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Abstract

Text-to-image models can render recognizable
cultural symbols, but cultural activity genera-
tion requires coordinated control over partici-
pants, actions, interactions, scenes, and culture-
specific constraints. We propose CARE, an
evidence-grounded visual checklist framework
for controllable cultural activity image gener-
ation. Given an activity prompt, CARE builds
source-traceable cultural evidence, converts
it into an optimized prompt and fine-grained
checklist, verifies generated images with con-
crete VLM-based visual checks, and uses failed
checks for targeted prompt repair. We introduce
CARE-1360, a dataset of 1,360 cultural activ-
ity prompts across eight countries, and evaluate
generated images with a unified human proto-
col. Experiments show that CARE consistently
improves over direct generation and retrieval-
based prompt refinement baselines across cul-
tural and visual quality dimensions. Results
with both ZImage and Stable Diffusion XL
suggest that evidence-grounded visual check-
lists provide an interpretable control mecha-
nism that transfers across the tested generation
backends.

Code and data: https://github.com/
HeXCatalyst/CARE.

1 Introduction

Text-to-image models are increasingly capable
of generating semantically relevant and visu-
ally appealing images from natural-language
prompts (Ramesh et al., 2021; Rombach et al.,
2022; Saharia et al., 2022). However, in culturally
grounded scenarios, generating images that contain

*Corresponding authors

salient cultural symbols is not equivalent to gener-
ating culturally correct images. This distinction is
particularly important for cultural activities, where
an image must not only depict appropriate cloth-
ing, objects, and environments, but also correctly
organize participant roles, core actions, human in-
teractions, and spatiotemporal context, while avoid-
ing cross-cultural mixing, stereotypical symbols,
and overly staged expressions. Therefore, cultural
activity generation is not merely a problem of align-
ing cultural nouns or visual attributes; rather, it is
a structured generation-control problem involving
objects, actions, scenes, and cultural constraints.

Existing work on culture-aware text-to-image
generation has primarily focused on the visual
grounding of cultural concepts, cultural objects,
or culture-specific nouns (Cho et al., 2023; Liu
et al., 2023; Basu et al., 2023; Kannen et al., 2024;
Liu et al., 2024; Rege et al., 2025; Nayak et al.,
2025). For example, Culture-TRIP (Jeong et al.,
2025) retrieves cultural background knowledge and
visual details, and iteratively optimizes prompts to
improve image alignment for underrepresented cul-
ture nouns. Such methods mitigate representational
gaps at the level of cultural entities. However, when
the target shifts from “generating a cultural object”
to “generating a cultural activity,” models must also
jointly organize roles, actions, interaction relations,
and scene contexts, which cannot be fully captured
by static noun grounding alone. For instance, con-
sider an image of “a Chinese family sweeping an
ancestral grave during the Qingming Festival.” If
the image merely contains objects such as incense,
flowers, or a tombstone, but fails to clearly depict
family members cleaning the grave, arranging offer-
ings, and jointly performing the memorial activity
in a quiet early-spring setting, it may still fail to
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faithfully represent the cultural activity.
In this paper, we propose CARE, an evidence-

driven closed-loop generation framework for cul-
tural activity image generation. Its core idea is to
transform an abstract activity description, before
image generation, into visualizable, verifiable, and
source-traceable cultural evidence, and to use this
evidence as a shared basis for generation and eval-
uation. The system no longer relies on a model’s
implicit associations about cultural activities. In-
stead, it explicitly identifies the key objects, human
actions, interaction relations, scene contexts, and
cultural errors that should be avoided. After image
generation, we reformulate cultural correctness as-
sessment from a holistic judgment into fine-grained
visual verification: rather than directly asking a
VLM whether an image is culturally correct, the
system checks concrete visual conditions such as
core actions, participant relations, scene context,
and cross-cultural mixing or stereotypical elements.
When an image fails to satisfy these conditions,
the system repairs the prompt only with respect
to the failed evidence, and prioritizes subsequent
candidates that resolve the original issues while
preserving already satisfied conditions. In this way,
cultural activity image generation is modeled as a
diagnosable, traceable, and iteratively improvable
process, rather than a one-shot prompt expansion
procedure or a simple ranking of candidate images.

Our design is inspired by prior work on inter-
pretable text-to-image evaluation and cultural activ-
ity assessment. TIFA (Hu et al., 2023) shows that
fine-grained visual question answering provides
more specific image-text faithfulness error localiza-
tion than holistic scoring. CULTIVate (Malakouti
et al., 2026) further argues that evaluating cultur-
ally grounded generation should not only focus
on object-centric symbols such as food, clothing,
or landmarks, but also examine observable dimen-
sions in social activities, including backgrounds, in-
teractions, hallucinations, and exaggerated expres-
sions. Inspired by these insights, we decompose
cultural activities into observable and verifiable
visual elements for image evaluation, failure analy-
sis, and subsequent repair. Accordingly, this paper
does not aim to simply increase the number of cul-
tural symbols in generated images. Instead, it seeks
to better represent the key objects, human actions,
interaction relations, and scene contexts involved
in cultural activities, while reducing cross-cultural
mixing and stereotypical expressions. By feeding
evaluation results back into generation, the system

can identify missing or incorrect visual elements
and make targeted adjustments in subsequent can-
didates, turning cultural activity image generation
into a more interpretable and traceable process of
generation and repair.

Our contributions are threefold:

• We formalize cultural activity image genera-
tion as structured control over objects, actions,
interactions, scenes, and cultural constraints,
going beyond cultural nouns or static objects.

• We propose evidence-grounded visual check-
lists that turn activity descriptions into observ-
able, verifiable, and source-traceable genera-
tion/evaluation criteria.

• We introduce checklist-guided closed-loop re-
pair, using failed checks and linked evidence
for targeted prompt revision, and validate it
on ZImage and SDXL.

2 Related Work

2.1 Culture-Aware Text-to-Image Generation
Culture-aware T2I work has studied representa-
tion biases and culturally specific generation across
cultural objects, regional attributes, cultural compe-
tence, and cultural expectations (Cho et al., 2023;
Luccioni et al., 2023; Liu et al., 2023; Basu et al.,
2023; Kannen et al., 2024; Liu et al., 2024; Rege
et al., 2025; Nayak et al., 2025). Image transcre-
ation further studies culturally adapting images
while preserving meaning, showing that cultur-
ally relevant visual adaptation remains difficult
for current generative pipelines (Khanuja et al.,
2024). Recent VLM benchmarks also examine cul-
tural visual reasoning and grounding, highlighting
that recognizing culturally specific artifacts and
grounding them spatially remain challenging (Sa-
tar et al., 2025). A related line of work shows that
cultural failures in T2I are not limited to missing
representation: models may also produce visual
stereotypes, over-symbolized depictions, or narrow
visual tropes for complex social concepts (Basu
et al., 2023; Nayak et al., 2025). However, most
prior work remains object- or attribute-centric, fo-
cusing on cues such as clothing, food, architec-
ture, and landmarks; even Culture-TRIP (Jeong
et al., 2025) uses retrieved knowledge mainly to
refine prompts for underrepresented cultural nouns.
CULTIVate (Malakouti et al., 2026) and Cultural-
Frames (Nayak et al., 2025) are closer to our setting
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China / Spring Festival — “A Chinese family gathers around a table making jiaozi dumplings together on Spring Festival Eve, laughing as they prepare
for the new year.”

Base C-TRIP(3) Ours

Figure 1: Main qualitative comparison for a representative cultural activity prompt. Additional qualitative examples
from Brazil, Iran, Germany, and South Africa are provided in Appendix G.

Phase2: Evidence-Guided Repair Candidate Generation LoopPhase1: Evidence & Checklist Construction

 Query 
Decomposer

Activity Prompt

   Avoid    Scenes

    Actions   Objects

Query Slots

      WEB Retrieval

     Quality Control

     LLM Synthesis

Evidence & Checklist 
Generation Cultural Checklist

ID

C1

Visual Check Expected

C2

C3

C4

is objects relevant?ce

cultural action shown?

place & time appropriate?e

wrong cultural cues?

Yes

Yes

Yes

No

... .........

Check & Verification

     LLM Refiner

Evidence Card

Slot

Action

Visual Evidence ID

Object

Scene

Avoid

culturally relevant objectsce

cultural action

action place & timee

avoid wrong cultural cues

E1

E2

E3

E4

... .........

K Refined Prompts K Refined Prompts K Refined Prompts 

Evidence Recall E2 E4 ...

Evidence Selection
Loop=0: All Evidence
Loop>=1: Failed-Linked 
Evidence

      VLM Checker

Check
C1-E1

Answer

C2-E2
C3-E3
C4-E4

NO
Yes

Yes
Yes

... ......

Status

Fail
Pass

Pass
Fail

......

     T2I Model

K=1 if loop=0

Final Image

Figure 2: Overview of CARE. The system constructs an Evidence Card and checklist, verifies generated images
with checklist-based VLM judgments, and uses failed checks to guide evidence-grounded prompt repair.

because they emphasize social activities and hu-
man cultural expectations, but CARE further uses
cultural evidence as a shared control space for ac-
tivity generation, checklist-based verification, and
targeted repair.

2.2 Fine-Grained Evaluation for
Text-to-Image Generation

T2I evaluation has shifted from holistic scores to
fine-grained visual checks, including VQA-based
error localization, low-redundancy atomic checks,
and VLM-based evaluation metrics (Hu et al., 2023;
Huang et al., 2023; Cho et al., 2024; Ku et al.,
2024; Li et al., 2024). In culturally aware multi-
modal understanding, Seeing Culture provides cul-
turally oriented visual reasoning questions and arti-
fact grounding annotations for evaluating whether
VLMs recognize and localize culturally specific

visual elements (Satar et al., 2025). These methods
improve interpretability for missing objects, incor-
rect relations, and semantic mismatches, but they
mainly target general prompt faithfulness or image
understanding rather than culturally grounded ac-
tivity generation. CARE instead converts cultural
evidence into observable checks over objects, ac-
tions, scenes, and avoid constraints, and uses failed
checks for both error localization and prompt re-
pair.

2.3 Prompt Refinement and
Evidence-Grounded Generation

Prompt optimization and retrieval-augmented meth-
ods improve T2I generation by rewriting inputs,
iteratively revising prompts with multimodal feed-
back, or supplementing models with external ev-
idence (Cao et al., 2023; Yeh et al., 2026; Khan
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et al., 2025; Lewis et al., 2020; Asai et al., 2024).
In cultural T2I, Culture-TRIP retrieves cultural
background and visual details to optimize prompts
for cultural nouns (Jeong et al., 2025). Related
work on cultural heritage retrieval also shows that
LLM-augmented descriptions require explicit com-
pleteness and consistency validation against visual
cues (Zhang et al., 2025a). CARE differs by orga-
nizing retrieved evidence into an Evidence Card
and recalling it according to failed checklist items,
so prompt repair targets concrete verification fail-
ures rather than broadly expanding cultural details;
the same evidence space also represents avoid con-
straints for cross-cultural mixing, hallucinated sym-
bols, and stereotyped or over-symbolized cues.

3 Method

3.1 Problem Formulation
Given a cultural activity prompt p, our goal is to
generate an image I that faithfully depicts the ac-
tivity. Unlike culture noun generation, this requires
joint control over visible objects, participant roles,
actions, interactions, scene context, and visual el-
ements to avoid. CARE formulates the task as
evidence-grounded generation under visual con-
straints: it derives source-grounded evidence and
checkable requirements, then uses them for gen-
eration, verification, and repair. Each prompt is
decomposed into retrieval queries Q, used to re-
trieve evidence records R, and converted into an
Evidence Card E and checklist C:

Q = fq(p), R = fret(Q),

E = fev(p,R), C = fck(E).
(1)

Here, fq denotes query decomposition, fret re-
trieval, and fev evidence filtering and organization.
The Evidence Card stores visualizable, checkable,
source-traceable evidence, and the checklist turns
it into local VLM-verifiable questions.

3.2 Overall Framework
Figure 2 gives an overview of CARE. The frame-
work is organized as a closed-loop pipeline that
keeps the same evidence and checklist representa-
tion throughout generation, evaluation, and repair.
Given an input cultural activity prompt p, CARE
first constructs an evidence space that specifies
what should be visually present and what should
be avoided. This evidence is not used as a loose
textual addition to the prompt; instead, it is con-
verted into two linked artifacts: an initial genera-
tion prompt p0 and a checklist C0 whose items can

be verified from the generated image. The pipeline
contains three stages: Stage 1 retrieves and filters
cultural evidence, organizes it into an Evidence
Card, and derives p0 and C0; Stage 2 generates an
initial image I0 from p0 and verifies it with VLM
checklist questions; Stage 3 uses failed checklist
items and linked Evidence Card atoms to construct
targeted repair prompts, generate multiple candi-
dates, recheck relevant constraints, and select the
candidate that best repairs failures while avoiding
regressions.

This design differs from retrieval-augmented
prompting in that retrieved evidence is transformed
into a stable verification space rather than sim-
ply appended to the generation prompt. It also
differs from standard best-of-K selection, which
usually ranks candidates by a global preference
score: CARE explicitly tracks which constraints
have already passed and prioritizes candidates
that fix remaining failures without discarding pre-
viously satisfied evidence. Ours(1) uses only
the initial generation–verification pass without re-
pair, whereas Ours(3) allows up to three evidence-
guided repair rounds. The Evidence Card and
checklist are constructed once and remain fixed
across all rounds.

3.3 Stage 1: Evidence Card and Checklist
Construction

Stage 1 constructs a stable evidence space. We use
a task-driven visual decomposition rather than a
universal cultural taxonomy: objects capture arti-
facts, actions capture behaviors and interactions,
scenes capture context, and avoid captures cultural
mixing, hallucinations, and stereotypes. This de-
sign follows activity-centered cultural evaluation
and fine-grained visual error localization (Malak-
outi et al., 2026; Nayak et al., 2025; Hu et al.,
2023).

An LLM decomposes p into queries for these
four slots. CARE then performs slot-wise web
retrieval, deduplication, and relevance ranking; dur-
ing evaluation, retrieval does not access the sample-
specific source/evidence spans used to construct
CARE-1360. The filtered records become an Ev-
idence Card whose atoms have identifiers, source
links, observable visual content, and correspond-
ing VLM-checkable questions. Atoms are marked
checkable=true only when they can be judged
visually from a single image without inferring iden-
tity, dialogue, intent, language, or external knowl-
edge. checkable=false atoms are retained only
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for provenance and do not enter the checklist, ver-
ification, scoring, stopping, or repair. The card
yields p0 and fixed C0, serving as the shared repre-
sentation for prompt optimization, verification, and
repair; Appendix H gives examples and implemen-
tation details.

We construct p0 from the original activity and
the visual forms of object, action, and scene atoms,
with negative constraints from avoid atoms. C0

includes only checkable=true atoms: positive
items expect yes, while avoid items expect no. It
remains fixed across repair rounds.

3.4 Stage 2: Checklist-Based Image
Verification

Stage 2 generates an image from p0 and verifies
it with a VLM. Rather than using holistic 1–5
cultural-correctness scores inside the loop, CARE
applies constrained yes/no checklist verification.
For item cj with expected answer âj :

rj = I[aj = âj ], (2)

where aj ∈ {yes, no}.
Following fine-grained VQA evaluation (Hu

et al., 2023), binary judgments provide actionable
control signals by mapping each failure to a spe-
cific repair target. Unlike holistic Likert scores,
they avoid conflating partial satisfaction, severity,
and preference. We retain 1–5 ratings for final hu-
man evaluation, where graded judgments are more
appropriate.

Let Creq comprise all positive checkable object,
action, and scene items; Cact ⊆ Creq contains the
action items, and Cavoid the checkable avoid items.
Required actions are visually judgeable, supported
by the prompt or retrieved evidence, and expect
yes.

The report builder aggregates item results into
coverage, avoid status, action status, failed sources,
Evidence Recall notes, and prioritized failures. Re-
quired coverage is

Cov(I, C) =

∑
j∈Creq

rj

|Creq|
. (3)

Stopping requires sufficient coverage, all avoid
items to pass, and all required action items to pass,
making verification a structured repair target.

3.5 Stage 3: Evidence-Guided Iterative
Repair

If the image fails verification, Stage 3 repairs it
while keeping C0 fixed, preventing the system

from redefining cultural correctness across itera-
tions. CARE maintains a global state s

(t)
j for each

checklist item. At iteration t, only an active subset
C

(t)
active is rechecked:

s
(t)
j =

{
r
(t)
j , cj ∈ C

(t)
active,

s
(t−1)
j , cj /∈ C

(t)
active.

(4)

The active checklist contains failed or unknown
items, all avoid and required action items, and a
few passed items from failing slots for preservation.
The LLM receives these failures, linked Evidence
Card atoms, preservation notes, avoid constraints,
and a bounded subset of filtered passages, then
generates multiple repair candidates. Candidate
selection uses a target-aware best-of-K score that
rewards required coverage (Ck), repaired failures
(Fk), core-action success (Ak), and preservation
(Pk), while penalizing avoid violations (Vk) and
regressions (Rk):

Sk = αCk+βFk+γAk+δPk−ηVk−µRk. (5)

The best candidate is returned if it meets the stop-
ping condition; otherwise, the state is updated until
the iteration budget is exhausted or no improve-
ment is observed.

3.6 Cultural Activity Prompt Dataset

For evaluation, we construct CARE-1360 from Cul-
tural Atlas (Mosaica, 2024), focusing on visually
depictable activities rather than isolated cultural
nouns. It covers eight countries—China, Canada,
Brazil, Japan, Iran, South Africa, Poland, and
Germany—and five categories: dates of signifi-
cance, etiquette, family life, religion, and greetings.
We extract country-category activities, filter en-
tries that are abstract or hard to visualize, generate
source-grounded prompts, and balance country cov-
erage through semantic-preserving expansion, near-
duplicate filtering, and quality checks. CARE-1360
contains 1,360 traceable prompts, with 170 per
country; category counts remain non-uniform to
preserve source availability and visual-depictability
filtering (Table 1). Audits show limited aug-
mentation (15 prompts, 1.10%), unique source
record identifiers, no exact or normalized dupli-
cate prompts, and 909 unique activity names; full
construction details are provided in Appendix A,
with summary statistics in Section A.8.
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Country Dates Etiq. Family Greet. Relig. Total

Brazil 21 75 30 24 20 170
Canada 61 69 23 8 9 170
China 30 66 36 13 25 170
Germany 64 73 15 8 10 170
Iran 28 72 34 15 21 170
Japan 18 84 21 21 26 170
Poland 33 78 24 28 7 170
South Africa 45 85 0 23 17 170

Total 300 602 183 140 135 1360

Table 1: Distribution of CARE-1360 by country and
activity category. Each country contributes 170 prompts.
Category counts reflect Cultural Atlas source availabil-
ity and visual-depictability filtering; South Africa has
no Family records because the corresponding Cultural
Atlas family page has no available source records.

4 Experiments

4.1 Experimental Setup

We conduct experiments on CARE-1360, covering
eight countries: Brazil, Canada, China, Germany,
Iran, Japan, Poland, and South Africa. Each coun-
try contains 170 cultural activity prompts, yield-
ing 1,360 samples in total. Our main experiments
use ZImage (Team et al., 2026) as the unified
generation backend to generate 1024×1024 im-
ages, ensuring that comparisons primarily reflect
differences in prompt construction and optimiza-
tion strategies. To examine whether CARE is spe-
cific to this backend, we further conduct a robust-
ness evaluation on Stable Diffusion XL (SDXL)
Base 1.0 (Podell et al., 2024), a widely used la-
tent diffusion model for high-resolution text-to-
image synthesis. All compared methods use the
same prompts, image resolution, and human evalu-
ation protocol across backends. Online evidence re-
trieval uses Wikipedia and DuckDuckGo as search
sources, and no method is given direct access to the
sample-specific source passages or evidence spans
used during dataset construction. Unless other-
wise specified, query decomposition, LLM synthe-
sis, and refiner components are implemented with
DeepSeek-V3.2 (671B) (DeepSeek-AI et al., 2025),
checklist-based image verification uses Qwen3-VL-
32B-Instruct (Bai et al., 2025a; Yang et al., 2025;
Bai et al., 2025b; Wang et al., 2024; Bai et al.,
2023), and embedding-based deduplication and
similarity filtering use Qwen/Qwen3-Embedding-
8B (Zhang et al., 2025b).

Stopping and repair parameters. CARE enters
Phase 3 only when the initial image fails the shared
stopping rule. A candidate meets this rule when
required coverage is at least 0.75, all avoid items
pass, and all required action items pass. Otherwise,
repair stops at the iteration budget or after two
consecutive rounds without improvement, defined
as no increase in coverage and no newly satisfied
avoid or core-action status. Each repair round gen-
erates K = 3 candidates. Ours(1) uses only the
initial pass, while Ours(3) allows up to three repair
rounds.

4.2 Human Evaluation Protocol
We collect human annotations through a crowd-
sourcing platform. The evaluation covers the 1,360
cultural activity prompts in CARE-1360 under five
generation methods, yielding 6,800 image–prompt
pairs. For each of the eight countries, we recruit
five annotators who are familiar with the corre-
sponding cultural context, resulting in 40 annota-
tors in total; each annotator only evaluates samples
from the country they are familiar with, so each
image–prompt pair receives five independent rat-
ings, which are averaged as the final score.

Annotators evaluate each image with respect to
the original cultural activity prompt along six di-
mensions: Overall Activity Faithfulness, Role Cor-
rectness, Action Correctness, Hallucination, Scene
Layout & Temporal Setting, and Stereotype In-
tensity. All dimensions use a 1–5 scale, where
higher scores indicate better quality; higher Hal-
lucination scores mean fewer incorrect or cross-
cultural elements, and higher Stereotype Intensity
scores mean more natural and less overly symbolic
depictions. We further compute within-country
inter-annotator agreement among the five annota-
tors assigned to each country; Pearson correlations
range from 0.790 to 0.920, Spearman correlations
from 0.754 to 0.912, and Krippendorff’s alpha from
0.789 to 0.910. Details of annotator screening, in-
terface design, randomization, quality control, and
agreement statistics are provided in Appendix I.

4.3 Compared Methods
We compare the following five methods:

• Base: Directly uses the original cultural ac-
tivity prompt to generate an image, without
additional retrieval or prompt optimization.

• C-TRIP(1): Uses the unchanged official C-
TRIP codebase with up to one round of
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prompt refinement. Because C-TRIP was de-
signed for culture-specific nouns, we use a
lightweight data-normalization adapter that
converts cultural activity prompts into C-
TRIP-compatible inputs, enabling its retrieval-
based cultural-background and visual-detail
prompting to run on our activity prompts.

• C-TRIP(3): Uses the same unchanged offi-
cial C-TRIP codebase and adapter with up to
three rounds of prompt refinement, allowing
iterative prompt rewriting based on retrieved
cultural knowledge.

• Ours(1): Uses one round of our evidence- and
checklist-guided generation process.

• Ours(3): Uses CARE with up to three rounds
of repair and candidate selection.

The number in parentheses denotes the maximum
number of allowed iteration rounds; for example,
(1) means only the initial round is performed, while
(3) allows up to three rounds of refinement or repair.
For fairness, the C-TRIP baselines use the same
activity prompts and image-generation backend as
the other methods, while keeping the official C-
TRIP code unchanged. The adapter only reformats
activity prompts into C-TRIP-compatible inputs;
it does not add task-specific evidence or alter the
baseline algorithm. Neither C-TRIP nor CARE
receives the original Cultural Atlas evidence span
as an input field; differences therefore reflect the
retrieval and prompt-construction procedures avail-
able to each method rather than privileged reuse of
dataset construction records.

We set the default candidate-search budget to
K = 3 because the validation ablation in Figure 3
shows that most gains appear by the third candi-
date. Avg6 increases from 4.319 at K = 1 to
4.389 at K = 3, then saturates at 4.389–4.390 for
K = 4–5, suggesting that larger candidate pools
add little benefit relative to their extra generation
cost. The candidate-selection weights in Eq. (5)
are fixed heuristic parameters rather than learned
values, and are set to match the hard-coded scoring
rule used in our implementation. Specifically, Ck is
the required-checklist coverage in [0, 1]; Fk counts
how many items that failed in the previous state
are repaired by the current candidate; Ak ∈ {0, 1}
indicates whether all core-action items pass; Pk

counts Evidence Recall preservation items that still
pass, where these items are previously satisfied

1 2 3 4 5
4.3

4.32

4.34

4.36

4.38

4.4

4.319

4.375

4.389 4.389 4.390

K

A
vg

6

Figure 3: Avg6 under different numbers of candidate
images on the 480-prompt ZImage subset.

evidence-grounded checklist items retained in the
repair prompt so that the model does not discard
already recalled evidence while fixing new fail-
ures; Vk ∈ {0, 1} indicates whether the candidate
contains any avoid violation; and Rk counts regres-
sions, i.e., items that passed in the previous state
but fail in the current candidate. The implemented
selection score is therefore

Sk = 10Ck + 2.0Fk + 1.0Ak + 0.5Pk

− 5.0Vk − 0.5Rk,

which corresponds to

(α, β, γ, δ, η, µ) = (10, 2.0, 1.0, 0.5, 5.0, 0.5)

in Eq. (5). Thus, coverage receives the largest pos-
itive weight, repairing an originally failed item is
weighted more strongly than preserving an already
passed item, a single avoid violation receives a
large penalty, and regressions are penalized individ-
ually. A sensitivity analysis on 200 prompts, eval-
uated by GPT-5.5 with the backend, K = 3, and
maximum repair rounds fixed, shows little differ-
ence between the default and repair-heavy settings
(4.1233 vs. 4.1250 Avg6), while the coverage-only
setting performs worst (4.0717). This suggests that
CARE is not brittle to the default weights and that
target-aware signals beyond coverage are useful;
full results are provided in Appendix B.

5 Results and Analysis

5.1 Main Results

Table 2 reports human evaluation on ZImage
and SDXL Base 1.0 (Podell et al., 2024). En-
hanced methods generally improve activity faith-
fulness, role correctness, action correctness, and
scene/temporal setting over Base, indicating that
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Backend Method Faithfulness ↑ Role ↑ Action ↑ Hallucination ↑ Scene ↑ Stereotype ↑ Avg6 ↑

ZImage

Base 3.929 4.329 3.940 4.281 4.079 4.303 4.144
C-TRIP(1) 4.088 4.415 4.057 4.286 4.221 4.017 4.181
C-TRIP(3) 4.079 4.396 4.036 4.254 4.218 3.931 4.152
Ours(1) 4.215 4.550 4.250 4.429 4.352 4.248 4.341
Ours(3) 4.260 4.592 4.307 4.479 4.377 4.308 4.387

SDXL

Base 1.366 1.512 1.248 1.449 1.369 1.946 1.482
C-TRIP(1) 1.678 1.908 1.478 1.900 1.719 2.511 1.866
C-TRIP(3) 2.118 2.281 1.863 2.461 2.301 3.209 2.372
Ours(1) 2.086 2.417 1.825 2.461 2.160 3.443 2.399
Ours(3) 2.125 2.419 1.867 2.476 2.225 3.532 2.441

Table 2: Human evaluation results using ZImage and SDXL Base 1.0 as image-generation backends. Higher scores
are better for all dimensions. ZImage results are computed over 1,360 prompts; full bootstrap 95% confidence
intervals and paired comparisons for ZImage are provided in Appendix J.

activity-oriented prompt enrichment helps gener-
ated images express cultural activity contexts. Fig-
ure 1 shows one example; more are in Appendix G.

On ZImage, Ours(3) is highest on all six dimen-
sions and Avg6, improving over Base, C-TRIP(1),
C-TRIP(3), and Ours(1) by +0.244, +0.206, +0.235,
and +0.046 Avg6 points, respectively; paired dif-
ferences are significant (Table 17). The gains are
modest on the 1–5 scale, so we interpret CARE as a
structured control mechanism that yields consistent
incremental improvements. SDXL shows the same
overall trend, suggesting transfer across the tested
generation backends.

VIEScore (Ku et al., 2024) is used only as a san-
ity check for generic prompt–image alignment and
perceptual quality, since it does not directly mea-
sure cultural activity grounding, stereotype control,
or role–action–scene correctness; details are in Ap-
pendix K.

Table 3 shows that CARE maintains comparable
generic VIEScore scores to baselines. Ours(1) is
marginally higher than Ours(3) on SC, PQ, and
Overall, while Ours(3) performs better in human
evaluation. This contrast suggests that the addi-
tional human-evaluation gains come from cultural-
activity criteria rather than generic T2I quality.

5.2 Ablation and Analysis

Component ablation. Table 4 disentangles
CARE components on a balanced 480-prompt ZIm-
age subset. CARE (evidence only) raises Avg6
from 4.221 for Base and 4.251 for C-TRIP(1) to
4.396, showing that activity-oriented evidence pro-
vides a useful generation signal. CARE (full) fur-
ther improves Avg6 to 4.454. Because the verifier
still triggers repair for 36.7% of samples, especially
on core actions and avoid constraints, the repair

loop adds value by localizing unresolved visual
requirements and using them for targeted prompt
revision and candidate selection. Detailed trigger
rates, stopping reasons, and image-generation costs
are reported in Appendix C.

Candidate-search capacity. Figure 3 shows that
Avg6 rises from 4.319 at K = 1 to 4.389 at K = 3,
then saturates at 4.389–4.390 for K = 4–5. Thus,
CARE’s benefit is not simply unbounded sampling;
most gains come from evidence-grounded failure
localization and target-aware selection.

Overall, CARE improves through evidence-
grounded prompting, checklist-based diagnosis,
and targeted repair: evidence alone helps, while ver-
ification and repair convert unresolved constraints
into additional but modest gains.

5.3 Country-Level Observations

At the country level, Ours(3) achieves the highest
Avg6 score in most countries except China, where
Ours(1) is slightly higher. Table 14 shows positive
gains over Base for all eight countries, with larger
gains for Iran and Poland and smaller gains for
Germany, Japan, Brazil, and South Africa.

Canada and Iran obtain relatively lower absolute
scores, possibly because many samples involve ab-
stract social norms, everyday etiquette, or weak
visual cues. Countries such as China, Japan, and
Brazil include more festivals, family interactions,
or concrete etiquette practices, which are easier to
benefit from structured evidence. Full per-country
variance and standard-deviation statistics are pro-
vided in Table 16. Overall, activities with clear rit-
ual actions, visible objects, and scene structures are
easier than those involving abstract social norms,
identity relations, or weak visual cues.
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Method Base C-TRIP(1) C-TRIP(3) Ours(1) Ours(3)

Semantic Consistency (SC) ↑ 0.782 0.791 0.791 0.803 0.798
Perceptual Quality (PQ) ↑ 8.372 8.311 8.272 8.417 8.394
VIEScore Overall ↑ 0.806 0.807 0.805 0.819 0.815

Table 3: Generic T2I quality sanity check with VIEScore using GPT-5 (Singh et al., 2026) as the evaluation model.
SC and Overall are normalized to 0–1, while PQ is reported on the original 0–10 scale. Higher scores indicate better
generic prompt–image alignment or perceptual quality, not cultural correctness.

Method N Faith. Role Action Halluc. Scene Stereo. Avg6

Base 480 4.023 4.367 4.004 4.381 4.148 4.404 4.221
C-TRIP(1) 480 4.167 4.446 4.129 4.388 4.302 4.075 4.251
C-TRIP(3) 480 4.098 4.392 4.040 4.273 4.238 3.942 4.164

CARE (evidence only) 480 4.283 4.583 4.319 4.510 4.408 4.269 4.396
CARE (full) 480 4.358 4.635 4.400 4.540 4.456 4.335 4.454

Table 4: Component ablation on a balanced 480-prompt subset using ZImage as the image-generation backend.
The subset contains 60 prompts per country across the eight countries. All methods are evaluated with the same
six-dimensional human scoring protocol as the main experiment. CARE (evidence only) uses evidence-grounded
prompting without checklist-guided repair, while CARE (full) uses the complete verification and repair loop.

6 Conclusion

This paper presents CARE, an evidence-driven vi-
sual checklist framework for cultural activity image
generation. Unlike methods that focus on cultural
nouns or static cultural objects, we emphasize that
cultural activities require joint modeling of partici-
pants, actions, interactions, scenes, and avoidance
constraints. CARE converts activity prompts into
source-traceable cultural evidence and fine-grained
visual checklists, and uses VLM-identified failed
checks to guide targeted prompt repair. Experi-
ments suggest that CARE provides consistent but
moderate gains over direct generation and Culture-
TRIP-style refinement on both ZImage and SDXL
backends, especially in activity faithfulness, ac-
tion correctness, scene consistency, hallucination
control, and stereotype control. Future work can
extend the framework to more countries and more
complex cross-cultural scenarios, and explore more
reliable automated evidence retrieval and verifica-
tion mechanisms.

Limitations

This work has several limitations. CARE-1360
covers eight countries and five broad categories of
cultural activities, which enables controlled com-
parison but cannot capture the full regional, ethnic,

religious, linguistic, socioeconomic, and diasporic
diversity within each country; therefore, the evi-
dence cards and generated images should not be
interpreted as canonical representations of national
cultures. Our evaluation also relies on both human
annotation and VLM-based checking, which are
inherently subjective and may reflect disagreement,
recognition errors, or cultural biases despite the use
of unified rubrics and country-specific annotators.
Finally, experiments are limited to ZImage and
SDXL Base 1.0, so future work should test newer
proprietary models, video generation systems, and
interactive editing pipelines, while expanding cul-
tural coverage and incorporating community review
of evidence cards.
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A Dataset Construction Details

A.1 Source Collection

We construct our cultural activity prompts from
Cultural Atlas country–category pages. For each
country, we consider five broad categories: dates
of significance, etiquette, family life, religion, and
greetings. Unlike object-centric cultural prompt
sets, our goal is to collect visually depictable cul-
tural activities: events, interactions, rituals, greet-
ings, household practices, religious participation,
and other scenes in which people perform culturally
meaningful actions.

For reproducibility, we store all extracted records
with their source URL, section title, source text,
and evidence span. Each candidate activity is there-
fore traceable to a source passage rather than be-
ing generated from an ungrounded cultural label.
These source passages and evidence spans are not
exposed to the generation methods during evalua-
tion; they are used for dataset construction, trace-
ability, and auditing only.

A.2 Activity Candidate Extraction

From each Cultural Atlas page, we extract can-
didate activity records. A candidate is retained
when it describes or implies a visually observable
activity, rather than an abstract value, isolated cul-
tural noun, or static object. For example, we retain
entries involving greeting behavior, food sharing,
festival participation, visiting etiquette, religious
observance, and family interaction. We exclude
entries that cannot be meaningfully depicted in an
image without adding unsupported assumptions.

Each retained record contains the target country,
content category, normalized activity name, source
text, evidence text, source URL, and a stable record
identifier. The activity name is used as the main
cultural anchor for later prompt generation and
evidence retrieval.

A.3 Evidence-Grounded Prompt Generation

For each retained activity, we generate an initial
text-to-image prompt grounded in the extracted
source evidence. The prompt is required to describe
a concrete visual scene, including participants, ac-
tions, setting, and culturally relevant objects when
these are supported by the evidence. The generator
is instructed to avoid adding unsupported cultural
symbols or generic stereotypes.

In addition to the prompt itself, we store retrieval-
oriented fields for each record, including primary
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search terms, contextual search terms, and visual-
detail search terms. These fields are later used by
the evidence retrieval and checklist construction
modules. The original source text and evidence
span are kept with every prompt as dataset metadata
for traceability, but are not provided as direct inputs
to the compared generation methods.

A.4 Filtering and Quality Control
We apply several quality-control steps after prompt
generation. First, prompts with malformed outputs
or missing required fields are removed. Second,
prompts are audited for cultural anchoring, visual
observability, and consistency with the source evi-
dence. Prompts that are too abstract, too generic,
weakly tied to the target country, or overly de-
pendent on unsupported cultural assumptions are
flagged for revision or removal.

For flagged prompts that can be repaired, we
rewrite them while preserving the original activ-
ity and evidence anchor. The rewrite step is con-
strained to improve visual concreteness and cul-
tural grounding, rather than introducing new cul-
tural facts. For example, a vague prompt may be
rewritten to specify the participants, action, and
setting, while keeping the same source-supported
activity.

A.5 Semantic-Preserving Expansion
Because Cultural Atlas pages differ in coverage
across countries and categories, some countries
provide fewer directly usable activity prompts than
others. To reduce imbalance, we perform semantic-
preserving expansion for underrepresented portions
of the data. These variants keep the same source
activity and evidence anchor, but vary the visual
realization of the scene.

The allowed variation includes changes in view-
point, participant arrangement, action detail, object
emphasis, or scene composition. For example, a
family festival activity may be represented through
different family members participating in the same
source-supported practice, or through a closer view
of the relevant cultural action. The expansion is
not allowed to change the cultural activity itself
or introduce unsupported traditions. Each variant
retains a link to the parent source record.

A.6 Deduplication and Final Selection
After expansion, we remove near-duplicate
prompts to improve diversity. We use embedding
similarity to identify prompts that are semantically

Metric Value

Rows 1,360
Countries 8
Categories 5
Unique activity names 909
Unique source texts 585
Unique evidence texts 911
Unique source URLs 39
Unique source record IDs 1,360
Section titles 51

Table 5: Basic metadata statistics for CARE-1360.
Source URLs correspond to broader Cultural Atlas
pages, while source record IDs are prompt-level prove-
nance identifiers.

too close, and retain prompts that provide distinct
visual realizations of the same or related cultural
activity. The final selection balances country cov-
erage while preserving activity diversity across the
five content categories.

The resulting dataset consists of traceable cul-
tural activity prompts. Each prompt includes the
target country, category, activity name, source ev-
idence, source URL, and a stable identifier. This
design allows the dataset to support both image
generation and evidence-grounded evaluation: gen-
erated images can be assessed not only against the
prompt, but also against the cultural evidence from
which the prompt was derived.

A.7 Final Category Distribution
Table 1 in the main text reports the final country–
category counts. The selection keeps country to-
tals balanced at 170 prompts per country, but does
not force the five activity categories to be uniform
within each country. Instead, the final distribu-
tion reflects two constraints: the amount of usable
Cultural Atlas material available for each country–
category page and whether extracted activities can
be converted into concrete visual scenes without
adding unsupported cultural assumptions. Conse-
quently, Etiquette contributes the largest number
of prompts overall, while Dates of Significance
is relatively prominent for Canada and Germany.
South Africa has no Family prompts because the
corresponding Cultural Atlas family page has no
available source records.

A.8 Dataset Statistics
Table 5 summarizes the basic metadata coverage
of CARE-1360. The dataset contains 1,360 rows
across eight countries and five categories, with 909
unique activity names and 911 unique evidence
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Dates Etiquette Family Greetings Religion

Brazil

Canada

China

Germany

Iran

Japan

Poland

South Africa

21 75 30 24 20

61 69 23 8 9

30 66 36 13 25

64 73 15 8 10

28 72 34 15 21

18 84 21 21 26

33 78 24 28 7

45 85 0 23 17
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Figure 4: Heatmap of the final CARE-1360 country–category distribution. Darker cells indicate more prompts in
that category. The zero Family count for South Africa reflects that the corresponding Cultural Atlas family page had
no available source records, rather than post-hoc removal of otherwise usable records.

texts. Although the prompts are derived from 39
Cultural Atlas source URLs, the final rows use
1,360 unique source record identifiers; this means
that the final prompt set does not reuse the same
source record as a direct duplicated parent. Source
URLs are therefore best interpreted as country–
category source pages, while source records and
evidence texts capture finer-grained activity-level
provenance.

Table 6 reports overlap statistics under different
grouping keys. The source-record grouping has
singleton rate 1.000 and maximum cluster size 1,
confirming that the final dataset does not contain
multiple prompts with the same source record iden-
tifier. The source-text and activity-name groupings
show natural overlap because a source passage may
support multiple distinct visual activities and the
same activity name may occur in different contexts;
however, the maximum source-text and activity-
name cluster sizes are both 7, rather than forming
large template-like clusters.

Table 7 reports word-length statistics for key
textual fields. Prompts are relatively concise, with
a mean length of 18.66 words, while source texts
are longer and more variable. This reflects the
construction process: prompts are compact visual
scene descriptions, whereas source texts preserve
broader contextual passages for traceability and
auditing.

Table 8 reports exact and normalized duplicate
statistics. The prompt fields contain no exact or
normalized duplicates. Repetition at the activity-
name, source-text, and evidence-text levels reflects
the structure of the source material: the same ac-

Cluster key Groups Mean Median P90 Max

Source record ID 1,360 1.000 1 1 1
Source text 585 2.325 2 4 7
Source URL 39 34.872 25 73.4 85
Activity name 909 1.496 1 2 7

Table 6: Source-overlap and cluster-size statistics for
CARE-1360. P90 denotes the 90th percentile of cluster
size. Source URL clusters are larger because each URL
corresponds to a broader country–category page; source-
record clusters are singleton by construction. Singleton
rates are 1.000 for source record ID, 0.352 for source
text, 0.000 for source URL, and 0.569 for activity name.

Field Mean words Median P90 Max

Prompt 18.66 18 24 49
Source text 42.65 28 105 190
Evidence text 8.93 8 15 30
Activity name 3.93 4 6 10

Table 7: Word-length statistics for CARE-1360 textual
fields. P90 denotes the 90th percentile, meaning that
90% of entries in the corresponding field are no longer
than this value.

tivity label or source passage can support multiple
distinct prompts, but the final prompt strings them-
selves are unique.

Table 13 reports two additional dataset attributes.
Most prompts describe social practices rather than
named events, which supports the focus on cultur-
ally grounded activities beyond festival names or
static cultural nouns. The confidence field records
the construction-time confidence assigned during
dataset preparation; because it is metadata rather
than an evaluation outcome, we use it descriptively
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Field Unique Duplicate rows Dup. rate Max dup.

Prompt 1,360 0 0.000 1
Final prompt 1,360 0 0.000 1
Normalized prompt 1,360 0 0.000 1
Activity name 909 451 0.332 7
Source text 585 775 0.570 7
Evidence text 911 449 0.330 6

Table 8: Duplicate statistics for CARE-1360. Prompt-
level duplicates are absent under exact and normalized
matching; source-level repetitions reflect shared source
passages or activity labels rather than duplicate prompt
strings.

Setting (α, β, γ, δ, η, µ) Avg6 ↑
Default (10, 2, 1, 0.5, 5, 0.5) 4.1233
Repair-heavy (8, 4, 1, 0.5, 5, 0.5) 4.1250
Balanced (5, 1, 1, 1, 5, 1) 4.0992
Avoid-heavy (10, 2, 1, 0.5, 10, 0.5) 4.0975
Coverage-only (10, 0, 0, 0, 0, 0) 4.0717

Table 9: Sensitivity of the Eq. (5) selection weights
on 200 prompts, evaluated by GPT-5.5. The backend,
K = 3, and maximum repair rounds = 3 are fixed
across settings.

rather than as a filtering criterion in the experi-
ments.

B Selection-Weight Sensitivity

We evaluate the sensitivity of the candidate-
selection score in Eq. (5) on 200 prompts sam-
pled from the balanced 480-prompt ZImage abla-
tion subset. We fix the image-generation backend,
K = 3, and maximum repair rounds to three, and
vary only (α, β, γ, δ, η, µ), which weight required
coverage, repaired failures, core-action success,
preservation, avoid violations, and regressions, re-
spectively. All settings are evaluated by GPT-5.5
under the same six-dimensional rubric.

Table 9 shows that the repair-heavy setting dif-
fers from the default by only +0.0017 Avg6, while
the balanced and avoid-heavy settings decrease
modestly. Coverage-only performs worst, indi-
cating that repaired failures, core-action success,
preservation, avoid violations, and regressions pro-
vide useful selection signals beyond aggregate cov-
erage. Overall, performance is stable across sev-
eral reasonable weight configurations rather than
depending on a single manual setting.

C Adaptive Repair Cost Analysis

CARE applies repair conditionally rather than
assigning the maximum repair budget to every

prompt. On the balanced 480-prompt subset in
Table 4, 304 prompts (63.3%) satisfy the stopping
condition after the initial generation–verification
pass, while 176 prompts (36.7%) trigger repair.
Consequently, the gains from full CARE over
evidence-only prompting are averaged over both
repaired samples and the larger group of early-
pass samples. Nevertheless, full CARE improves
Faithfulness by +0.075, Role by +0.052, Action
by +0.081, Scene by +0.048, and Stereotype by
+0.067 over evidence-only prompting.

The realized image-generation cost is substan-
tially below the worst-case budget. The subset
requires 480 initial images and 750 repair candi-
dates, for 1,230 images in total, or 2.56 images per
prompt on average. This is lower than applying the
maximum budget of 1+3×3 = 10 images to every
prompt. Among the 176 repaired samples, 79.5%
stop after meeting the coverage condition, 9.1%
stop after two consecutive rounds without improve-
ment, and 11.4% reach the maximum repair-round
budget. These results show that additional genera-
tion is concentrated on checklist-identified failures
rather than uniformly applied to all samples.

D Additional Diagnostic Baselines

To distinguish CARE from retrieval-free prompt
expansion and generic best-of-K selection, we in-
troduce two additional diagnostic baselines. No-
Retrieval LLM Expansion does not use web re-
trieval, Evidence Cards, checklists, or repair. It
asks the same LLM to rewrite the original activ-
ity prompt with concrete visual details about par-
ticipants, actions, objects, and scene context, and
generates one image from the expanded prompt.
Generic VLM Best-of-K uses CARE’s evidence-
grounded initial prompt and generates K = 3
candidates, but removes the atomic checklist and
evidence-linked repair process. Instead, it selects a
candidate using a generic holistic judgment from
the same VLM.

We evaluate these baselines on 200 prompts sam-
pled from the balanced 480-prompt ZImage subset
used in Table 4. Because the rebuttal period did not
permit culturally familiar human evaluation at the
scale and rigor of the main experiment, we use GPT-
5.5 as a temporary automatic judge under the same
six-dimensional rubric. These results are reported
separately from the main human-evaluation results
and should be interpreted as diagnostic evidence
rather than as a replacement for country-familiar
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Method Retrieval Checklist Repair K Avg6 ↑
No-Retrieval LLM Expansion No No No 1 4.241
Generic VLM Best-of-K Yes No No 3 4.173
Full CARE Yes Yes Yes 3 4.447

Table 10: Diagnostic evaluation of retrieval-free prompt
expansion and generic VLM best-of-K selection on 200
prompts. Avg6 is assigned by GPT-5.5 under the six-
dimensional evaluation rubric. For Full CARE, K = 3
denotes the number of candidates generated in each
triggered repair round; repair is applied adaptively as
described in Appendix C.

human evaluation.
As shown in Table 10, Full CARE exceeds

Generic VLM Best-of-K and No-Retrieval LLM
Expansion by +0.274 and +0.206 Avg6, respec-
tively. This diagnostic comparison suggests that
CARE’s gains cannot be explained solely by
retrieval-free activity-prompt expansion, multi-
candidate sampling, or generic VLM reranking.
Instead, the combination of evidence grounding,
checklist-based failure localization, and targeted
repair provides additional value. Because these re-
sults rely on automatic evaluation, we treat them as
supporting evidence and keep them separate from
the main country-familiar human evaluation.

E Verifier Reliability Analysis

To assess the reliability of the checklist verifier,
we randomly sampled 120 checklist–image pairs
and asked three human annotators to independently
judge whether each pair satisfied the correspond-
ing checklist item. Each annotator evaluated all
120 pairs, producing 360 human judgments in total.
Agreement among the three annotators was substan-
tial, with Fleiss’ κ = 0.746 and a full-agreement
rate of 83.0% across the 120 pairs.

For verifier–human agreement, we compared
the verifier prediction for each checklist–image
pair separately against each of the three human
judgments, yielding 360 verifier–annotator com-
parisons. The QwenVL verifier agreed with the
corresponding human judgment in 314 of the 360
comparisons, giving a per-annotation agreement of
87.22%.

Among the 46 disagreements, 12 were false-pass
comparisons (3.33% of all comparisons), in which
the verifier predicted that the checklist item passed
while the corresponding human annotator judged it
as failing. The remaining 34 were false-fail com-
parisons (9.44%), in which the verifier predicted
failure while the human annotator judged the item

Verifier–human outcome Count Proportion

Agreement 314 87.22%
False pass 12 3.33%
False fail 34 9.44%

Total 360 100.00%

Table 11: Agreement between the QwenVL verifier and
three independent human judgments on 120 checklist–
image pairs. Each pair contributes three verifier–
annotator comparisons.

Criterion Fleiss’ κ Prompt coverage

Relevance 0.755 100%
Cultural specificity 0.725 94%
Visual usefulness 0.705 97%
All three criteria – 83%

Table 12: Audit of 1,340 filtered passages from 100
prompts. Prompt coverage is the percentage of prompts
with at least one passage satisfying the corresponding
criterion.

as passing. The verifier therefore exhibits more
false-fail than false-pass disagreements, suggesting
a conservative error tendency that is more likely
to trigger additional repair than to accept an im-
age that a human annotator considers unsuccess-
ful. Because the three comparisons for the same
checklist–image pair share one verifier prediction,
these percentages are descriptive agreement statis-
tics over 120 sampled pairs rather than results from
360 independent samples.

F Retrieval Evidence Audit

We audit 1,340 filtered passages retrieved for 100
randomly sampled prompts. Three annotators in-
dependently judge each passage for relevance, cul-
tural specificity, and visual usefulness. Fleiss’ κ
is 0.755, 0.725, and 0.705 for the three criteria,
respectively, indicating substantial agreement.

As shown in Table 12, retrieval usually sup-
plies usable evidence, although 17% of prompts
have no single passage satisfying all three crite-
ria. CARE therefore filters and structures retrieved
content through source-linked Evidence Cards and
visual checkability constraints rather than directly
appending passages to generation prompts. Open-
web evidence may still reflect incomplete coverage,
query-language effects, or stereotypical framing;
traceability makes these issues inspectable but does
not guarantee unbiased evidence.
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Attribute Value Count

Activity type Social practice 1,050
Activity type Named event 310
Confidence Medium 1,032
Confidence High 328
Row type Original 1,345
Row type Augmented variant 15

Table 13: Activity-type, confidence, and row-type distri-
butions for CARE-1360. Augmented variants account
for 15 of 1,360 prompts, or 1.10% of the dataset.

G Additional Qualitative Examples

Figure 5 provides the remaining qualitative com-
parisons originally considered for the main-text
figure. These examples are placed in the appendix
to preserve the main paper’s readability while still
documenting qualitative behavior across additional
cultural activities.

H Full Evidence Card Examples

Below are complete Evidence Card records for
Qingming Festival, Nowruz, and Shichigosan sam-
ples. These full field-level records illustrate how
the evidence supports source tracing, prompt con-
struction, visual checklist generation, and dataset
balancing.

China / Qingming.
{

"record_id": "341d9a1313e0b54d",
"country": "China",
"activity_name": "Qingming Festival",
"category": "Dates of Significance",
"prompt": "Demarcated by burning incense, Chinese mourners

kneel to arrange food offerings before a gravestone
during the Qingming Festival.",

↪→
↪→
"evidence_card": {

"objects": [
{
"atom": "A gravestone or tombstone is a marker, usually

stone, placed over a grave.",↪→
"visual_form": "A stone marker placed over a grave,

possibly with inscriptions or carvings.",↪→
"source": "p0",
"checkable": true,
"id": "object_001"

},
{

"atom": "Incense is an aromatic biotic material that
releases fragrant smoke when burnt.",↪→

"visual_form": "Sticks or cones of incense emitting
smoke.",↪→

"source": "p1",
"checkable": true,
"id": "object_002"

}
],
"actions": [

{
"atom": "Mourners kneel before a gravestone.",
"actor": "Mourners",
"target": "Gravestone",
"visual_form": "One or both knees touching the ground

in front of a gravestone",↪→
"source": "p1",
"checkable": true,
"id": "action_001"

},

{
"atom": "Mourners arrange food offerings before a

gravestone.",↪→
"actor": "Mourners",
"target": "Gravestone",
"visual_form": "Placing food items on the ground in

front of a gravestone",↪→
"source": "p0",
"checkable": true,
"id": "action_002"

}
],
"scenes": [
{

"atom": "A gravestone is present.",
"visual_form": "A stone marker or monument in a

cemetery.",↪→
"source": "p0",
"checkable": true,
"id": "scene_001"

},
{

"atom": "The scene is set in a cemetery.",
"visual_form": "An area with multiple graves,

tombstones, or burial plots.",↪→
"source": "p0",
"checkable": true,
"id": "scene_002"

}
],
"avoid": [
{
"atom": "Mourners burning joss paper during a festival",
"forbidden_visual": "Mourners burning joss paper during

a festival",↪→
"source": "p1",
"checkable": true,
"id": "avoid_001"

},
{
"atom": "Ghost Festival activities on the 15th night of

the seventh month",↪→
"forbidden_visual": "Ghost Festival activities on the

15th night of the seventh month",↪→
"source": "p0",
"checkable": true,
"id": "avoid_002"

}
],
"meta": {
"num_raw_passages": 12,
"num_after_dedup": 12,
"slot_counts": {

"objects": 2,
"actions": 2,
"scenes": 2,
"avoid": 2

}
}

}
}

Iran / Nowruz.
{

"record_id": "df326f588b28728c",
"country": "Iran",
"activity_name": "Nowruz",
"category": "Dates of Significance",
"prompt": "Nowruz marks the Persian New Year on March 21st

with festive family gatherings and symbolic displays.",↪→
"evidence_card": {

"objects": [
{
"atom": "Haft Seen arrangement of seven symbolic items",
"visual_form": "A table display with seven symbolic

items arranged together",↪→
"source": "p0",
"checkable": true,
"id": "object_001"

},
{

"atom": "Samanu sweet paste in a large pot",
"visual_form": "A large pot containing a brownish sweet

paste",↪→
"source": "p1",
"checkable": true,
"id": "object_002"

},

15283



{
"atom": "Germinated wheat seeds",
"visual_form": "Small sprouted wheat seeds",
"source": "p2",
"checkable": true,
"id": "object_003"

},
{

"atom": "Goldfish in an aquarium",
"visual_form": "A small orange fish swimming in a glass

tank",↪→
"source": "p3",
"checkable": true,
"id": "object_004"

}
],
"actions": [

{
"atom": "Families gather together to celebrate Nowruz.",
"actor": "families",
"target": "Nowruz celebration",
"visual_form": "A group of people of various ages

sitting or standing together indoors, smiling and
interacting.",

↪→
↪→
"source": "p0",
"checkable": true,
"id": "action_001"

},
{

"atom": "People perform spring cleaning in preparation
for Nowruz.",↪→

"actor": "people",
"target": "house",
"visual_form": "A person dusting or sweeping a room

with cleaning tools.",↪→
"source": "p1",
"checkable": true,
"id": "action_002"

}
],
"scenes": [

{
"atom": "Festive family gatherings",
"visual_form": "A group of people, likely family

members, gathered together in a celebratory
setting, possibly indoors or outdoors, with
smiling faces and festive decorations.",

↪→
↪→
↪→
"source": "p0",
"checkable": true,
"id": "scene_001"

},
{

"atom": "Symbolic displays",
"visual_form": "A table or arrangement of symbolic

items, such as a Haft-sin table, containing
specific objects like wheat sprouts, apples, or
candles.",

↪→
↪→
↪→
"source": "p0",
"checkable": true,
"id": "scene_002"

}
],
"avoid": [

{
"atom": "People jumping over fire during Chaharshanbeh

Suri",↪→
"forbidden_visual": "People jumping over fire",
"source": "p1",
"checkable": true,
"id": "avoid_001"

}
],
"meta": {

"num_raw_passages": 13,
"num_after_dedup": 13,
"slot_counts": {

"objects": 4,
"actions": 2,
"scenes": 2,
"avoid": 1

}
}

}
}

Japan / Shichigosan.
{

"record_id": "13f205f40a571597",

"country": "Japan",
"activity_name": "Shichigosan",
"category": "Dates of Significance",
"prompt": "Shichigosan fills a Japanese shrine with children

in traditional kimono, accompanied by parents holding
chitose-ame candy bags, on the fifteenth of November.",

↪→
↪→
"evidence_card": {

"objects": [
{
"atom": "Children in traditional kimono",
"visual_form": "Children wearing wrapped-front garments

with square sleeves, left side over right, with a
broad sash (obi), and accessories such as zōri
sandals and tabi socks",

↪→
↪→
↪→
"source": "p1",
"checkable": true,
"id": "object_001"

},
{
"atom": "Parents holding chitose-ame candy bags",
"visual_form": "Adults holding elongated bags of candy",
"source": "p0",
"checkable": true,
"id": "object_002"

},
{
"atom": "Japanese shrine setting",
"visual_form": "A Shinto shrine complex with multiple

buildings, possibly including main shrines like
Naikū and Gekū",

↪→
↪→
"source": "p2",
"checkable": true,
"id": "object_003"

},
{
"atom": "Obi sashes on children's kimono",
"visual_form": "Broad sashes of varying size and shape,

tied in different methods, worn around the waist
over the kimono",

↪→
↪→
"source": "p3",
"checkable": true,
"id": "object_004"

}
],
"actions": [

{
"atom": "Parents hold chitose-ame candy bags.",
"actor": "parents",
"target": "chitose-ame candy bags",
"visual_form": "adults holding long, thin candy bags",
"source": "p0",
"checkable": true,
"id": "action_001"

}
],
"scenes": [

{
"atom": "A Japanese shrine filled with children in

traditional kimono",↪→
"visual_form": "A Shinto shrine building with many

children wearing colorful kimono standing inside
or on the grounds",

↪→
↪→
"source": "p0",
"checkable": true,
"id": "scene_001"

},
{
"atom": "Parents holding chitose-ame candy bags",
"visual_form": "Adults holding long, thin red-and-white

candy bags",↪→
"source": "p0",
"checkable": true,
"id": "scene_002"

},
{

"atom": "The scene takes place on the fifteenth of
November",↪→

"visual_form": "A calendar or seasonal indicator
showing mid-autumn, possibly with autumn leaves",↪→

"source": "p0",
"checkable": false,
"id": "scene_003"

}
],
"avoid": [
{

"atom": "Golden Week holiday period",
"forbidden_visual": "A calendar or scene showing dates

from April 29 to May 5, or any celebration
associated with Golden Week",

↪→
↪→
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"source": "p0",
"checkable": true,
"id": "avoid_001"

},
{

"atom": "Cosplay activity",
"forbidden_visual": "People wearing costumes

representing fictional characters from anime,
manga, video games, or other media",

↪→
↪→
"source": "p1",
"checkable": true,
"id": "avoid_002"

}
],
"meta": {

"num_raw_passages": 16,
"num_after_dedup": 16,
"slot_counts": {

"objects": 4,
"actions": 1,
"scenes": 3,
"avoid": 2

}
}

}
}

I Human Evaluation Details

I.1 Annotation Interface

To collect human evaluation results, we implement
a dedicated annotation system for cultural activity
image generation. Figure 6 shows the annotation
interface. Annotators first log in with an annotator
ID and select the country assigned to them. The
system then presents samples one by one, includ-
ing the generated image, country, cultural category,
cultural activity name, cultural background text,
and the prompt used for image generation. To re-
duce method bias, different generation methods
are anonymized as A–E in the annotation interface,
so annotators cannot directly see method names
during scoring.

I.2 Scoring Rubric

Each image is evaluated along six dimensions:
Overall Activity Faithfulness, Role Correctness,
Action Correctness, Hallucination, Scene Layout
& Temporal Setting, and Stereotype Intensity. All
dimensions are scored on a 1–5 Likert scale, where
higher scores indicate better quality. For Hallucina-
tion, a higher score means that the image contains
fewer inappropriate elements or cross-cultural in-
trusions. For Stereotype Intensity, a higher score
means that the image is more natural and contains
fewer exaggerated or stereotypical cultural expres-
sions. The annotation interface provides a short de-
scription for each dimension, as well as expandable
full scoring guidelines to help annotators maintain
consistent standards across samples.

The rubric covers six dimensions: Activity Faith-
fulness, Role Correctness, Action Correctness, Hal-
lucination, Scene/Time, and Stereotype Intensity.

The full scoring instructions shown to annotators
are provided below.

I.3 Full Annotation Guidelines

Overall Activity Faithfulness

Definition. Evaluate whether the image, as
a whole, faithfully represents the target cul-
tural activity. Consider the overall cultural
plausibility of the activity, including who is
involved, what is happening, and whether the
scene matches the intended activity context.
Scoring.

• 5: Excellent faithfulness. The image
clearly and convincingly represents the
target cultural activity. Most key cultural
cues are correct and consistent.

• 4: Good faithfulness. The image largely
matches the target activity, with only mi-
nor inaccuracies or omissions that do not
change the overall interpretation.

• 3: Partial faithfulness. The image shows
some relevant elements of the target activ-
ity, but the overall representation is incom-
plete, generic, or partly inaccurate.

• 2: Weak faithfulness. The image has lim-
ited connection to the target activity. Ma-
jor cultural cues are missing, incorrect, or
inconsistent.

• 1: No faithfulness. The image does not
meaningfully represent the target cultural
activity, or it strongly misrepresents it.

Reminder. Judge the activity as a whole. Do
not give a high score only because a few objects,
clothes, or symbols look culturally relevant.

Role Correctness

Definition. Evaluate whether the participant
types and role characteristics are correct for
the target cultural activity. Focus on who is
present, who plays the main role, whether any
inappropriate or unexpected roles appear, and
whether key participant attributes, such as age,
gender, ethnicity, or nationality when cultur-
ally relevant, are appropriate for the activity
context.
Scoring.
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• 5: Fully correct. The participant types and
role structure are highly appropriate for
the target activity. The main role is clear,
supporting roles are reasonable, key partic-
ipant attributes are culturally appropriate,
and no inappropriate roles are present.

• 4: Mostly correct. The main role and most
participant types are appropriate, with
only minor issues in role assignment or
participant attributes that do not change
the overall role structure.

• 3: Partially correct. Some participant
types or roles are appropriate, but the
main role is unclear, incomplete, overly
generic, or partly inconsistent. Some key
participant attributes may also be weakly
matched.

• 2: Weakly correct. The image shows
limited role correctness. Important par-
ticipant types are missing, unclear, mis-
matched, or culturally implausible, and/or
some inappropriate roles appear.

• 1: Incorrect. The participant types or role
structure are clearly wrong for the target
activity, or key roles are missing and/or
replaced by inappropriate ones. Major
participant attributes are also clearly in-
consistent with the cultural activity.

Reminder. Judge who is involved in the activ-
ity, not what they are doing. If the people are
the right ones but their actions are wrong, Role
Correctness can still be high while Action Cor-
rectness should be low. If participant identity
is broadly correct but clothing, props, or ap-
pearance details are wrong, Role Correctness
may still remain relatively high; such errors
should mainly be reflected in other relevant di-
mensions.

Action Correctness

Definition. Evaluate whether the people in
the image are performing the correct actions
and interacting in the correct way for the target
cultural activity. Focus on how the activity
is being carried out, not just whether relevant
objects or people are present.
Scoring.

• 5: Fully correct. The core actions and in-
teraction patterns are clearly appropriate
for the target cultural activity. The activ-
ity is being carried out in a natural and
culturally consistent way.

• 4: Mostly correct. The main actions and
interactions are appropriate, with only mi-
nor inaccuracies or omissions that do not
change the overall interpretation of the ac-
tivity.

• 3: Partially correct. Some actions or inter-
actions are relevant, but the activity is only
partly represented. The behavior may be
generic, incomplete, or somewhat incon-
sistent with the target cultural context.

• 2: Weakly correct. The image shows lim-
ited action correctness. Key actions are
missing, unclear, awkward, or culturally
mismatched, and/or the interaction pattern
is noticeably incorrect.

• 1: Incorrect. The people are not perform-
ing the target activity in a meaningful
way, or the actions/interactions are clearly
wrong for the target cultural activity.

Reminder. Judge what people are doing and
how they interact, not who they are. If the par-
ticipant roles are appropriate but the behavior is
wrong, Action Correctness should be low even
if Role Correctness is high. Do not give a high
score only because culturally relevant objects,
clothing, or background elements are present.
This dimension is about action and interaction.

Hallucination

Definition. Evaluate whether the image avoids
elements that do not belong to the target cul-
tural activity and avoids incorrectly mixing in
elements from other cultures. Focus on whether
participants, objects, clothing, symbols, ac-
tions, and background cues remain culturally
appropriate for this activity context.
Scoring.

• 5: No or nearly no hallucination. The
image contains no clear inappropriate el-
ements, or only negligible issues that do
not affect cultural understanding.
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• 4: Low hallucination. Only minor or occa-
sional incorrect elements are present, with
limited impact on the overall interpreta-
tion.

• 3: Moderate hallucination. The image
contains some incorrect or mixed ele-
ments, but they do not fully dominate the
scene.

• 2: High hallucination. The image includes
clearly inappropriate elements, and these
errors noticeably affect the cultural inter-
pretation.

• 1: Severe hallucination. The image con-
tains major incorrect or cross-cultural ele-
ments that strongly distort the target activ-
ity.

Reminder. This dimension measures the pres-
ence of wrong elements, not the absence of
correct ones. If an important expected element
is missing, do not count it as hallucination un-
less a clearly wrong substitute appears in its
place. Higher scores mean the image is cleaner
and more culturally appropriate.

Scene Layout & Temporal Setting

Definition. Evaluate whether the scene, spatial
arrangement, seating/standing positions, ritual
placement, and temporal atmosphere are appro-
priate for the target cultural activity. Focus on
whether the activity takes place in a plausible
setting and whether the people and objects are
arranged in a culturally reasonable way.
Scoring.

• 5: Fully appropriate. The scene, spatial re-
lations, seating/standing arrangement, rit-
ual placement, and temporal atmosphere
are all highly appropriate for the target cul-
tural activity and feel natural in context.

• 4: Mostly appropriate. The overall setting
and layout are suitable, with only minor
issues in spatial arrangement or temporal
cues that do not affect the overall interpre-
tation.

• 3: Partially appropriate. The image con-
tains a somewhat relevant setting, but

the layout, positioning, or temporal at-
mosphere is generic, incomplete, or only
partly consistent with the target activity.

• 2: Weakly appropriate. The scene and lay-
out show limited appropriateness. Impor-
tant spatial relations, seating/standing pat-
terns, ritual placement, or temporal cues
are missing, unclear, or noticeably mis-
matched.

• 1: Inappropriate. The scene, layout, or
temporal atmosphere is clearly wrong for
the target cultural activity, and the image
does not provide a plausible activity con-
text.

Reminder. This dimension measures where
and how the activity is situated, not whether
the people or objects themselves are correct. A
scene may include the right people and objects
but still score low here if the arrangement looks
unnatural, staged, or culturally implausible.

Stereotype Intensity

Definition. Evaluate whether the image avoids
overemphasizing cultural elements in a stereo-
typical, tourist-poster-like, or overly performa-
tive way. Focus on whether the culture is repre-
sented in a grounded and context-appropriate
manner rather than in an exaggerated, overly
symbolic, or unnatural way. Higher scores in-
dicate lower stereotype intensity.
Scoring.

• 5: No or nearly no stereotype inten-
sity. The cultural elements are pre-
sented in a grounded, natural, and context-
appropriate way, without obvious exagger-
ation or over-symbolization.

• 4: Low stereotype intensity. The image
shows only limited exaggeration; most
cultural elements still feel relatively natu-
ral and context-appropriate.

• 3: Moderate stereotype intensity. The im-
age contains some exaggerated or overly
symbolic cultural cues, but they do not
fully dominate the scene.

• 2: High stereotype intensity. The image
noticeably overemphasizes cultural sym-
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Country Base Ours(1) Ours(3) ∆ vs. Base

Brazil 4.323 4.463 4.502 +0.179
Canada 3.985 4.154 4.253 +0.268
China 4.368 4.614 4.604 +0.236
Germany 4.068 4.126 4.198 +0.130
Iran 3.723 4.079 4.117 +0.394
Japan 4.355 4.453 4.500 +0.145
Poland 4.066 4.402 4.486 +0.420
South Africa 4.262 4.434 4.437 +0.175

Table 14: Compact country-level Avg6 summary for
ZImage. ∆ vs. Base is computed as Ours(3) minus Base.
Full country–method variance and standard-deviation
statistics are provided in Appendix Table 16.

bols or style, and this exaggeration affects
the realism of the activity.

• 1: Very high stereotype intensity. The im-
age strongly exaggerates cultural elements
and presents the activity in a highly stereo-
typical, tourist-poster-like, or theatrical
way.

Reminder. This dimension measures overstate-
ment, not simple visibility. A clearly recogniz-
able cultural element is not necessarily exag-
gerated. Only lower the score when the image
pushes cultural cues beyond what feels natural
for the activity context. Higher scores mean the
image is more grounded and less stereotyped.

J ZImage Human Evaluation Confidence
Intervals

Table 15 reports the full bootstrap 95% confi-
dence intervals for the ZImage human evalua-
tion in Table 2. Each method is evaluated on
1,360 image–prompt pairs after averaging the five
country-specific annotators for each sample. To
improve readability, metrics are organized as rows
and methods as columns.

The compact country-level summary moved
from the main text is shown in Table 14; more
detailed country–method variance statistics follow
in Table 16.

Table 16 reports the country-level Avg6 mean,
variance, and standard deviation for the 1,360 an-
notated prompts across eight countries and five
methods. Method-name parentheses denote the
maximum number of allowed iteration rounds; for
example, (1) uses only the initial round, while (3)
allows up to three rounds of refinement or repair.

For each country–method pair, variance and stan-
dard deviation are computed over the Avg6 distri-
bution of the 170 samples within that country.

J.1 Annotation Procedure and Quality
Control

The evaluation covers the same 1,360 prompts in
CARE-1360, with 170 prompts for each of the
eight countries. For each prompt, we include one
generated image from each of the five compared
methods, yielding 6,800 image–prompt pairs in to-
tal. For each country, we recruit five annotators
who are familiar with the corresponding cultural
context, resulting in 40 annotators in total. Anno-
tators are assigned only to the country for which
they report cultural familiarity. The five annotators
for the same country annotate the same country-
specific subset: 170 prompts multiplied by five
methods, or 850 image–prompt pairs per country.
Thus, each image–prompt pair receives five inde-
pendent ratings from annotators familiar with that
country. Annotator screening follows three crite-
ria. First, annotators must be able to communicate
fluently in English and read the English prompts,
scoring guidelines, and interface instructions. Sec-
ond, annotators must have grown up in the corre-
sponding country, or have worked or lived there
for at least two years, so that their judgments are
grounded in direct experience with the target cul-
tural context. Third, compensation for the annota-
tion task is set above the relevant local minimum
hourly wage to reduce the risk that low pay affects
annotation quality or participation fairness. Each
sample is shown with the original cultural activity
prompt and the generated image, and annotators
are instructed to judge only visible image content
rather than inferring hidden intent from the prompt
or from external knowledge beyond the cultural
activity being evaluated.

The system requires annotators to complete all
six dimension scores before submitting a sample.
If an annotator finds a sample temporarily difficult
to judge, or if the image has loading or display is-
sues, they can skip the sample for later handling.
Method identities are anonymized as A–E, and sam-
ples are presented in a randomized order within
each country to reduce ordering and method-name
bias. The system records each annotation result, in-
cluding annotator ID, item ID, anonymized method
label, country, cultural activity name, six dimen-
sion scores, skip status, and submission timestamp.
The interface also displays annotation progress for
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Metric Base C-TRIP(1) C-TRIP(3) Ours(1) Ours(3)

Faith. 3.929 [3.868, 3.986] 4.088 [4.031, 4.145] 4.079 [4.022, 4.137] 4.215 [4.169, 4.263] 4.260 [4.214, 4.305]
Role 4.329 [4.271, 4.385] 4.415 [4.360, 4.469] 4.396 [4.340, 4.454] 4.550 [4.505, 4.596] 4.592 [4.551, 4.634]
Action 3.940 [3.871, 4.008] 4.057 [3.993, 4.124] 4.036 [3.971, 4.104] 4.250 [4.194, 4.305] 4.307 [4.256, 4.363]
Halluc. 4.281 [4.216, 4.340] 4.286 [4.226, 4.342] 4.254 [4.196, 4.312] 4.429 [4.380, 4.476] 4.479 [4.432, 4.524]
Scene 4.079 [4.023, 4.137] 4.221 [4.165, 4.274] 4.218 [4.159, 4.274] 4.352 [4.306, 4.398] 4.377 [4.333, 4.420]
Stereo. 4.303 [4.244, 4.360] 4.017 [3.956, 4.074] 3.931 [3.871, 3.993] 4.248 [4.193, 4.303] 4.308 [4.254, 4.358]

Avg6 4.144 [4.090, 4.194] 4.181 [4.129, 4.230] 4.152 [4.101, 4.204] 4.341 [4.299, 4.381] 4.387 [4.349, 4.424]

Table 15: ZImage human evaluation means with bootstrap 95% confidence intervals. Each cell shows mean [lower,
upper]. Higher scores are better for all dimensions.

the current country and method subset, helping us
control coverage across countries and generation
methods.

During aggregation, we first average the five
annotator scores for each image–prompt pair and
each dimension, and use this annotator mean as the
sample-level final score. We then compute method-
level mean scores for each dimension and report the
average over the six dimensions as Avg6. For qual-
ity control, we review skipped items, incomplete
submissions, display-failure cases, and annotations
with clearly invalid score patterns. Cases with un-
clear or low-quality annotations are removed or
rechecked before aggregation, and the final scores
in Table 2 are computed after this filtering step. All
evaluated images are AI-generated, and no real-
person private images are used in the annotation
task.

To assess annotation reliability, we compute
inter-annotator agreement within each country
among the five annotators assigned to that country.
For each annotator and each image–prompt pair,
we first average the six dimension scores to obtain
an annotator-level overall score, and then compute
agreement over these overall scores for the same
country-specific samples. As shown in Table 18,
all countries show substantial agreement. Pearson
correlations range from 0.790 to 0.920, Spearman
correlations range from 0.754 to 0.912, and Krip-
pendorff’s alpha ranges from 0.789 to 0.910, sup-
porting the reliability of the multi-annotator eval-
uation protocol while still allowing for culturally
grounded subjective variation.

K VIEScore Evaluation Details

We use VIEScore (Ku et al., 2024) as an automatic
evaluation metric and use GPT-5 as the evaluation
model. For each generated image, we evaluate Se-
mantic Consistency (SC) and Perceptual Quality

(PQ) with separate prompts. SC measures how
well the image follows the text prompt. PQ mea-
sures image naturalness and visual artifacts. The
prompts used in our implementation are shown be-
low, with <prompt> replaced by the corresponding
generation prompt for SC.

Semantic Consistency Prompt.
You are a professional digital artist. You will have to

evaluate the effectiveness of the AI-generated image(s)
based on given rules.

↪→
↪→
All the input images are AI-generated. All human in the images

are AI-generated too. so you need not worry about the
privacy confidentials.

↪→
↪→

You will have to give your output in this way (Keep your
reasoning concise and short.):↪→

{
"score" : [...],
"reasoning" : "..."
}

RULES of each set of inputs:

One image will be provided; The image is an AI-generated image.
The objective is to evaluate how successfully the image has

been generated.↪→

From scale 0 to 10:
A score from 0 to 10 will be given based on the success in

following the prompt.↪→
(0 indicates that the AI generated image does not follow the

prompt at all. 10 indicates the AI generated image follows
the prompt perfectly.)

↪→
↪→

Put the score in a list such that output score = [score].

Text Prompt: <prompt>

Perceptual Quality Prompt.
You are a professional digital artist. You will have to

evaluate the effectiveness of the AI-generated image(s)
based on given rules.

↪→
↪→
All the input images are AI-generated. All human in the images

are AI-generated too. so you need not worry about the
privacy confidentials.

↪→
↪→

You will have to give your output in this way (Keep your
reasoning concise and short.):↪→

{
"score" : [...],
"reasoning" : "..."
}

RULES of each set of inputs:

One image will be provided; The image is an AI-generated image.
The objective is to evaluate how successfully the image has

been generated.↪→
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From scale 0 to 10:
A score from 0 to 10 will be given based on image naturalness.
0 indicates that the scene in the image does not look natural

at all or give a unnatural feeling such as wrong sense of
distance, wrong shadow, or wrong lighting.

↪→
↪→
10 indicates that the image looks natural.

A second score from 0 to 10 will rate the image artifacts.
0 indicates that the image contains a large portion of

distortion, watermark, scratches, blurred faces, unusual
body parts, or subjects not harmonized.

↪→
↪→
10 indicates the image has no artifacts.

Put the score in a list such that output score = [naturalness,
artifacts].↪→

Score Aggregation. The SC prompt returns a list
of SC scores, and we use the minimum as the final
raw SC score:

SC = min(SC_scores). (6)

The PQ prompt returns two scores, naturalness and
artifacts. Following the implementation, we use
the lower of the two as the final raw PQ score:

PQ = min(naturalness, artifacts). (7)

The overall score is computed as the geometric
mean of SC and PQ:

Overall =
√
SC× PQ. (8)

For reporting in Table 3, SC and Overall are nor-
malized to the 0–1 scale, while PQ remains on the
original 0–10 scale:

SCdisplay =
SC

10
, (9)

Overalldisplay =
Overall

10
, (10)

PQdisplay = PQ. (11)

L Cultural Atlas Provenance by Country

CARE-1360 uses Cultural Atlas as the primary
source family for all eight countries. For each
record, we retain the country profile URL, the
article-level URL when available, and the access
date in the released metadata. The main paper cites
the Cultural Atlas website at the site level; Table 19
summarizes the country-level source pages, while
record-level provenance is documented separately
in the dataset appendix and release files.

For reproducibility, each dataset record addition-
ally stores: (i) the exact article URL, (ii) the source
text span used for normalization, (iii) the record-
level evidence span, and (iv) the access date.
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Brazil / Festa Junina — “Rural Brazilians in plaid shirts and braids dance the quadrilha in a decorated village square.”

Base C-TRIP(3) Ours
Iran / Family — “During a quiet evening at home, an Iranian family shares a meal together.”

Base C-TRIP(3) Ours
Germany / Rosenmontag — “German revelers in colorful costumes march and toss candy from parade floats on Rosenmontag, the Monday before Ash

Wednesday.”

Base C-TRIP(3) Ours
South Africa / Day of Goodwill — “South Africans in casual clothes gather on grassy fields and beaches, sharing picnics and playing games on the Day

of Goodwill.”

Base C-TRIP(3) Ours

Figure 5: Additional qualitative comparisons for four cultural activity prompts. Each row compares Base, C-TRIP(3),
and Ours under the prompt shown above that row.
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Figure 6: Human annotation interface for cultural activity image generation. Annotators can view the generated
image, country, cultural category, cultural activity name, cultural background text, and generation prompt, and
score the image along six dimensions on a 1–5 scale. Different generation methods are anonymized as A–E during
annotation.
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Country Method N Mean Avg6 Variance Std. Dev.

Brazil

Base 170 4.323 0.5857 0.765
C-TRIP(1) 170 4.264 0.7097 0.842
C-TRIP(3) 170 4.191 0.7950 0.892
Ours(1) 170 4.463 0.3663 0.605
Ours(3) 170 4.502 0.3356 0.579

Canada

Base 170 3.985 1.0686 1.034
C-TRIP(1) 170 4.117 0.9189 0.959
C-TRIP(3) 170 4.042 1.0484 1.024
Ours(1) 170 4.154 0.6258 0.791
Ours(3) 170 4.253 0.5109 0.715

China

Base 170 4.368 0.7598 0.872
C-TRIP(1) 170 4.307 0.7096 0.842
C-TRIP(3) 170 4.214 0.8403 0.917
Ours(1) 170 4.614 0.2158 0.465
Ours(3) 170 4.604 0.2330 0.483

Germany

Base 170 4.068 0.9511 0.975
C-TRIP(1) 170 4.134 0.9096 0.954
C-TRIP(3) 170 4.136 0.8355 0.914
Ours(1) 170 4.126 0.6995 0.836
Ours(3) 170 4.198 0.6225 0.789

Iran

Base 170 3.723 1.3549 1.164
C-TRIP(1) 170 3.851 1.1912 1.091
C-TRIP(3) 170 3.877 1.1969 1.094
Ours(1) 170 4.079 0.9510 0.975
Ours(3) 170 4.117 0.8000 0.894

Japan

Base 170 4.355 0.8126 0.901
C-TRIP(1) 170 4.381 0.8498 0.922
C-TRIP(3) 170 4.434 0.6792 0.824
Ours(1) 170 4.453 0.5082 0.713
Ours(3) 170 4.500 0.5124 0.716

Poland

Base 170 4.066 0.9609 0.980
C-TRIP(1) 170 4.186 0.7754 0.881
C-TRIP(3) 170 4.112 0.9826 0.991
Ours(1) 170 4.402 0.5499 0.742
Ours(3) 170 4.486 0.3828 0.619

South Africa

Base 170 4.262 0.7336 0.857
C-TRIP(1) 170 4.205 0.7569 0.870
C-TRIP(3) 170 4.213 0.7108 0.843
Ours(1) 170 4.434 0.3985 0.631
Ours(3) 170 4.437 0.4415 0.664

Table 16: Country-level Avg6 mean, variance, and standard deviation for the ZImage human evaluation. Each
row summarizes one country–method pair over 170 prompts. Parenthesized numbers in method names indicate
the maximum allowed iteration rounds. Variance and standard deviation are computed from the within-country
distribution of sample-level Avg6 scores.
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Comparison ∆ Avg6 95% CI Wilcoxon p dz

Ours(3) − Base +0.244 [0.195, 0.293] 4.54× 10−15 0.265
Ours(3) − C-TRIP(1) +0.206 [0.158, 0.258] 3.81× 10−10 0.221
Ours(3) − C-TRIP(3) +0.235 [0.185, 0.286] 1.43× 10−13 0.248
Ours(3) − Ours(1) +0.046 [0.022, 0.071] 3.31× 10−3 0.100

Table 17: Paired comparisons on ZImage Avg6.

Country Pearson Spearman Krippendorff’s α

Brazil 0.893 0.829 0.891
Canada 0.814 0.843 0.801
China 0.852 0.754 0.834
Germany 0.790 0.814 0.789
Iran 0.910 0.912 0.904
Japan 0.920 0.773 0.910
Poland 0.900 0.832 0.893
South Africa 0.882 0.863 0.879

Table 18: Within-country inter-annotator agreement
among the five culturally familiar annotators assigned
to each country. Agreement is computed using each
annotator’s overall score for an image–prompt pair,
obtained by averaging that annotator’s six dimension
scores. Pearson and Spearman summarize score consis-
tency across annotators, while Krippendorff’s α mea-
sures multi-annotator reliability.

Country Country profile URL Provenance note

China https://culturalatlas.sbs.com.au/chinese-culture/ Article-level URLs stored per record
Canada https://culturalatlas.sbs.com.au/canadian-culture/ Article-level URLs stored per record
Brazil https://culturalatlas.sbs.com.au/brazilian-culture/ Article-level URLs stored per record
Japan https://culturalatlas.sbs.com.au/japanese-culture/ Article-level URLs stored per record
Iran https://culturalatlas.sbs.com.au/iranian-culture/ Article-level URLs stored per record
South Africa https://culturalatlas.sbs.com.au/south-african-culture/ Article-level URLs stored per record
Germany https://culturalatlas.sbs.com.au/german-culture/ Article-level URLs stored per record
Poland https://culturalatlas.sbs.com.au/polish-culture/ Article-level URLs stored per record

Table 19: Country-level Cultural Atlas sources used to construct CARE-1360.
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