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Abstract. While prior research on text-to-image generation has predominantly
focused on biases in human depictions, demographic bias in generated objects
remains relatively underexplored. We introduce SODA (Stereotyped Object Di-
agnostic Audit)', a novel framework for systematically measuring these biases
through automated attribute discovery and three standardized metrics: Base vs.
Demographic Divergence (BDS), Cross-Demographic Disparity (CDS), and Vi-
sual Attribute Concentration (VAC). Applying SODA to 8,000 images across five
state-of-the-art models and eight object categories (e.g., cars), we find that “neu-
tral” prompts produce outputs most visually similar to middle-aged and White
people, suggesting these groups are implicitly over-represented in model de-
faults. Furthermore, demographic cues trigger highly skewed stereotypical out-
puts: 26.6% of object-model-demographic combinations produce results where
all 20 generated images share the exact same attribute value (e.g., rose gold lap-
tops for women). Finally, prompt-level debiasing reduces inter-group disparity
but paradoxically collapses within-group diversity, replacing one stereotype with
another. SODA offers a practical pipeline for making these implicit associations
measurable, serving as a step toward more responsible Al development.

Keywords: Text-to-Image Generation - Fairness and Bias - Demographic Stereo-
types

1 Introduction

Text-to-image generation models, such as GPT, Imagen, and Stable Diffusion, have
achieved remarkable success [12, 27, 29, 32, 33, 37, 48], increasingly supporting tasks
in marketing, design, and many creative workflows [36, 40]. As these systems become
more widely deployed, ensuring their outputs are fair and unbiased has become a press-
ing concern [5, 19, 31, 41]. Most existing research on demographic bias in text-to-image
generation has focused on images that directly depict people, examining how models
generate humans of different demographics [3, 6, 25, 34]. These studies revealed sig-
nificant disparities in occupational representation, skin tone, and gender portrayal when
humans are explicitly included in generated images.

* Corresponding author.
' All code and prompts are available at https:/github.com/Dasol-Choi/soda-framework.
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Fig. 1: Systematic Demographic Bias in AI-Generated Objects. Text-to-image models pro-
duce strikingly different outputs depending on demographic cues in the prompt. For each object
type and demographic group, we generate 20 images (three representative cases are shown here).
As illustrated, prompting with “for men” consistently yields black cars, while “for women” leads
to pink cars, reinforcing demographic-based assumptions rather than producing diverse outputs.

I

However, demographic bias can appear more subtly in images of non-human ob-
jects, where the same object is styled differently based on demographic prompt cues.
This implicit form has received little attention, yet it can quietly embed stereotypes into
products and marketing materials generated for real-world use [20]. For example, “car
for women” may yield pink or compact cars while “car for men” may produce black
sedans, reinforcing gendered assumptions about vehicle preference. Importantly, de-
mographic differences are not inherently problematic, and real-world preferences may
genuinely be skewed. The concern is bias amplification [43]: outputs exaggerate such
skew beyond what real preferences would justify, most starkly when every generation
for a group collapses onto a single attribute. Such deterministic outputs limit consumer
choice and constitute a representational harm [2] that can propagate at scale [6].

To address this challenge, we introduce SODA (Stereotyped Object Diagnostic Audit),
a novel systematic framework for measuring demographic bias in Al-generated objects.
We focus on bias arising when demographic cues in prompts, such as gender, age, or
ethnicity, lead to consistent differences in visual attributes like color, shape, or style, ex-
tracted using vision-language models. SODA provides three metrics (BDS, CDS, VAC)
that enable systematic, reproducible comparisons across models, object categories, and
demographic dimensions.

To demonstrate its utility, we conduct a comprehensive empirical analysis using
SODA on 8,000 images generated by five state-of-the-art models (GPT Image-1, Ima-
gen 4, Stable Diffusion XL, Qwen-Image, and Flux 2 Pro) across eight object categories
(e.g., cars, laptops, backpacks). Through this experiment, we uncover stereotyping pat-
terns and a paradoxical homogenization effect that emerges under debiasing prompts.

Our key contributions are:

— We introduce SODA, a systematic auditing framework that quantifies demographic-
driven object bias through three standardized metrics: BDS, CDS, and VAC.
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Fig.2: SODA Framework Overview. Our four-step methodology for measuring demographic
bias in Al-generated objects: (1) Controlled prompt generation without and with demographic-
targeted conditions across age, gender, and ethnicity dimensions; (2) Image generation us-
ing T2I models; (3) Automated attribute discovery and extraction using VLM; (4) Statistical
bias measurement using our proposed metrics: Base-Demographic Divergence (BDS), Cross-
Demographic Disparity (CDS), and Visual Attribute Concentration (VAC).

— Applying SODA to 8,000 images across five models, we find that “neutral” prompts
produce outputs most visually similar to Middle-aged and White groups, suggest-
ing these groups are implicitly over-represented in model defaults. Furthermore, ex-
plicit demographic cues trigger highly deterministic stereotypical shifts with strong
cross-demographic disparity, producing strikingly uniform outputs such as rose
gold laptops exclusively for women.

— Through prompt sensitivity and mitigation analyses, we uncover a “homogenization
effect”: while debiasing prompts reduce inter-group disparity, they paradoxically
collapse within-group diversity, effectively replacing one stereotype with a rigid,
“safe” default.

2 Related Work

T2I models are known to reproduce and amplify societal stereotypes in human depic-
tions. Occupational prompts default high-status roles to white males while caregiving
roles generate female figures, and even neutral prompts like “a person” systematically
favor light-skinned Western males [6, 10, 14, 34, 39, 42, 46]. Prior evaluation frame-
works measure these effects via embedding-level association tests (T2IAT) or counter-
factual prompts (TIBET) [9, 44].

Beyond human depictions, recent studies reveal bias in non-human visual elements
through different mechanisms. OpenBias identifies unintended object attribute biases in
neutral prompts, where specific brands, colors, or styles emerge without explicit speci-
fication [13]. Other analyses reveal asymmetric co-occurrence patterns between demo-
graphics and objects in existing datasets [23], and show that seemingly neutral object
prompts systematically default to culturally Western/American design styles [25]. In
multimodal VLMs, benchmarks such as VisoGender and GenderBias-VL demonstrate
that demographic biases permeate contextual objects, scenes, and tasks like pronoun
resolution and VQA [18, 47]. Recent work has also examined geographic representa-
tional bias in text-to-image models, showing disparities in realism and defaults toward
Western-centric depictions [4, 17].
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Table 1: Demographic categories and corresponding prompt templates used in the study.

Category  Groups Example Prompt Template

Age Young adults, Middle-aged, Elderly “{object} for {age}, one product only,
no people"

Gender Men, Women “{object} for {gender}, one product
only, no people"

Ethnicity =~ White, Black, Asian, Latinx “{object} for {ethnicity} people, one

product only, no people"

Building on these directions, we present SODA, which targets a distinct form of
bias: demographic-driven object bias, namely how explicit demographic cues in prompts
systematically alter the visual attributes of generated objects. Unlike T2IAT and TIBET,
which do not decompose attribute shifts against a neutral baseline, or OpenBias, which
surfaces unintended biases in demographic-free prompts, SODA explicitly measures
how demographic cues shift object aesthetics relative to a controlled baseline, enabling
direct cross-group comparison.

3 SODA: Stereotyped Object Diagnostic Audit

We present SODA, a new framework that provides a systematic methodology for mea-
suring demographic bias in Al-generated objects. As illustrated in Figure 2, the frame-
work consists of four core components: (1) Controlled Prompt Generation, (2) Image
Generation, (3) Automated Attribute Discovery and Extraction, and (4) Statistical Bias
Measurement. This methodology is designed to be generalizable across different text-
to-image models, object categories, and demographic dimensions.

3.1 Controlled Prompt Generation

We design a two-level prompt structure to isolate demographic influence on object de-
sign across eight object categories: cars, laptops, backpacks, cups, teddy bears, sofas,
toasters, and clocks.

— Base Prompts: Prompts specify only the object without demographic information
(e.g., “car, one product only, no people”).

— Demographic-Conditioned Prompts: Prompts specify the object and additionally
include explicit demographic conditions (e.g., “car for women, one product only,
no people”).

Table 1 lists the demographic conditions and prompts we use in our study, inspired
by prior work on pluralistic alignment [30]. This controlled setup enables direct com-
parison between objects generated from the base prompts without demographic cues
and those generated with demographic specifications across three widely studied di-
mensions of potential bias: age, gender, and ethnicity [6, 30, 34].
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3.2 Visual Attribute Extraction

For systematic automated analysis of generated images, we employ a two-phase ap-
proach that identifies distinguishable visual characteristics across all model-object com-
binations.

Phase 1: Attribute Identification and Discovery The first phase aims to build a set of
visual attributes relevant for characterizing both common and model-specific patterns
of object appearance. It consists of two types of attributes:

— Fixed Attributes: We select four universal attributes that capture fundamental de-
sign and contextual elements and can be consistently applied across all objects:
product color, text presence, background color, and background text presence. This
ensures direct comparison across models and object categories.

— Object-Specific Attributes: We utilize a Vision-Language Model (VLM) to cap-
ture unique visual patterns specific to certain objects or models. For each model-
object combination, we sampled 20 images: 2 from base prompts and 2 samples
from each of the 9 demographic groups (3 age + 2 gender + 4 ethnicity). We pro-
vided these sample images to the VLM, without demographic labels, and asked
it to identify 4 distinguishable visual attributes that could differentiate between
the images for that specific object type. This process yielded 3 product-specific
attributes and 1 background-related attribute per model-object combination. For in-
stance, cars are characterized by body type, headlight design, wheel design, and
background lighting (detailed attribute taxonomies provided in Appendix C).

Phase 2: Attribute Assignment In the second phase, we assign the identified visual
attribute values to all 8,000 generated images using the VLM. We employ structured
prompts that instruct the model to analyze each image and return classifications in a
JSON format (detailed in Appendix B). For example, for a car image, the VLM identi-
fies whether the body type is “sedan,” “SUYV,” or “hatchback” based on what it observes
in that specific image.

For both phases, we primarily use GPT-40 with a temperature setting of 0 to ensure
reproducible results. We validate SODA’s applicability beyond a single VLM by repli-
cating the attribute extraction using Gemini 2.5 Flash and Qwen3-VL-32B. The results
confirm consistent bias patterns across these three VLMs (details are in Appendix E).

Validation Process We validate our attribute extraction process in two steps. (1) For
attribute suitability, human annotation on a stratified sample of 1,040 attribute assign-
ments confirmed 1,039 out of 1,040 as appropriate (99.9%), with one exception where
the relevant feature was not visible in the image. (2) For value accuracy, the same sam-
ple achieved 92.3% agreement between automated extraction and human annotation
(960/1,040), with 80 classified as incorrect (7.7%). Disagreements were concentrated
in subjective classification boundaries and attribute scope ambiguity, rather than gen-
uine perceptual errors. This human validation is conducted by an author not involved
in the attribute extraction or framework design process, to ensure independence (see
Appendix D for details).
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3.3 Statistical Bias Measurement

We employ three metrics to quantify demographic bias across different analytical di-
mensions:

1. Base vs. Demographic Divergence Score (BDS): To measure how much demo-
graphic targeting (e.g., “ethnicity = Asian”) shifts the distribution of visual at-
tributes away from a supposedly neutral base prompt, we compute Jensen-Shannon
(JS) divergence [21] between base and demographic-conditioned distributions :

BDS(g = i ZJS P, P@) (1)

base’
acA

where A is the set of visual attributes, and Pb(;)e, P( a) represent attribute distribu-
tions under base and demographic groups.

2. Cross-Demographic Disparity Score (CDS): To quantify distribution difference
across demographic groups within each dimension G (e.g., ethnicity), we compute
the Jensen—Shannon (JS) divergence between all group pairs:

CDS(G IS(P®, pla) 2
=, 2, SRR @

(94,95)€Pc

where G is a demographic dimension, Pg is the set of all unordered pairs of demo-
graphic groups in G, and Pg(a) denotes the attribute distribution for group g € G.

3. Visual Attribute Concentration Score (VAC): This entropy-based score quanti-
fies how concentrated attribute distributions become under a specific prompt:

(a)
VAC = o P Z =P 3)

max

where H (P(®)) is the Shannon entropy [35] of the value distribution for attribute
a and Hy,,y is the maximum possible entropy (under a uniform distribution). We
compute a VAC score for each model-object combination by averaging over all
visual attributes A.

4 Experimental Setup

We evaluate five state-of-the-art text-to-image models representing different architec-
tural approaches: GPT Image-1, Imagen 4, Flux.2 Pro, Qwen-Image, and Stable Dif-
fusion XL (SDXL) [7, 15, 26, 28, 45]. We test eight object categories—cars, laptops,
backpacks, cups, teddy bears, sofas, toasters, and clocks—selected from the COCO
dataset [22]. We chose these objects because their core functions are independent of
user demographics, while representing diverse everyday products in real-world use. We
apply our two-level prompt structure across three demographic dimensions as shown
in Table 1, generating 10 distinct prompt conditions per model-object combination: 1
base prompt and 9 demographic variations (3 age + 2 gender + 4 ethnicity). For each
condition, we generate 20 images, yielding 8,000 images total (5 models x 8 objects x
10 prompts x 20 images). Full generation parameters are provided in Appendix A.
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Table 2: Base vs. Demographic Divergence Score (BDS) averaged across 8 objects per
model. Higher scores indicate greater shifts from the base prompt. Elderly and Women exhibit the
highest divergence (0.302 and 0.295), while Middle-Aged and White show the lowest (0.222 and
0.234), suggesting that “neutral” prompts produce outputs most visually similar to middle-aged
and white demographics. Cell shading reflects the relative rank within each model across the 9
demographic groups: darker red indicates groups that are closer to the base prompt. Permutation
tests confirm 74.7% of 360 combinations are significant at p < 0.01 (see Appendix F).

Model Young Middle Elderly‘ Men Women | White Black Asian Latinx

Adults Aged

GPT Image-1 0.382 0.385 0.325 0302 0317
Imagen 4 0.320 0.324 0322 0320 0.326
FLUX 2 Pro 0.330 0.286 0.301 [0.271

Qwen Image 0.264 0.251 | 0.239 0.247 m%
SDXL 0.214 0.230 | 0211 0.225 0.217 0.250

Overall Avg. | 0270 0302 [EEJ 0295 [JUEEEY 0.284 012698 0.291

5 Experimental Results and Analysis

5.1 Base vs. Demographic-conditioned Prompts: Do Demographic Cues Change
Generation Patterns?

We first examine whether demographic cues in prompts produce distinct visual out-
puts compared to supposedly “neutral” baselines. To quantify this shift, we compute
the Base vs. Demographic Divergence Score (BDS) for each of the nine demographic
groups across all model-object combinations.

Table 2 summarizes the BDS results averaged across eight objects per model. The
overall averages reveal a consistent hierarchical pattern: Elderly prompts result in the
highest divergence from base prompts (0.302), followed by Women (0.295) and Latinx
(0.291). In contrast, Middle-Aged (0.222) and White (0.234) consistently appear as the
lowest-divergence groups. As indicated by the rank-shading in Table 2, Middle-Aged
consistently appears in the top two lowest-divergence groups across all five models,
while White ranks in the top two for GPT, Imagen, and Flux. Although no single model
defaults to all demographic groups simultaneously, every model’s baseline aligns most
closely with some subset of Middle-Aged, White, and Men (e.g., Qwen and SDXL
default strictly toward Men).

Collectively, these patterns suggest that the visual outputs of “neutral” prompts
across current text-to-image models most closely resemble those of a Middle-aged,
White, and Men demographic. This default is remarkably robust across both models
and object categories (p = 0.37 £ 0.30; see Appendix G for full breakdowns). Figure 3
qualitatively illustrates these defaults, showing how base outputs closely resemble low-
divergence groups while high-divergence groups produce strikingly distinct designs.

These findings challenge the fundamental assumption of demographic neutrality
in Al generation. When users employ ostensibly unbiased prompts like “generate a
car,” the resulting designs are not neutral; instead, they systematically resemble certain
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Fig. 3: Implicit demographic defaults in three representative models. Each cell shows four
images. Base outputs closely resemble Middle-Aged for GPT, White for Flux, and Men for Qwen,
while high-divergence groups produce visibly distinct designs. BDS scores in parentheses.

Table 3: Cross-Demographic Disparity (CDS) scores for the top 10 visual attributes.
CDS measures how differently each attribute is generated across demographic groups within
a dimension—for example, how much car body types differ between men and women. Higher
scores indicate larger gaps between groups.

Attribute Objects Age  Gender Ethnicity
Body Type Car 0.667 1.000 0.224
Color All Objects  0.445 0.730 0.638
Room Style Sofa 0.618  0.621 0.559
Rim Style Cup 0.140 1.000 0.407
Body Style Car 0.516  0.602 0.358
Design Style Clock 0.026  0.620 0.641
Accessory Presence  Teddy Bear  0.170 0.727 0.319
Arm Style Sofa 0440  0.636 0.097
Background Color All Objects  0.289 0.475 0.379
Clock Type Clock 0.758 0.000 0.275

demographic aesthetics, potentially reflecting patterns in the models’ training data or
generation behavior.

5.2 Cross-Group Differences: How Do Visual Attributes Differ Between
Demographics?

To assess how visual attributes differ within each demographic dimension (e.g., age),
we compute the Cross-Demographic Disparity (CDS) score based on JS divergence.
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Table 4: Visual Attribute Concentration (VAC) scores per model and object category. Higher
values indicate less diversity and more stereotypical generations, where a small number of at-
tribute values dominate.

Model \ Car Laptop Cup Backpack Clock Sofa TeddyBear Toaster | Avg.

Qwen |0.646 0.745 0.635 0.619 0.469 0.612 0.563 0.773 | 0.633
GPT 0472  0.756 0.549 0.530 0.487 0.562 0.500 0.518 | 0.547
Flux 0.569 0.593 0.346 0.580 0.445 0.534 0.526 0.498 | 0.511
SDXL | 0.307 0.465 0.388 0.377 0.390 0.352 0.579 0.352 | 0.401
Imagen | 0.396 0.377 0.299 0.344 0.282 0.345 0.318 0.381 |0.343

Table 3 presents the top 10 visual attributes with the highest CDS scores, computed by
summing the scores across the three demographic dimensions.

The Body Type of cars shows the highest disparity overall, with the maximum CDS
score for gender (1.0), indicating that different groups are associated with distinct at-
tribute distributions. For instance, cars generated for men are predominantly depicted
as sedans, whereas those for women are consistently assigned compact or hatchback
designs, reflecting common gender stereotypes about vehicle preferences. A similarly
extreme pattern appears in Rim Style for cups (1.0 for Gender).

Color also demonstrates universal bias across all demographic dimensions (e.g.,
Gender: 0.730, Ethnicity: 0.638). For example, models consistently generate chocolate
brown teddy bears for Black demographics and beige backpacks for White demograph-
ics. Beyond individual objects, Room Style for sofas shows high disparity across all
dimensions (Age: 0.618, Gender: 0.621, Ethnicity: 0.559), suggesting that models en-
code demographic assumptions into the surrounding contexts. Design Style for clocks
is notably driven by ethnicity (0.641), while Clock Type shows the strongest age-based
differentiation (0.758), reflecting assumptions about digital versus analog preferences
across generations.

Such systematic associations suggest that these models have captured and poten-
tially amplified societal patterns present in their training data. If left unmitigated, these
representational disparities could propagate biased design defaults when these models
are integrated into large-scale creative workflows.

5.3 Within-Group Concentration: Do Models Generate Diverse or Stereotypical
Outputs?

Generative models are expected to produce variations; however, highly uniform outputs
(e.g., rose gold laptops for women) can reinforce dominant stereotypes. We quantify this
through the Visual Attribute Concentration (VAC) score, where 1.0 indicates extreme
concentration (all 20 images sharing identical attributes).

Table 4 reveals significant model-level disparities. Qwen exhibits the most extreme
concentration (avg. VAC: 0.633), followed by GPT (0.547) and Flux (0.511). We iden-
tify 852 cases (26.6% of all model-object-demographic combinations) where all 20
images share the exact same attribute value (Figure 4). For instance, GPT consistently
generates chocolate brown teddy bears for Black demographics, while Flux produces
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Fig. 4: Deterministic patterns in object generation. All 20 images generated for each model-
object-demographic combination share the exact same attribute value. Flux and GPT exhibit
highly uniform outputs across gender, age, and ethnicity dimensions.

rose gold laptops for women and charcoal gray sofas for men. Qwen assigns beige back-
packs for women, black backpacks for Black people, and white cars for White people.

In contrast, Imagen (0.343) and SDXL (0.401) show lower concentration, but this
apparent diversity reflects poor prompt adherence rather than bias avoidance: SDXL
violates “no people” and single-product constraints in 56.4% of images and Imagen in
22.2%,” while the other three models are negligible (Figure 5). Such failures inflate
diversity metrics without genuine demographic neutrality.

To further examine the distribution of generated images, we embed them using CLIP
and project the embeddings into two dimensions with UMAP [24] for visualization. As
shown in Figure 6, high-divergence models show perfectly separable, tightly packed
clusters per demographic, while Imagen and SDXL display mixed distributions, con-
sistent with the patterns observed.

5.4 Qualitative Analysis of Bias Across Models

In addition to the analysis based on the three quantitative metrics, we conduct a quali-
tative investigation of the generated images to examine how different models manifest
bias. Using a custom web-based image exploration interface (see Appendix L), we man-
ually inspected all 8,000 images and identified three distinct bias patterns, each unique
to specific models (Figure 7).

GPT embeds demographic-related text and cultural symbols directly onto objects.
For instance, Asian-targeted laptops display Japanese script, while cups generated for
Black demographics contain explicit text like “Black is Beautiful” and clocks for Latinx

2 Violation rates were measured with Gemini-3-Flash across all 1,600 images per model.
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Apparent Diversity Prompt Violations

Imagen: Car for
Middle-Aged

SDXL: Sofa for Asian Imagen: Cup for Elderly SDXL: Backpack for White

Fig. 5: Illusion of diversity in SDXL and Imagen. Both models appear to generate diverse out-
puts (left), but closer inspection reveals frequent prompt constraint violations such as producing
multiple objects or magazine-style layouts (right), suggesting that the measured diversity reflects
technical limitations rather than intentional design.

GPT Flux Qwen Imagen SDXL

Men (n=20) L8
Women (n=20)

T 8 1 12 1 3 4 6 8 1 12 1 3 4 & 8 1 1 T 4 & & 1 1 u 3 4 & 8 1 1 1

Fig. 6: UMAP visualization of CLIP image embeddings for the ''Car-Gender' condition
across five models. Models with high structural bias (GPT, Flux, Qwen) show perfectly sepa-
rable clusters for Men (blue) and Women (red), visually confirming the extreme CDS scores. In
contrast, Imagen and SDXL display mixed distributions, aligning with their higher rate of prompt
constraint violations rather than genuine demographic neutrality.

read “Latinx Time.” Ethnicity-specific outputs also include age-related labels such as
“Toaster for Elderly.” These patterns show that GPT transforms demographic cues into
literal visual text rather than implicit design choices.

Qwen inserts faces of the target demographic group onto objects. Elderly-targeted
cups feature aged faces printed on the surface, Asian-targeted laptops display an Asian
woman’s face on the screen, and Latinx-targeted toasters and backpacks show Latinx
faces as decorative elements. Rather than adapting the object’s core design, Qwen di-
rectly maps the demographic identity onto the object’s surface.

Imagen and Flux shift the object category itself. Most strikingly, prompting “cup for
women” causes both models to generate menstrual cups instead of drinking cups, fun-
damentally reinterpreting the object based on a gendered association. This represents
the most extreme form of demographic bias observed in our study, where the demo-
graphic cue overrides the intended object category entirely.
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Fig.7: Model-specific bias patterns uncovered through qualitative analysis. GPT embeds
demographic-related text and cultural symbols directly onto objects (left). Qwen inserts faces of
the target demographic group onto objects (center). Imagen and Flux shift the object category—
e.g., prompting “cup for women” generates menstrual cups instead of drinking cups (right).

Table 5: Prompt sensitivity and mitigation analysis: Table 6: Model-specific responses to the
Average change (%) in SODA metrics relative to the “avoiding stereotypical styles” prompt.
original template. Sens.: Sensitivity, Mit.: Mitigation. Only Flux improves both metrics simul-

taneously, while others show trade-offs.

Prompt Variation ACDS AVAC
¢ “targeted at {group}” —0.4% +6.6% Model ACDS AVAC
@ “designed for {group}” —10.6% +2.0% Flux —34.7% —5.5%
L g - » GPT -32.8% +49.9%
£ “with a wide range of styles” —11.6% +6.8%
= “avoiding stereotypical styles” —30.9% +8.4% Qwen —24.6% +19.3%

5.5 Prompt Sensitivity and Mitigation Analysis

To evaluate the robustness of SODA and explore bias mitigation strategies, we conduct
two complementary experiments: Sensitivity to Prompt Formulation and Bias Mitiga-
tion via Prompt Engineering. Both focus on the most severe cases of bias. Based on our
findings, we select a subset of models, objects, and demographic groups that exhibited
the highest cross-demographic disparity (CDS). Specifically, our subset includes three
highly sensitive models (GPT Image-1, Flux.2 Pro, Qwen Image), two highly polarized
objects (cars, sofas), and three contrasting demographic pairs representing the extremes
of each dimension (Middle-aged vs. Elderly, Men vs. Women, White vs. Latinx).

Sensitivity to Prompt Formulation A natural concern is whether the bias patterns
detected by SODA are artifacts of specific prompt wording. To examine this, we com-
pare the original template (“a {object} for {group}”) with two alternative formulations
expressing similar intent: (1) “a {object} fargeted at {group}” and (2) “a {object} de-
signed for {group}.” As shown in Table 5, variations in prompt phrasing lead to system-
atic changes in the measured bias. Replacing “for” with “targeted at” increases VAC by
6.6%, suggesting that more explicit targeting language amplifies stereotype concentra-
tion. Conversely, the softer “designed for” phrasing reduces CDS by 10.6%, indicating
that word choice modulates the structure of bias across groups. Importantly, SODA
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Sensitivity Mitigation
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Fig.8: UMAP visualization of CLIP embeddings for GPT Image-1 (Car-Gender) across
three prompt conditions. The originally separated Men/Women clusters collapse into a single
tight point under “avoiding stereotypical styles,” visualizing the homogenization effect.

consistently captures these shifts, suggesting that the framework reflects underlying
bias patterns rather than prompt-specific artifacts, though the magnitude and direction
of change can vary across individual models.

Bias Mitigation via Prompt Engineering We further examine whether prompt modi-
fications can reduce demographic bias. We append two mitigation suffixes to the origi-
nal template: (1) “with a wide range of styles” (diversity-encouraging) and (2) “avoid-
ing stereotypical styles” (stereotype-discouraging). As shown in Table 5, the “avoiding
stereotypical styles” suffix produces the largest CDS reduction (—30.9% on average),
with paired ¢-tests confirming significance across all three demographic dimensions
(p = 0.042 for age, p = 0.002 for gender, p < 0.001 for ethnicity). This demonstrates
that prompt-level interventions can reliably reduce inter-group disparity, and that SODA
effectively captures these shifts.

However, CDS and VAC respond differently to mitigation prompts. While CDS de-
creases consistently across all three models, VAC changes are model-dependent and not
statistically significant overall: Flux.2 Pro shows decreased concentration (genuine di-
versification), while GPT and Qwen show increased concentration, converging toward
different but equally fixed “safe” defaults. We term this model-specific pattern the ho-
mogenization effect: rather than generating genuinely diverse outputs, these models
collapse to uniform representations that reduce between-group disparity at the cost of
within-group variety.

This divergence is detailed in Table 6. Flux.2 Pro is the only model where both
metrics improve simultaneously (CDS: —34.7%, VAC: —5.5%), suggesting meaning-
ful bias reduction without sacrificing diversity. In contrast, GPT Image-1 exhibits the
clearest homogenization pattern (CDS: —32.8%, VAC: +9.9%), and Figure 8 directly
visualizes this mechanism: under the debiasing prompt, the originally well-separated
Men and Women clusters collapse into a single, extremely tight point in the embedding
space—the model reduces disparity not by generating diverse outputs, but by converg-
ing everything to one rigid default. Qwen shows counterproductive behavior (CDS:
—24.6%, VAC: +19.3%), with clusters remaining largely separated even under the de-
biasing prompt (see Appendix J for Flux and Qwen visualizations).
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These findings point to two key implications. First, prompt-level interventions can
reliably reduce what stereotypes are assigned to which groups (lowering CDS), but
whether models generate diverse outputs within each group (VAC) is highly model-
dependent. Second, this divergence highlights exactly why multi-metric frameworks
like SODA are necessary: relying on CDS alone would falsely indicate successful de-
biasing, while VAC reveals that models are merely substituting one fixed pattern for
another “safe” stereotype.

6 Discussion and Limitations

The Mitigation Dilemma and Future Directions. Our experiments show that naive
debiasing prompts reduce inter-group disparity (CDS) but collapse within-group diver-
sity (VAC) into rigid “safe” stereotypes—a pattern we term the homogenization effect.
Critically, this trade-off is model-dependent: Flux.2 Pro achieves effective mitigation
by improving both metrics simultaneously, while GPT Image-1 and Qwen merely con-
verge to new fixed defaults. This divergence suggests that prompt-level interventions
alone are insufficient, and that future work should explore training-time strategies such
as diversity-aware fine-tuning and data rebalancing. SODA provides the multi-metric
foundation to systematically evaluate whether such interventions achieve genuine di-
versification or merely substitute one stereotype for another.

Framework Extensibility. Although our study examines a focused set of models, ob-
jects, and demographic groups, SODA is designed to generalize beyond this scope.
Each component can be extended or substituted without altering the workflow. For ex-
ample, SODA can be applied to prompts tied to geographical regions (e.g., “car in
Nigeria,” “house in rural India”), underrepresented demographic identities such as non-
binary gender groups, and object domains that carry cultural meaning, such as clothing
and food. Beyond predefined categories, interactive workflows could also help analysts
identify unanticipated attributes or subgroups [8, 38]. The same modularity extends to
the generative model itself: SODA can audit any T2I model out of the box. As a concrete
demonstration, we applied it to Nano-Banana-2 [16] without any pipeline modification,
reproducing the key findings, including rose gold laptops for women and 16 determin-
istic VAC=1.0 cases (see Appendix K).

Categorical Simplification of Demographics. A limitation of our experimental design
is the treatment of age, gender, and ethnicity as discrete categories. Human identity
is fluid, non-binary, and intersectional. We adopt this categorical approach to ensure
interpretable and statistically robust comparisons across models. Future work could ex-
tend this framework to model intersectional groups and continuous demographic dimen-
sions, enabling analyses that better capture the fluid and contextual nature of identity.

Attribute Extraction and Vision-Model Dependencies. Our attribute extraction pipeline
relies on GPT-4o to classify visual features. Like any automated classifier, it may be
subject to its own biases or misclassifications. However, our human validation confirms
high accuracy, and replication using alternative models (Gemini 2.5 Flash [11] and the
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open-source Qwen3-VL-32B [1]) produces consistent bias patterns across all VLMs
(pooled Pearson r > 0.85). This demonstrates that the severe bias patterns detected by
SODA are robust to the choice of the underlying vision model.

7 Conclusion

We introduce SODA, a systematic framework for measuring demographic bias in Al-
generated objects. Across 8,000 images and five state-of-the-art models, we find that
demographic cues consistently alter object appearances, with 852 cases of fully uni-
form outputs (e.g., chocolate brown teddy bears for Black demographics, rose gold
laptops for women), and that “neutral” prompts produce outputs most visually simi-
lar to middle-aged and white demographics. Furthermore, while prompt-level mitiga-
tion reduces inter-group disparity, it may trigger a homogenization effect where models
converge to new fixed defaults rather than genuinely diverse outputs. We hope SODA
serves as a practical step toward more responsible development of generative models.
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