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Motivation: Adapting content across cultures
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- {Greece} + {India}

An image of a front door in India

An image of a front door in Greece



This work

Cultural Awareness

> Cultural Artifacts

K Guess the country

ouzo, grapevines, saree, tea, dupatta,
olive o0il cow, spices

kCountry—Artifact associations /

Cultural Adaptation
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Adapted artifacts

+ {India}




Step 1: Where do models stand wrt cultural awareness?

Existing datasets do not cover {country, concepts} in a
balanced way

NEW Dataset

We create a large synthetic dataset with DALL-E 3:
- 67 countries (5 geographical regions)
- 10 culturally relevant concepts

NEW Benchmark

- open-source and closed-source models
- human evals on both data quality and task
performance

Better than human baseline
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Step 2: How do models understand culture?

We use open-set object detection capabilities of GPT to
extract a list of objects it thinks exists in the image

- Filter for frequently occurring items at country level
- Ground using traditional object detector
- 18k+ cultural artifacts in total

Qualitative human evals:;
- hallucination of artifacts detected

- cultural relevance

Additional analysis:
- color associations with countries

- number of people generated in images

By associating countries with cultural artitacts
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Step 3: Cultural adaptation of artifacts

We mask the detected objects and use inpainting
conditioned on the target country to adapt the image
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SSIM Metrlc M1 Metric M2
- India ‘India India

Metrics:

- CLIP similarity deltas b/w src, target images and
country names

- Structural similarities between/w src/target images

Nigeria ngerla Nigeri

a
Brazil

CultureAdapt

razil

Src: Vietnam

Turkey Tu rkey Turkey

Src: Greece CultureAdapt DALL-E 3 cap-edit

Target: India

Baseline comparisons:
- OUurs is as good as or better always
- ours maintains high structural similarity

Target: USA

k Comparlsons with baseline J

Src: Brazil Tgt: India Src: USA Tgt: Turkey

Qualitative analysis:
- cultural relevance of target image
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Src: Greece Target: China Target: India  Target: USA

Baseline comparisons

Our results appear to be culturally relevant
while making minimal changes to structure

CultureAdapt

Other approaches: .
- change structure too much L
- only change the color 2‘
- sometimes make no changes -
- do not edit relevant artitacts
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Future work

- Our approach is a feasible simple approach for cultural adaptation

- But it does struggle in some cases tor example with human figures and/or adapting multiple objects at
the same time

- These are easy to improve with additional guidance for face/pose/etc for humans and iterating over
object masks one at a time

- {Algeria} + {India}
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What do you see in this image?

Apnis
ueuny

brown wardrobe, white tunic, wicker basket,
brown sandals, Ancient Greek pottery

Artifact
Extraction
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Thank you!

Questions?

https://github.com/iamshnoo/crossroads

amukher6@gmu.edu
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