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Abstract

Culture shapes the objects people use and for what purposes,
yet mainstream Vision-Language (VL) datasets frequently
exhibit cultural biases, disproportionately favoring higher-
income, Western contexts. This imbalance reduces model
generalizability and perpetuates performance disparities, espe-
cially impacting lower-income and non-Western communities.
To address these disparities, we propose a novel function-
centric framework that categorizes objects by the functions
they fulfill, across diverse cultural and economic contexts. We
implement this framework by creating the Culture Affordance
Atlas, a re-annotated and culturally grounded restructuring
of the Dollar Street dataset spanning 46 functions and 288
objects. Through extensive empirical analyses using the CLIP
model, we demonstrate that function-centric labels substan-
tially reduce socioeconomic performance gaps between high-
and low-income groups by a median of 6 pp (statistically sig-
nificant), improving model effectiveness for lower-income con-
texts. Furthermore, our analyses reveals numerous culturally
essential objects that are frequently overlooked in prominent
VL datasets. Our contributions offer a scalable pathway toward
building inclusive VL datasets and equitable AI systems.

Supplemental — https://github.com/MichiganNLP/Culture-
Afford-Analysis

Datasets — https://lit.eecs.umich.edu/Culture-Affordance-
Atlas/index.html

1 Introduction
Culture, as reflected in data, represents people’s way of life
(Rosling, Rosling, and Rönnlund 2018; Griswold 2012; Ty-
lor 1871). The geographic and socioeconomic dimensions of
culture profoundly influence the objects people use daily –
objects that vision-language (VL) models should accurately
recognize and interpret. However, popular VL datasets suffer
from persistent representational imbalances across these di-
mensions, despite increasing awareness of these issues (Long-
pre et al. 2024; Nwatu, Ignat, and Mihalcea 2023; Paullada
et al. 2021). Most image datasets (Kuznetsova et al. 2020;
Deng et al. 2009; Schuhmann et al. 2022) are object-centric
and skewed toward objects common in higher-income, West-
ern contexts. As a result, culturally distinct objects or object
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    Dollar Street Topic: Bed     
    Function: sleeping

    Dollar Street Topic: Toothbrush     
    Function: cleaning teeth

Identified Object: Bed
Country: France    Income: $14,573

Identified Object: Charpai
Country: Nepal      Income: $172

Identified Object: Straw mat
Country: Malawi     Income: $39

 Identified Object: Chewing stick
Country: Nepal    Income: $205

 Identified Object: Fingers
Country: India    Income: $49

 Identified Object: Toothbrush
Country: Spain     Income: $824

Figure 1: Various objects are identified to perform the same
function across different cultures and income groups. Best
viewed in color.

functions from lower-income or non-Western regions are
often missing or misclassified, leading to poor model gener-
alization.

Efforts to broaden coverage such as GeoDE (Ramaswamy
et al. 2023), Dollar Street (Gaviria Rojas et al. 2022), and
Segment Anything (Kirillov et al. 2023), have so far made
important strides, but substantial gaps remain. Large-scale
crawls still filter out underrepresented data (Fang et al. 2023;
Nwatu, Ignat, and Mihalcea 2025), and existing datasets often
collapse culturally distinct artifacts under a single Western
label (e.g., grouping ‘clay pot’, ‘cooler box’, and ‘refrigerator’
under the label “refrigerator” in Dollar Street).

We argue that object-centric methods alone are insuffi-
cient to address these biases. We, instead, propose a function-
centric lens. Across all human societies, a core set of uni-
versal activities: sleeping, cooking, cleaning, and storing are
fulfilled by culturally specific objects (Brown 2004). As illus-
trated in Figure 1, the function of ‘sleeping’ may be served
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by a Western bed, a Nepali charpai, or a Malawian straw mat;
‘cleaning teeth’ may involve a plastic toothbrush, a chew-
ing stick, or even fingers. By re-annotating existing image
collections based on such cultural affordances, we align di-
verse artifacts under a shared semantic framework and reveal
long-tail objects overlooked in current VL taxonomies.

This paper makes the following contributions.

• We introduce a novel function-centric framework for
constructing culturally diverse VL datasets, organizing
objects by their universal human functions alongside their
contextual usage.

• We apply this framework to create the Culture Af-
fordance Atlas, a public knowledge base derived by
re-annotating the Dollar Street dataset into culturally
grounded function categories, with 367 object-function
pairs, each backed by at least one ethnographic citation.

• We empirically demonstrate that function-centric la-
beling significantly reduces disparities in VL model
performance across socioeconomic groups, highlighting
practical benefits for low-income data representation.

• Our function-centric approach uncovers numerous cul-
turally relevant objects frequently absent from major
VL datasets underscoring its potential to bridge represen-
tational gaps.

Across these contributions, we demonstrate a scalable,
culturally-aware path toward more inclusive VL systems. By
asking ‘ forwhat is this object used for? rather than ‘what
is this object?’, we leverage a new perspective to annotate
object diversity and highlight poorly represented objects in
VL research.

2 Related Work
2.1 Representation Bias in Vision-Language

Datasets
Multiple studies (Paullada et al. 2021; Shankar et al. 2017;
Longpre et al. 2024; Ignat et al. 2024; Liu et al. 2024) show
that vision-language datasets such as LAION-5B (Schuh-
mann et al. 2022), YFCC100M (Thomee et al. 2016), COCO
(Lin et al. 2014), and ImageNet (Deng et al. 2009) contain
disproportionately large amounts of data from North America
and Europe, with far less representation from Africa, South
Asia, and parts of Latin America. Although large datasets im-
prove model performance, their construction often depends
on institutions with substantial resources. To reduce costs,
developers frequently rely on web scraping, which mirrors
the distribution and priorities of the internet and tends to
elevate Western high-income content (Birhane, Prabhu, and
Kahembwe 2021; Paullada et al. 2021; Crawford and Paglen
2021).

Most VL datasets also use object-centric annotations based
on Western taxonomies derived from ImageNet (Mihalcea
et al. 2025). This structure supports label consistency but
overlooks cultural context, functionality, and alternative uses
of objects (Nwatu, Ignat, and Mihalcea 2025, 2023). Recent
datasets like WIT (Srinivasan et al. 2021) attempt to enrich
grounding through natural language captions, yet caption-
based collections still inherit platform-specific biases.

Our approach addresses these limitations by introducing
structured, function-based groupings that link objects across
cultures and improve representation of underrepresented
household artifacts.

2.2 Affordances, Functionality, and the Cultural
Framing of Objects

Objects are often classified by perceptual properties such as
color, size, shape, texture, and material, features commonly
used in deep learning for detection and recognition (Redmon
and Farhadi 2018; Russakovsky et al. 2015). Humans, how-
ever, frequently understand objects through their affordances,
the actions an object enables relative to a person’s capabili-
ties (Gibson 2014). This perspective highlights meaningful
use rather than appearance. Anthropological work, includ-
ing Brown’s Human Universals, identifies recurring domains
of activity such as cooking, cleaning, hygiene, and travel
(Brown 2004). These domains guide our definition of func-
tional categories that can span visual and cultural variation.

Affordance perception is also shaped by social and cultural
context (Costanza-Chock 2020; Maier and Fadel 2009; Ye,
Cardwell, and Mark 2009). A metal basin, for instance, may
afford bathing in one setting and food storage in another. In
Human-Computer Interaction, overlooking such cultural vari-
ation often leads to designs that fail to engage users (Norman
1999; Fayard and Weeks 2014).

Although affordance-based models in vision and robotics
have improved generalization, especially for object manip-
ulation (Hassanin, Khan, and Tahtali 2021; Mur-Labadia,
Guerrero, and Martinez-Cantin 2023; Castellini et al. 2011;
Do, Nguyen, and Reid 2018; Bohg et al. 2013), they rarely
consider cultural differences in object use. Our work ex-
tends affordance theory by centering cultural and functional
dimensions rather than solely sensory attributes. We pro-
pose a function-based categorization framework that con-
nects visually diverse objects performing similar daily func-
tions across socioeconomic and geographic contexts. This
approach strengthens cultural representation and reveals ob-
jects often overlooked in existing datasets.

2.3 Improving Cultural Representation in Vision
Language Models

Efforts to improve representation in vision-language models
have centered on expanding dataset diversity, adapting train-
ing methods, and refining prompts to mitigate imbalances
across language, region, and socioeconomic background.

A major approach involves building datasets that better
reflect underrepresented contexts. Notable examples include
Segment Anything (Kirillov et al. 2023), which offers large-
scale object masks for generalization, GeoDE (Ramaswamy
et al. 2023), which evaluates model performance across geo-
graphic regions, and Dollar Street (Gaviria Rojas et al. 2022),
which documents household items from a wide range of in-
come levels. Although these datasets broaden coverage, they
remain limited by structural issues. Many use data collection
or annotation schemes shaped by Western-centric taxonomies,
contain mislabeling, or lack sufficient metadata to reveal cul-
tural distinctions. As a result, culturally important objects are
often collapsed into generic categories.
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Complementary work investigates prompt engineering and
language adaptation to improve performance in low-resource
contexts. Prior studies show that adding contextual informa-
tion to prompts can increase retrieval accuracy for underrepre-
sented data (Nwatu, Ignat, and Mihalcea 2025; Buettner et al.
2024; Nguyen et al. 2023). Building on this direction, we
re-annotate Dollar Street using a function-centric framework.
We categorize images based on the function the depicted
object fulfills across cultures, assign accurate names to cul-
turally specific items, correct prior mislabeling, and surface
marginalized artifacts. These function-based groupings are
then integrated into dataset labels and prompt design to ad-
dress poor performance on low-income and non-Western
images.

3 Methodology
To capture the rich diversity of artifacts serving similar func-
tions across cultures, we propose a function-to-object la-
beling framework. We start with an existing dataset of cul-
tural objects (DollarStreet) and leverage a state-of-the-art VL
model (CLIP) to construct the Culture Affordance Atlas, a
publicly accessible knowledge base documenting function-
to-object mappings across diverse cultural contexts.

3.1 Functions
We define functions as the affordances of an object, that is,
the specific actions or activities it enables. We explore the
culturally and socially meaningful roles that objects serve
across different communities, transcending their mere physi-
cal appearances. Drawing inspiration from Gibson’s theory
of affordances (Gibson 2014), and Norman’s research in
human-computer interaction (Norman 1999), we argue that
incorporating functional descriptions into object labels can
improve cultural representation in AI datasets and models.

3.2 State-of-the-art Vision-Language Model
We use CLIP (Radford et al. 2021) to conduct our experi-
ments to evaluate the effectiveness of the new labels and cap-
tions on lower-income images. CLIP is a VL model trained
on a large corpus of image–text pairs, enabling it to jointly
embed visual and textual inputs in a shared semantic space.
CLIP’s open availability, popularity, and relevance to zero-
shot image-text retrieval and other downstream tasks, as
demonstrated Hessel et al. (2021) make it a suitable tool
for assessing the quality and generalizability of image anno-
tations across diverse socioeconomic contexts.

3.3 Dollar Street Dataset
We use the Dollar Street dataset for our re-annotation and
experiments because it is geographically diverse and links
household objects to reported income levels. The dataset
contains 38,479 images from 63 countries across Africa, the
Americas, Asia, and Europe, covering everyday objects and
activities such as toothbrushes, toilet paper, and cooking.
These are organized into 291 topics. Following (De Vries
et al. 2019), we remove 21 subjective topics, yielding 270
objective topics for analysis.

Dollar Street also spans a wide socioeconomic range, with
household incomes from 26.9to19,671.0 per month, adjusted
for purchasing power parity. Following (Gaviria Rojas et al.
2022), we group incomes into geometric ranges and quartiles
to support balanced comparisons. Image contributions vary
across countries, from 45 images in Canada to 4,704 in India,
with a median of 407 per country.

3.4 Objects to Functions Re-annotation
The Dollar Street dataset includes images as well as a topic
label and an income value per each image. We re-annotate
the Dollar Street dataset to include functional descriptions
of the topic labels (e.g., ‘bed’: ‘object used for sleeping’)
and an identified object label which is the standard name of
the object found in a given image (e.g., an image of a straw
mat with the topic label ‘bed’, will now include a functional
description ‘object used for sleeping’ and an identified object
label ‘straw mat’) as depicted in Figure 2.

Functional Descriptions. We generate functional descrip-
tions for all 270 unique topic labels in Dollar Street using
GPT-4o. We use the following prompt; “A bed is an object
that provides a place to sleep. Following the above example,
In one short sentence, state what function the object ’topic
label’ does.”. We then remove the topic label mentioned in
the description to get ‘object that provides a place to sleep’.

Identified Objects. To identify which object present in
the image is being referred to by the topic label, we tested
various pipelines and continued with the pipeline that pro-
duced better outcomes. We use LLaVa to caption the images
(prompt- “USER: [image] What does this image show? AS-
SISTANT:”) and then use GPT-4 to extract the name(s) of the
objects present in the image caption that fulfills the associ-
ated functional description for the image with the prompt:

’You are given two sentences. One: function Two: description
Mention the name of the object or objects referred to in both
sentences’ where sentence one is the function and sentence
two is the image caption.

Quality Control. We randomly check for incorrect entries
to rewrite and manually reannotated 1458 identified object
names including those that were previously listed as NaN,
None or Not identifiable. For the functional descriptions, we
run a quality assessment check with 21 participants across
7 countries (China, India, Ethiopia, Nigeria, United States,
Romania, and Russia) selected due to their representation
of the 4 continents present in Dollar Street and availability
of annotators. For each of these countries, 30 questions are
formulated using randomly selected images1 and their respec-
tive functional descriptions. For each country, three native
participants evaluate whether the provided functional descrip-
tion accurately describes the image, responding with a binary
(yes/no) judgment.

Using responses from the assessment, we calculate the per-
centage validation for each country and the overall average.
We report an overall score of 90% and show in that all scores

1All image selections for the user study were drawn by shuf-
fling the dataset using pandas.DataFrame.sample with a fixed ran-
dom state (set to 42) to ensure reproducibility.
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GPT4-o

Identified 
object

GPT4-o
Function

LLaVA
Function

Objects 
used for 
sleeping

bed straw 
mat

Figure 2: Re-annotation pipeline for generating functional description and identified object from original Dollar Street Image
and Topic. Our Pipeline surfaces cross-cultural affordance equivalences by mapping both image-derived objects and topic labels
to a shared functional space. Best viewed in color.

across the seven countries are above 85% (Table 1). This
indicates a high correspondence between the Dollar Street
images and the generated functional descriptions. We also
include computed multiple inter-annotator agreement metrics
in the supplemental materials.

4 Culture Affordance Atlas.
Among the various functions humans perform (e.g., writing,
cooking, creating art), we prioritize those universally doc-
umented by Brown (2004) in Human Universals which is
an anthropological theory that examines shared human char-
acteristics and behaviors across cultures. We initially select
seven human universal categories: hygienic care, aesthetics,
cooking, diurnality, environmental adjustments, healing the
sick, and visiting (details in the supplemental materials). We
map functional descriptions and associated object names
identified from the Dollar Street re-annotation pipeline (Fig-
ure 2) to functions within these overarching categories. For
each primary category (e.g., cooking), we assign relevant
functions and document the corresponding objects identified
within the Dollar Street dataset. To ensure rigorous ground-
ing, each entry is supported by at least one published, ver-
ifiable source. Approximately 98% of references originate
from ethnographic publications accessed through the eHRAF
World Cultures database, and Google scholar for the remain-
ing 2%. The initial edition of the Culture Affordance Atlas
comprises 367 entries, representative images, and metadata
from Dollar Street, all publicly accessible (see supplemental).

General Statistics. Culture Affordance Atlas currently in-
cludes 367 entries spanning 7 categories, 46 functions, and
288 unique objects. Each function-object pair (e.g., teeth
cleaning-toothbrush) includes a frequency count derived from
contextual image annotations (Table 2). Summary statistics

Country % validated
China 87.78
India 90.00
Ethiopia 91.11
Nigeria 86.67
United States 87.78
Romania 96.67
Russia 90.00
Average 90.00

Table 1: Quality control for generated functional descriptions

and representative examples across the categories of the Atlas
are provided in Table 2.

Culture Affordance
Category #Func #Obj Function

example
Object
example

Practicing
hygiene 19 96 cleaning

teeth toothbrush

Beautifying 3 40 adorning
the body necklace

Cooking 7 60 providing heat
for cooking

charcoal
stove

Maintaining a
diurnal cycle 3 16 sleeping mat

Adjusting to
the environment 11 85 providing light oil lamp

Healing 2 16 providing
medication inhaler

Traveling 1 10 transporting bicycle

Table 2: Statistics for the Culture Affordance Atlas.

Label Misalignment and Object Diversity within Func-
tions. Through our re-annotation pipeline, we identify dis-
crepancies between original Dollar Street topics and actual
object use. A notable percentage of images display mis-
matches between original topic labels and identified objects,
averaging 38.25% misalignment across topics.2 Functions
such as “bathing” and “clothes washing” demonstrate sig-
nificant object diversity, characterized by visually disparate
artifacts.

Object Use Across Functions. Many objects fulfill mul-
tiple functions. For example, “bowls” appear in contexts in-
cluding “clothes washing”, “hand washing”, “food serving”,
and “food preparation”. Object-function pairs demonstrating
alternative uses, differing from an object’s primary function,
highlight the versatility and improvisational use of everyday
items. “Charcoal” exemplifies this phenomenon: primarily
used as “fuel”, it also serves “dental hygiene” functions (Fig-
ure 3). Such objects, termed contextually niche, have domi-
nant uses alongside lesser-known but culturally significant
secondary functions. The Culture Affordance Atlas enhances
visibility for these secondary functions by documenting rele-
vant contexts and ethnological references.

Long-Tail Objects. Vision-language research often fo-
cuses on common object categories, leaving niche or cul-

2We prompt GPT4o to identify mismatches by comparing Dollar
Street Topics with the identified objects from our pipeline.
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Dollar Street Topic: Toothpaste
Generated Function: Cleaning 
teeth
Identified Object: Charcoal

Image Context (Country): Malawi
Income: $84/month

eHRAF Reference: (Hockings 1980)

Dollar Street Topic: Stove/hob
Generated Function: Providing 
heat for cooking
Identified Object: Charcoal

Image Context (Country): Togo
Income: $321/month

eHRAF Reference: (Pierce 1964)

Figure 3: Charcoal use across functions. Best viewed in color.

turally specific items underrepresented and contributing to
a long-tail distribution. Accounting for these overlooked ob-
jects is important for building more inclusive and robust
models.

We identify long-tail objects in the Culture Affordance
Atlas that appear infrequently in our re-annotation. Using
the 100 least frequent items (e.g., calabash, earthen pot),
we examine their presence across seven widely used VL
datasets selected for their broad object coverage and promi-
nence: ImageNet (Deng et al. 2009), COCO (Lin et al. 2014),
Open Images (Kuznetsova et al. 2020), LVIS (Gupta, Dol-
lar, and Girshick 2019), GeoDE (Ramaswamy et al. 2023),
YFCC100M Entity (Artifacts) (Li et al. 2017), and Dollar
Street (Gaviria Rojas et al. 2022). To ensure consistent com-
parison, we normalize labels using lowercasing, lemmatiza-
tion, and fuzzy matching with a threshold of 0.8.

Our results in Table 3 show that only OpenImages, with its
large label set (about 20k classes), covers more than half of
these rare objects. We also identify 34 objects that are absent
from all datasets, and 33 that appear in only one. These gaps
illustrate the limited representation of culturally diverse and
niche artifacts in current VL resources and point to the need
for more comprehensive documentation. A full breakdown
of the 100 long-tail objects and their coverage across datasets
is provided in the supplemental materials.

Dataset Total
classes

Long-tail
covered Missing Coverage

(%)
ImageNet 1000 8 92 8%
COCO 80 2 98 2%
OpenImages 19868 61 39 61%
LVIS 1230 28 72 28%
GeoDE 40 0 100 0%
YFCC100M
Entity-Artifacts 325 1 99 1%

Dollar Street 291 5 95 5%

Table 3: Long-tail Objects. Percentage of our 100 long-tail
objects are present in each popular vision-language dataset’s
official class list.
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Figure 4: Comparison of CLIP alignment scores between
Topic-Image (red) and Function-Image (blue) pairs across
Dollar Street images from varying income levels. Trend lines
indicate mean scores per income bin. The slope of each line
reflects the extent of the digital divide. Best viewed in color.

5 Experiments
5.1 The Effects of Function Captions on VL

models.
We investigate the impact of function-based captions on VL
model performance through two distinct experiments compar-
ing original Dollar Street topic labels against corresponding
function descriptions generated via our re-annotation pipeline
(Figure 2). In the first experiment, termed the CLIP associ-
ation test, we compute cosine similarities between Dollar
Street image embeddings and text embeddings of both top-
ics (baseline) and functions. Images are grouped according
to geometric income bins as described in (Gaviria Rojas
et al. 2022). In the second experiment, we evaluate image
retrieval performance. Specifically, we calculate CLIP scores
between all images and each Dollar Street topic to derive
topic-image associations, repeating the process using corre-
sponding function captions to obtain function-image associa-
tions. We then measure retrieval performance using Recall:
we retrieve the top N images based on CLIP scores—where
N equals the number of ground-truth images—and compare
these retrieved images against the ground-truth (i.e., number
of true predictions / N). Below, we present key findings from
these experiments.

Effects of Functions on Income Performance Gaps. Fig-
ure 4 compares CLIP alignment scores for images grouped by
income, using functions (blue) and topics (red). Trend lines
depict the average CLIP scores per income bin. Consistent
with findings from (Nwatu, Ignat, and Mihalcea 2023), CLIP
scores generally increase with income, indicating a perfor-
mance gap favoring higher-income contexts. However, the
function-based scores produce a flatter trajectory compared
to topics. Linear regression confirms this visual observation,
with slopes of 0.002 for functions versus 0.004 for topics,
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Topic-Image Alignment 
scores

Function-Image Alignment 
scores

Figure 5: CLIP Recall across all images using Topic-Image
(left) and Function-Image (right) alignment scores. We report
the percentage of true positives and false negatives for each
income quartile. Function-Image Recall shows less variation
across income levels compared to Topic-Image Recall, indi-
cating greater robustness to income-based distribution shifts.
Best viewed in color.

indicating that function-based captions significantly reduce
performance disparities.

For each of the 270 topics, we computed the difference
in recall between high (rich and up-mid) and low-income
(poor and low-mid) image sets under topic-only and function-
based prompts, then took the per-topic gap reduction (∆gap)
3. A Wilcoxon signed-rank test (Woolson 2005) shows that
(∆gap) is significantly greater than zero (median = 0.06, p =
1.62e-17), confirming that function-based prompting reliably
narrows socioeconomic performance gaps.

Figure 5 illustrates Recall results across income quartiles
(poor, low-mid, upper-mid, and rich). Echoing the trends
observed previously, functions yield less pronounced Re-
call disparities across income groups. Nevertheless, overall
Recall scores for functions are lower compared to topics, sug-
gesting trade-offs when employing functional descriptions in
retrieval tasks. This phenomenon is explored further in the
next subsection.

Tradeoffs and Challenges in Functions for VL tasks.
Functions prompt CLIP to broaden retrieval and include cul-
turally diverse, non-standard objects that topic prompts of-
ten miss. As shown in Figure 6, various forms of “stoves”,
“couches”, and “water sources” from across cultures are cor-
rectly retrieved when framed by their function rather than
their topic.

However, while function-based labels help reduce digi-
tal divides and equalize performance across socioeconomic
contexts, they also decrease retrieval accuracy. We explore
this trade-off qualitatively, by examining false positives pro-
duced by function prompts. We find that misinterpretation
of functions by the model can lead to the retrieval of contex-
tually incorrect objects, for example, the tendency of CLIP
to emphasize nouns independently rather than interpreting

3Per topic, gap in Topic prompt - gap in Function Prompt

Bangladesh 
($85)

Topic: Stove/hob

Cameroon 
($137)

Images ‘forgotten’ during retrieval with topic prompt but successfully retrieved with the function 
prompt

Indonesia 
($156)

Cambodia 
($1521)

Topic: Couch

Rwanda 
($72)

Palestine 
($112)

Philippines 
($170)

India 
($1050)

This is a picture of {topic}: Not retrieved
This is a picture of an object that does {function}: Retrieved

Function: This is a photo of an object 
that provides heat for cooking food.

Function: This is a photo of an object 
that provides a place to sit and relax.

Topic: Get water

Burundi ($40) Malawi ($52) Myanmar ($84) Colombia($143)

Function: This is a photo of an object 
that provides a way to access drinking 
water.

Figure 6: Qualitative analysis of Images ‘forgotten’ during
retrieval with topic prompt but successfully retrieved with the
function prompt Best viewed in color.

full sentence contexts (Castro, Ignat, and Mihalcea 2023). In
Figure 7, the function prompts retrieve dishware and cultery
instead of “objects that clean dishes”, and retrieve images
related to general cleaning of the toilets but miss the intended
context of personal hygiene in the prompt. Effective use of
functions thus requires careful crafting of prompts that are
precise yet sufficiently inclusive to capture reasonable diver-
sity (e.g., preferring object that cleans dishes over machine
that cleans dishes).

Integrating Topics and Functions. Motivated by these
insights, we explore integrating topics with their respective
functions into combined prompts. For example, the topic
dishwasher and its function an object that cleans dishes and
utensils merge into the prompt A dishwasher that cleans
dishes and utensils.

Repeating our experiments with these combined function-
topic prompts, we compare performance against standalone
topics (see details in the supplemental materials). Similar to
function prompts, function-topic prompts eliminate perfor-
mance disparities across income levels, achieving a near-zero
slope (-0.0002) in CLIP association tests, with particularly
notable performance gains for lower-income bins. Conse-
quently, recall scores improve markedly for lower income
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Function Prompt: 
This is a photo of 
an object that 
cleans dishes and 
utensils.

Topic Prompt: 
This is a photo 
of a 
dishwasher.

CLIP Score: 
0.34
Topic: Doing 
dishes
Income: $5343 

CLIP Score: 
0.33
Topic: 
Dishwasher
Income: $3916 

CLIP Score: 
0.32
Topic: Doing 
dishes
Income: $5237 

CLIP Score: 
0.32
Topic: 
Dishwasher
Income: $3344 

CLIP Score: 
0.32
Topic: 
Dishwasher
Income: $1385 

CLIP Score: 0.34
Topic: 
Dishwashing 
brush
Income: $722 

CLIP Score: 
0.34
Topic: Hair 
brush
Income: $5343 

CLIP Score: 
0.34
Topic: 
Toothbrush
Income: $1681 

CLIP Score: 
0.34
Topic: Cooking 
utensils
Income: $963 

CLIP Score: 0.34
Topic: Cooking 
utensils
Income: $19671 

Topic: Cooking 
utensils

Topic: Dishwasher

Topic: Cooking 
utensils

Topic: Cleaning 
equipment

False Negatives retrieved by Function prompts

Function: This is a 
photo of an object 
that cleans dishes 
and utensils.

Topic: Toilet paper
Function: This is a 
photo of an object 
that provides a 
means to clean 
oneself.

Topic: Cleaning 
equipment

Figure 7: Qualitative analysis of false positives retrieved by
function prompts. Best viewed in color.

quartiles, although slight reductions occur in higher income
quartiles.

6 Generalizability
We confirm our findings on the reduction of performance
disparity across income across vision-language models by
repeating our experiments on the siglip2-so400m-patch14-
384 model (Tschannen et al. 2025). Consistent with our
findings on CLIP, we find that function prompts signifi-
cantly reduce the high–low income performance gap by 11%
(p = 5.9e − 11, Wilcoxon signed-rank test). Plots for the
siglip2-so400m-patch14-384 model alignment scores and
recall can be found in the supplemental materials.

7 Lessons Learned
We highlight key insights learned from our findings and
present them below.

Cultural and socioeconomic biases persist in mainstream
VL datasets. Our analysis reveals that 34% of our curated
long-tail objects are entirely absent from seven widely used
VL datasets, while 38.25% of Dollar Street topics suffer from
label misalignment. These findings expose a critical blind
spot in dataset construction: culturally specific artifacts are
routinely omitted or mislabeled. Left unaddressed, such gaps
risk entrenching cultural erasure, amplifying systemic bias,
and further marginalizing underrepresented communities in
AI applications.

Function-centric labeling effectively reduces the socioe-
conomic performance gap. We find that function-centric
labeling reduces the recall gap between high and low-income
image sets by a median of 6 percentage points in CLIP and 11

percentage points in SigLIP2 (p < 5.9e− 11). These results
demonstrate that focusing on what objects afford, rather than
how they are named, leads to more equitable model perfor-
mance across income levels. Notably, designing precise, yet
inclusive function prompts is crucial, as overly broad prompts
reduce retrieval accuracy, while overly specific prompts fail
to capture object diversity.

Systematic documentation is necessary for improving ob-
ject representation in VL datasets. Following the rec-
ommendation from Nwatu, Ignat, and Mihalcea (2023) to
annotate diversity and subjectivity in datasets, we present
the Culture Affordance Atlas as an effort to reconcile object
appearance diversity within labels and inclusively catego-
rize them. We call for more interdisciplinary research efforts
involving the AI community and domain experts toward rep-
resentative data annotation.

8 Conclusion

In this paper, we demonstrated that culturally informed,
function-based labeling substantially reduces representa-
tional disparities in vision-language models. By introducing
the Culture Affordance Atlas, we systematically captured
culturally diverse object-function relationships, addressing
critical gaps in mainstream VL datasets. Our empirical anal-
ysis using CLIP showed that integrating object functions
with traditional labeling significantly improves performance
equity across socioeconomic contexts. This work demon-
strates that adopting culturally aware frameworks such as
function-centric annotation in dataset construction facilitates
the development of inclusive AI systems capable of reliably
serving diverse global communities.

9 Limitations

Culture Affordance Atlas Object Documentation: Each
object–function pair in the Atlas is supported by at least one
verifiable published source confirming its real-world use. Due
to resource constraints, we did not exhaustively document all
possible citations per culture. Most entries (89%) include one
credible reference, the first reliably identified one, while 11%
contain multiple sources. We position this Atlas as a founda-
tional layer of cultural grounding that future work can expand
through additional eHRAF searches, museum and archival
materials, and community contributions. Current references
should be viewed as initial guides for deeper inquiry.

Long-Tail Objects: The 34 long-tail objects represent
items that did not match any class in ImageNet, COCO, Open-
Images, LVIS, GeoDE, YFCC100M Entity (Artifacts), or
Dollar Street after normalization and fuzzy matching (thresh-
old 80). Because synonym variation may occur, we provide
a ‘Notes’ column in the supplemental table to flag potential
ambiguities.

Validation Scope: Our validation involved 21 participants
across seven countries, providing geographically diverse and
cross-cultural assessment. Nonetheless, broader participation
would further strengthen the robustness of the validation.
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