing

else.

Deep editing prompt

Localize the {source_market} poster of "{
movie_id}" for {target_market} ({
target_language}).

Execute these edits:
{planner_plan}
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Apply all text and visual changes exactly as
specified. Keep the film's identity
recognizable.

A.2 Evaluation Prompts

Title extraction

You are a movie poster OCR assistant. Extract
the main movie title from the movie
poster image.

Rules:
- Preserve the original language and spelling

exactly as shown
- If multiple titles appear, return the most

prominent one
- If no title is visible, return empty string

Respond in JSON:
{"title": "extracted title here"}

Visual quiz template

You are a movie poster analyst. Answer the
multiple-choice question about the
attached movie poster.

Choose from options A, B, C, or D provided in
the user message.

- For genre: infer from visual style, imagery,
and text cues

- For year/decade: look for year text, visual
style, or production hints

Respond in JSON:
{"answer": "A"}

LLM-as-a-judge (direct scoring)

You are a movie marketing consultant AND a
local audience member from {target_market
}, evaluating a localized movie poster (
TGT) for the {genre} movie originally
marketed in {source_market}.

You will be shown two images: SRC (source-
market), TGT (target-market).

Judge from the perspective of a {
target_market} viewer: base adaptation on
{target_market} norms (language/script &
readability, typography hierarchy,
required rating/legal marks, billing
block & cast order, release-date format,
layout density/visual hierarchy, imagery/
tropes appropriate for {genre}), while
preserving SRC's movie identity and key
info.

Scoring rubrics (integers 1-5):

aesthetic_score - visual quality of TGT:
5: Professional, balanced layout, clear

typography, compelling.
4: Minor flaws; overall polished.

3: Noticeable issues; still readable/
functional.

2: Significant problems; hard to read.
1: Unusable; severely broken.

adaptation_score - target-market adaptation
quality of TGT (for {target_market}):

5: Fully aligned with local conventions;
identity & key info preserved.

4: Mostly aligned; minor mismatches.
3: Partially aligned; some awkward/missing

local elements; core message intact.
2: Minimal alignment; feels foreign;

important info wrong/lost.
1: No meaningful adaptation or market-

inappropriate/misleading.

Reply ONLY in valid JSON, without any extra
text:

{{
"short_comment_on_aesthetics": "<one-

sentence explanation>",
"aesthetic_score": <int 1-5>,
"short_comment_on_adaptation": "<one-

sentence explanation>",
"adaptation_score": <int 1-5>

}}

LLM-as-a-judge (pairwise preference)

You are a movie marketing consultant AND a
typical local audience member in {
target_market}. The movie was originally
marketed in {source_market}; the genre is
{genre}.

Compare two movie posters for the SAME movie
and SAME target market:

- Image A
- Image B
(Order is random; origins unknown. Do NOT

infer which is human or machine.)

Judge strictly from a {target_market} viewer'
s perspective, using only the images.
Consider ordinary moviegoers' overall
preference based on:

(1) visual appeal/polish; (2) clarity &
typography/readability; (3) target-market
fit with {target_market} conventions (
correct language/script, hierarchy,
required rating/legal marks, billing
block \& cast order, release-date format,
layout density, {genre}-appropriate
imagery/tropes), while preserving the
movie's identity and key info.

If quality seems equal, prefer the one with
fewer artifacts and clearer text.

Reply ONLY in valid JSON:

{{
"reason": "<brief reason>",
"preferred": "A" or "B"

}}
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Market preference (judge validation)

You are a typical movie-goer living in {
target_market}. You are familiar with
local movie poster conventions, visual
styles, and local preferences in your
region.

You are shown two movie posters (A and B)
that are localized versions of the same
movie for DIFFERENT target markets.

- Image A
- Image B
(Order is random; target markets unknown. Do

NOT try to guess which market each movie
poster targets.)

As a {target_market} audience member, which
movie poster appeals to you more? Judge
strictly from your perspective as a {
target_market} viewer, considering:

(1) visual appeal and aesthetic preferences
common in {target_market};

(2) typography, layout, and design
conventions familiar to {target_market}
viewers;

(3) market-specific elements and imagery that
resonate with {target_market} audience;

(4) language/script appropriateness for {
target_market}.

Important: Focus on which movie poster would
be more effective and appealing in {
target_market}, not which is "objectively
better".

Reply ONLY in valid JSON:

{{"reason": "<brief reason>", "preferred": "A
" or "B"}}

A.3 API Parameters

Planner and judge models. We summarize de-
coding parameters for planner and judge LLMs in
Table 6.

Component Model Temp. Max tokens

Planner GPT-4.1 0.2 1,024
Planner Qwen3-8B 0.2 1,024
Judge LLM
– evaluation GPT-5.1 0.0 1,024
– validation GPT-5.1 0.0 512

Table 6: Key decoding parameters for planner and judge
models.

B Supplementary Results

B.1 Dataset Structure and Coverage

Figure 8 shows the source–target market GLOBE
cultural cluster transition matrix in MPTc-Bench.
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Figure 8: Source–target market GLOBE cultural cluster
transition matrix in MPTc-Bench. Darker cells indicate
more examples.

Figure 9 further breaks down the dataset by
GLOBE transition direction and plots the distribu-
tion of perceptual-hash (pHash) distances between
paired movie posters. Across directions, the dis-
tribution is consistently bimodal: one peak corre-
sponds to visually near-duplicate pairs dominated
by text localization, while the other corresponds to
pairs requiring substantial style or layout changes.
This pattern supports the need for our two task vari-
ants (Surface and Deep), which target these two
qualitatively different regimes.

Figure 10 reports the number of paired exam-
ples per target market. The distribution is uneven,
reflecting both data availability and our balancing
procedure.

B.2 pHash-Threshold Sensitivity

To test whether the Surface/Deep split is stable un-
der reasonable threshold variation, we analyze all
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Figure 9: Distribution of pHash distances between paired movie posters in MPTc-Bench, grouped by source–target
GLOBE transition direction. The bimodal structure suggests two regimes of cross-market adaptation: near-duplicate,
text-dominated localization (Surface) and larger preference-level redesigns (Deep).

0 5 10 15 20 25 30 35
Count

United States
Japan

France
South Korea

Taiwan
Germany

Hong Kong
China (Mainland)

Italy
Spain

Russia
Poland
Brazil

Turkey
United Kingdom

Argentina
Sweden

Denmark
Netherlands

Thailand
Mexico

Israel
Portugal

Czech Republic
Belgium
Greece

Vietnam
India

Switzerland
Norway

Australia
Finland

Egypt
Singapore

MPTc-Bench target-market coverage

Deep
Surface

Figure 10: Target-market coverage in MPTc-Bench:
number of paired movie poster examples for each target
market (country/region).

candidate SRC-GT pairs. The primary split is Sur-
face (pHash ≤ 12) and Deep (pHash ≥ 30), with
the middle band removed, following perceptual-
hash distance (Zauner, 2010). As complemen-
tary distance measures, we compute LPIPS (Zhang
et al., 2018) (alex) and DINOv2 (Oquab et al.,
2024).

pHash band n LPIPS mean±std DINO mean±std

≤ 12 205 0.27±0.11 0.09±0.07
13–29 318 0.60±0.12 0.42±0.25
≥ 30 522 0.69±0.07 0.57±0.20

Table 7: Agreement between pHash bands and learned
distance measures on all 1,045 candidate pairs.

Figure 11 and Table 7 show monotonic in-
creases from low-pHash to high-pHash bands for
both LPIPS and DINO. We additionally run a lo-
cal threshold sweep around the operational split:
ts ∈ {10, 12, 14}, td ∈ {28, 30, 32}. Across all
9 settings, Deep-vs-Surface separability remains
stable: LPIPS AUC 0.9942 to 0.9952, DINO AUC
0.9815 to 0.9908, and pHash AUC 1.0000 through-
out. These results indicate that the thresholded
pHash split is stable around (12, 30).
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Figure 11: Distance distributions generated by our LPIPS/DINO analysis pipeline on the full candidate pool. Left:
LPIPS. Right: DINO. Surface/Deep bands follow the paper split (pHash ≤ 12, pHash ≥ 30).

B.3 Human Evaluation

We conduct a human evaluation on GPT-4.1 + Gem-
ini 3 outputs. We focus on China (Mainland) and
use three annotators, all with at least a master’s
degree. Table 8 shows the same overall pattern as
the main results: Deep is harder than Surface.

Split Pairs Anno. Aesthetic Adaptation Win rate

Surface 10 30 4.33 4.47 60.0%
Deep 16 48 3.56 3.65 31.2%

Table 8: Human evaluation on China (Mainland).
‘Anno.‘ denotes the number of human annotations.

Inter-annotator agreement is moderate for
adaptation (Quadratic Weighted Kappa: 0.46 on
Surface, 0.51 on Deep) and lower for aesthetics
(0.24 / 0.29). Human–LLM score correla-
tion is weak on Surface but higher on Deep
(ρadapt = 0.00 vs. 0.32), which is consistent with
score saturation on Surface in this small sample.
We annotate five error types: garbled_text
(broken or unreadable text), wrong_script
(script does not match the target market),
layout_collapse (overlap, clipping, or hierarchy
loss in text/layout), non_evidenced_elements
(added content not supported by SRC), and
identity_drift (core movie identity cues are
altered). Error rates differ by task: Surface is
mainly text/script failures (wrong_script 13.3%,
garbled_text 6.7%), while Deep is dominated
by unsupported additions and identity/layout
failures (non_evidenced_elements 37.5%,
identity_drift 12.5%, layout_collapse
10.4%).

B.4 Temporal Contamination

To estimate whether model performance is associ-
ated with movie release year as a temporal con-
tamination check, we evaluate six run settings:
Gemini 2.5/3 and Qwen-Edit, each on Surface and
Deep with GPT-4.1 plans. For each run, we com-
pute Spearman ρ for ρ(year, title-chrF ) at sample
level, and ρ(year, F ID

by-year
GT ) on per-year FID val-

ues with at least 5 samples per year. For FIDGT ,
lower is better. This temporal analysis follows
the contamination motivation discussed in recent
benchmark studies (Sainz et al., 2023).

Table 9 summarizes all six settings.
ρ(year, title-chrF ) is small (median −0.070),
while ρ(year, F ID

by-year
GT ) is consistently negative

(median −0.530).

Run setting n years used ρ(year,
title-chrF )

ρ(year,
FIDby-year

GT )

Gemini 2.5 / Surface 172 11 -0.125 -0.491
Gemini 2.5 / Deep 362 22 -0.009 -0.525
Gemini 3 / Surface 159 11 -0.097 -0.536
Gemini 3 / Deep 368 23 -0.019 -0.653
Qwen-Edit / Surface 183 11 -0.108 -0.536
Qwen-Edit / Deep 371 23 -0.044 -0.506

Median across runs – – -0.070 -0.530

Table 9: Temporal contamination analysis across six
system settings.

Overall, newer-year subsets tend to achieve
lower FIDGT , indicating a non-negligible tempo-
ral effect in objective similarity, while the title-text
correlation with year remains weak.

B.5 Layout-Aware OCR Results

To complement title-string fidelity with a layout-
aware text-overlap signal, we evaluate Surface
triplets using PP-OCRv5. We extract all text poly-
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gons, scale target images to source size, and com-
pute union-mask IoU (Du et al., 2021; PaddlePad-
dle, 2025). The three evaluated systems are Gem-
ini 2.5 + GPT-4.1, Gemini 3 + GPT-4.1, and Qwen-
Edit + GPT-4.1. We report IoU(SRC,MTc), with
IoU(SRC,GT) as reference.

Table 10 reports the per-system and overall val-
ues, and shows that all systems have higher SRC-
MTc overlap than SRC-GT overlap; the overall
delta is +0.221, with zero empty-union cases. Ad-
ditionally, PP-OCRv5 title extraction on source
posters is weak under stylized poster typography
(top-confidence-line chrF = 0.1341, exact match
= 5.41%), which is why main-text title fidelity
relies on VLM-based extraction. Taken together,
current systems preserve source text layout strongly
in Surface transcreation.

System n
SRC-MTc

IoU
SRC-GT IoU

(ref)
∆

(MTc−GT)

Gemini 2.5 + GPT-4.1 172 0.630 0.430 +0.200
Gemini 3 + GPT-4.1 159 0.667 0.431 +0.236
Qwen-Edit + GPT-4.1 183 0.660 0.431 +0.229

Overall 514 0.652 0.431 +0.221

Table 10: Layout-aware OCR evaluation on Surface
triplets using PP-OCRv5. IoU is computed from union
masks of all detected text polygons after image-size
normalization. ∆ compares generated posters against
human references under the same source anchor (all
runs have zero empty-union rate).
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