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Abstract

Images generated by text-to-image (T21) models often exhibit
visual biases and stereotypes of concepts such as culture and
profession. Existing quantitative measures of stereotypes are
based on statistical parity that does not align with the socio-
logical definition of stereotypes and, therefore, incorrectly
categorizes biases as stereotypes. Instead of oversimplifying
stereotypes as biases, we propose a quantitative measure of
stereotypes that aligns with its sociological definition. We
then propose OASIS to measure the stereotypes in a gen-
erated dataset and understand their origins within the T21
model. OASIS includes two scores to measure stereotypes
from a generated image dataset: (M1) Stereotype Score
to measure the distributional violation of stereotypical at-
tributes, and (M2) WALS to measure spectral variance in
the images along a stereotypical attribute. OASIS also in-
cludes two methods to understand the origins of stereotypes
in T2I models: (Ul) StOP to discover attributes that the
T21 model internally associates with a given concept, and
(U2) SPI to quantify the emergence of stereotypical attributes
in the latent space of the T2I model during image generation.
Despite the considerable progress in image fidelity, using
OASIS, we conclude that newer T2I models such as FLUX. 1
and SDv3 contain strong stereotypical predispositions about
concepts and still generate images with widespread stereo-
typical attributes. Additionally, the quantity of stereotypes
worsens for nationalities with lower Internet footprints.

1. Introduction

In a sociological context, stereotypes are generalized beliefs
or assumptions about a particular group of people, things,
or categories [13]. These stereotypes are widespread in the
images generated by text-to-image (T2I) models when the
input textual prompts contain concepts such as culture and
profession. For instance, consider the images in Fig. 1 gen-
erated by FLUX.1 [10], SDv3 [23], and SDv2 [43] for the
prompt “A photo of a/an <nationality> person”. There are
clear portrayals of ethnic stereotypes in attributes such as
clothing, skin tone, and facial features across different na-

tionalities, despite no references to such attributes in the
prompt. For example, the model consistently depicts an Ira-
nian person as a middle-aged or senior with a long beard,
wearing a turban, and dressed in religious attire, reinforc-
ing harmful stereotypical representations about people with
Iranian nationality. Besides being demographically incor-
rect, stereotypical biases in these models can lead to broader
harm. For instance, when the biased outputs of these models
are shared online, they can perpetuate damaging stereotypes
about marginalized groups, further exacerbating societal po-
larization on issues such as beauty standards, ethnicity, and
disability representation [21, 51, 55].

Existing methods to detect stereotypes primarily rely on
feedback from human annotators, which is both subjective
and resource-intensive. It also becomes impractical in the
era of the fast-paced development of generative models and
changing regulations. Additionally, the feedback from hu-
man annotators may be affected by their personal and politi-
cal leanings [25, 45], e.g., annotation of continuous-valued
attributes such as nose size and skin tone. Human annotation
can also affect the users’ privacy by exposing the generated
images to external evaluators.

In contrast, automated methods use classifiers to detect
stereotypes [16, 24, 55], overcoming several drawbacks of
human annotators. However, these methods incorrectly rely
on a general bias metric, i.e., statistical parity, as a stereotype
measure that fails to account for the directionality in the
sociological definition of stereotypes. For example, consider
a biased T2I model that generates images of predominantly
female doctors. Existing works categorize this bias as a
stereotype, although the generally known gender stereotype
associated with the concept of doctor is that all doctors are
male [52].

This paper presents a new mathematical definition of
stereotypes that aligns with the sociological definition. Build-
ing upon this formulation, we propose Open-set Assessment
of Stereotypes in Image generative models (OASIS), a novel
toolbox for quantifying stereotypes and understanding their
origins in T2I models, addressing the limitations of prior
studies. OASIS provides two metrics for measuring stereo-
types based on the distribution and spectrum of the generated
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Figure 1. Measuring Stereotypes in Text-to-Image Models. (a) The images generated by T2I models corresponding to the prompt “A
photo of an Iranian person” overwhelmingly contain stereotypical tropes such as beard, turban, and religious attire although the prompt is
devoid of this information. (b) The proposed toolbox OASIS includes complementary methods for quantifying stereotypes. Stereotype Score
measures the over-representation of stereotypical attributes while WALS measures the variance of images along these attributes. (c) SPI
quantifies the emergence of stereotypes from the latent space of these models and helps understand the origin of stereotypes within a T2I

model.

data in a feature space. OASIS comprises two additional
methods to (1) discover the stereotypical attributes that a T2I
model internally associates with a concept and (2) quantify
the emergence of stereotypical attributes in the latent space
of T2I models. Our work is an important step toward auto-
mated auditing and mitigating stereotypical content in T2I
models during development and deployment.

2. Problem Definition

Definitions and Notations. We use the term concept to
refer to groups of people, things, or categories related to
which stereotypes may exist, e.g., culture and profession.
We denote concepts using a random variable C. If C' de-
notes the concept of nationality, then it takes values from
{Iranian, American, - - - }. For a given concept C' = ¢, we
define the set of potential stereotypical attributes as A, C A,
where A is the set of all possible attributes. Every attribute
A; € A. is a binary random variable that assumes values
from {«,",a; }, where ¢, and ¢, indicate the presence and
the absence of A;, respectively. For example, if ¢ = Iranian,
then A. = {beard, religious symbols, hijab, . ..}. We de-
note concepts and stereotypes in different colors.

Problem Setting. The objective is to measure stereotypes
in a T2I model M from the set A, that purportedly exists
related to a concept c. For example, in Fig. 1, ¢ could corre-
spond to Mexican nationality and A could include sombrero
and serape. The distribution of images I generated by M
conditioned on text prompt 7'(c) is pa(I | T'(c)). The nota-
tion T'(¢) indicates that the text prompt contains information
about only the concept and not of any stereotype. To detect
the presence of A € A, we are provided with a dataset D of
N samples generated by M from text prompts 7'(c) where
D:={L | ~pm(I|T(c)),i=1,---,N}

3. OASIS: A Stereotype Measurement and Un-
derstanding Toolbox

Motivations. The measurement of a stereotype related to
a concept is subjective without a formally defined metric.
Prior works have not considered the differences between
stereotypes and biases and have employed bias definitions
as stereotype metrics. The dataset D is considered unbiased
w.r.t. an attribute A € A, if

AlD~U (1)

where U/ is uniform distribution. However, not all biases are
necessarily stereotypes.

Quantitative Measure of Stereotype.  Stereotypes are
generalized beliefs or assumptions about a particular group
of people, things, or categories [13]. “Generalization” in
this definition can be translated to statistical terms as ex-
ceeding the true distribution of the data for a concept c in
the real world. As an example, if D contains generated im-
ages of doctors in the US and the stereotype of interest A
is male, the distribution of /male in D must match with its
true distribution in the real world P*(A | C)' ie., P(A =
male | D,C = Doctor) = P*(A = male | C = Doctor).
Moreover, stereotypes are directional, which means male
having a smaller likelihood of doctors in the US compared
to the real-world distribution is not considered a stereotype,
although it is a bias. Accounting for this directionality, we
say a dataset D contains stereotype A w.r.t. ¢ if

IP*(A | C) can be obtained from census and online sources. For
details, refer to § A.5.3.
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Figure 2. An overview of OASIS. Given a text prompt, a set of
images is generated using the T2I model M. Simultaneously, a
stereotype candidate set is created using an LLM. OASIS then
performs four quantitative analyses: (M1) Stereotype Score ¥ to
measure stereotypes based on Def. 1, (M2) WALS to assess the
spectral variance of D w.r.t. a stereotypical attribute, (U1) StOP to
discover the stereotypical attributes that M associates with a given
concept, and (U2) SPI to quantify the emergence of stereotypical
attributes in the latent space of M during image generation.

Definition 1. Stereotype

max(0, P(A | D,C) — P*(A|C)) >¢

where ( is a margin for the violation from the real-world
distribution. Note that this definition of stereotype differs
from the definition of bias in Eq. (1). Our definition (i) com-
pares the distribution of the generated dataset against its
true societal distribution, and (ii) concerns the violation only
along the direction of the attribute prone to be a stereotype.
Finding Stereotype Candidates. To find open-set stereo-
type candidates for a concept ¢, we follow the approach
by D’Inca et al. [21]. Let My v be a large language
model (LLM). By providing prompt T'(¢) and a template
instruction Z2, we have

Mum (T(e),T) = {(1’1,',([?,(]7) | =1,

where d and d; are the descriptions for the presence
and the absence of A, respectively. Subsequently, A. =
{Ay,..., A, }. For example, let T'(c) be “A photo of a
doctor” and A; be male.’ Here, d; is “A photo of a man”
and d; is “A photo of a woman”.

Based on these definitions, we propose OASIS, a tool-
box to measure stereotypes in M from distributional and
spectral perspectives and to understand the origin of these
stereotypical attributes in the T2I model. Given a concept
¢, OASIS takes in as input the dataset D corresponding to a
prompt T'(c), the latent space F' from M at every time step
of image generation, and the candidate set of stereotypes A...
OASIS first extracts features Z from the images using a pre-
trained vision-language model (VLM) such as CLIP [42].
Using these inputs, OASIS calculates the metrics we define
below. Fig. 2 illustrates an overview of the proposed toolbox
OASIS.

2Refer to § A.5.1 for more details on the template instruction.
3The number of categories for gender is restricted by the annotations of
the existing datasets.

na} (2)

3.1. Stereotype Score: Measuring Stereotypes in
T2I Models

Following Def. 1, stereotype score (V) of A € A, for a given
dataset D and concept c is defined as

U (A|D,C) :=max(0, P(A | D,C) — P*(A]|C)) (3)

where P*(A | C) is the real-world density of A in concept c.
Using Bayes’ rule, P(A | D, C) is,

Y, P(A=a"|I;,C)
YL P(A=d' | I, C)
We obtain P(A | I;,C') by means of attribute classifiers.
Instead of training attribute-specific classifiers, a zero-shot
predictor such as CLIP [42] can be used, where P(A | I;,C)
is obtained using a softmax over cosine similarity scores of
image features and text descriptions for ¢ and a . How-
ever, these cosine similarity scores are often numerically
close [31], requiring an additional temperature parameter

to obtain accurate probability measures. Therefore, in such
cases, we estimate P(A | I;,C) as

P(Al =a" | Iz,C) = ]1(<Z],Z

P(A=a"|D,C) = “)

*>cos > <Z17 Z,,* >cos)
&)

where (2, y)cos is the cosine similarity between x and y, 1

is the indicator function, and Z7, Z -, and Z - are features

a

of image, d*, and d~ from Eq. (2), respectively.

a

3.2. WALS: Measuring Spectral Variety along a
Stereotype

Motivation. Since U measures stereotypes from a distri-
butional perspective, it is possible for a dataset D to appear
free of stereotypes at the cost of reduced variance along the
stereotypical attribute. For example, in the case of measuring
male stereotype among images of doctors in the US, a T21
model may repeatedly generate images of the same male and
female doctors and yet satisfy Def. 1. Moreover, it is chal-
lenging to measure variety through human inspection due to
its subjective nature, and therefore, a quantitative method to
inspect variance is beneficial. To encapsulate these require-
ments, we propose a metric named Weighted Alignment
Score (WALS) that measures the spectral alignment of the
data D with a given attribute A.

Method. To quantify the changes in a given stereotypical
attribute A across images generated by a T2I model, WALS
involves two steps: 1) Estimating the structure of data D
through the singular value decomposition of the CLIP image
features £;(D) i.e., (D) = UXVT where &/ is the image
encoder of the CLIP model, 2) Finding the direction of
change in A, denoted by ¢ A, using one of the following two
approaches: (i) estimating J A as the difference between the
text embeddings of a pair of positive and negative descrip-
tions, d and d—,

(SAZST((]‘)—ST((] )7 (6)
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where Er is the text encoder of the CLIP model, or (ii) es-
timating J A as the direction of maximum change along A
in the image embedding space of a set of A-aware images
corresponding to positive (¢ ) and negative (¢ ) categories
of A, using supervised principal component analysis [5].
Detailed descriptions and proofs are mentioned in § A.6.
These approaches make different assumptions, and one of
these can be chosen based on the problem statement and
the availability of the computational resources. The first
approach assumes alignment between text and image em-
beddings in the CLIP model, and § A is more accurate when
the embeddings of these modalities are more aligned. The
second approach estimates 0 A accurately at the cost of in-
creased computation due to generating two A-aware image
sets and calculating the kernel matrices. Moreover, the first
approach captures linear dependency, while the second one
can be adopted for both linear and non-linear dependencies.
We use the former approach in our experiments. Using the
two components explained above, WALS measures the data
variance along ¢ A in the feature space, as

Zle o; - 0ATw;

WALS(A) := S
j=193j

(N

where o; is i singular value of D, and u; is the associated
singular vector.

3.3. StOP: Discovering Internally Associated
Stereotypical Attributes

Motivation. Stereotypes might occur due to T2I models in-
ternally associating a concept ¢ with stereotypical attributes.
This means that the prompts with these attributes can equiv-
alently generate images corresponding to c. However, these
attributes may not be present in A.. Therefore, qualitative
methods are devised to discover these open-set attributes,
which we refer to as M-attributes.

Method. Since the distribution of stereotypical attributes
is not uniform within D, we have to find M-attributes for
individual clusters of images that share common stereotypes.
Given an image dataset corresponding to concept ¢, we use
spectral clustering [53] on CLIP features extracted from
these images and visually identify clusters that share stereo-
types. To discover M-attributes for a given cluster with
prominent stereotypes, we design a sequence optimization
problem, following ZeroCLIP [49]. The solution to this op-
timization problem is a sequence that maximizes its mean
CLIP score with the images in the chosen cluster. Formally,
with a cluster D’ = {I1,...,1, | 1 <4 < n} containing n
images, the objective is

1 n
st = arg max Z(ET(S)751([i)>cos (®)

i=1

where £ and &7 are image and text encoders from CLIP.
Following ZeroCLIP, s is produced by an LLM* that is con-
ditioned on the starting sequence “This is a photo of . The
subsequent optimization problem reduces to iteratively find-
ing a 2-token sequence that maximizes the mean CLIP score
in Eq. (8) using beam search. Since a single prompt s* may
not contain diverse stereotypical attributes, we output the
top- K prompts in the final iterative step of the optimization
in Eq. (8).

3.4. SPI: Understanding the Emergence of Stereo-
types in T2I Models

Motivation. In addition to measuring stereotypes from
generated images, it is important to quantify the aggregation
of stereotypical attributes during image generation to design
successful mitigation strategies. To that end, we propose
stereotype propagation index (SPI) to quantify the addition
of stereotypical attributes in the latent space of M at each
time step of image generation.
Method. In the flow-based models such as SDv3, the latent
in each inference step is updated as x111 = z++veo (Tt t, €:)
where x; and x4 are the latent representation in the current
and next step, respectively, vg(.) is the velocity of x; for
time step ¢, and €, = eg (x4, t, ¢p) is the noise predicted in
time step ¢ for latent =, by the noise predictor eg, where ¢,
is the conditioning text prompt. The velocity decides the
attributes of the generated image based on the provided text
prompt. Our goal is to measure the amount of a stereotypical
attribute added during each step of image generation, which
requires knowing the direction of change in the attribute
(0 A) in the latent space of the T2I model.

To find § A in the latent space of the T2I model, we first
predict two A-aware noises that correspond to positive d "
and negative ¢~ descriptions of A as

e =eol(zs,t,d") e, =eolxs,t,d). 9)

Using these predicted noises, we find the velocities that
model could have in this step if the text prompt was A-aware,
i.e., vo(z,t,¢, ) and ve (x4, t, ¢, ). Here, the direction of
change in the attribute can be calculated as

0A =ve(xy, t, e, ) —ve(x, tye, ). (10)
We define SPI as the cosine similarity between the velocity at

time step ¢ and the direction of change in the given attribute
A:

SPI(A,t) == (ve(z},t,€),04) (11)

cos
A positive SPI means the stereotypical attribute is being
added to the image in time step ¢, and a negative SPI means
that the image is losing the stereotypical attribute A.

4We use Llama 3.1 [22]

CVPR
#17

260
261
262
263
264
265
266
267
268

269
270

271
272
273
274
275
276
277
278
279
280
281
282
283
284
285
286
287
288
289
290
291
292

293

294
295
296
297

298

299
300
301

302

303
304
305



CVPR
#17

306

307
308
309
310
311
312
313
314
315
316
317
318
319
320
321
322
323
324
325
326
327
328
329
330
331
332
333
334
335
336
337
338
339
340
341
342
343
344
345
346
347
348
349
350
351
352
353
354
355
356
357

CVPR 2025 Submission #17. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

References

(1]

(2]

3

—_

(4]

(5]

[6

—_

(7]

(8]

[9]

(10]

(11]

Sandhini Agarwal, Gretchen Krueger, Jack Clark, Alec
Radford, Jong Wook Kim, and Miles Brundage. Eval-
uating clip: towards characterization of broader capa-
bilities and downstream implications. arXiv preprint
arXiv:2108.02818, 2021. 10

Osman Aka, Ken Burke, Alex Bauerle, Christina Greer,
and Margaret Mitchell. Measuring model biases in the
absence of ground truth. In AAAI/ACM Conference on
Al Ethics, and Society, 2021. 10

Ananya. Al image generators often give racist and
sexist results: can they be fixed?, 2024. 14

Hritik Bansal, Da Yin, Masoud Monajatipoor, and Kai-
Wei Chang. How well can Text-to-Image Generative
Models understand Ethical Natural Language Interven-
tions? In Conference on Empirical Methods in Natural
Language Processing, 2022. 10

Elnaz Barshan, Ali Ghodsi, Zohreh Azimifar, and Man-
soor Zolghadri Jahromi. Supervised principal compo-
nent analysis: Visualization, classification and regres-
sion on subspaces and submanifolds. Pattern Recogni-
tion, 2011. 4, 12

Federico Bianchi, Pratyusha Kalluri, Esin Durmus,
Faisal Ladhak, Myra Cheng, Debora Nozza, Tat-
sunori Hashimoto, Dan Jurafsky, James Zou, and Aylin
Caliskan. Easily accessible text-to-image generation
amplifies demographic stereotypes at large scale. In
ACM Conference on Fairness, Accountability, and
Transparency, 2023. 10

Abeba Birhane, Vinay Uday Prabhu, and Emmanuel
Kahembwe. Multimodal datasets: misogyny, pornog-
raphy, and malignant stereotypes. arXiv preprint
arXiv:2110.01963, 2021. 10

Abeba Birhane, Vinay Uday Prabhu, Sanghyun Han,
Vishnu Naresh Boddeti, and Sasha Luccioni. Into
the LAION’s Den: Investigating Hate in Multimodal
Datasets. Advances in Neural Information Processing
Systems, 2023. 10

Abeba Birhane, Sepehr Dehdashtian, Vinay Uday
Prabhu, and Vishnu Naresh Boddeti. The Dark Side
of Dataset Scaling: Evaluating Racial Classification in
Multimodal Models. In ACM Conference on Fairness,
Accountability, and Transparency, 2024. 10
BlackForestLabs. FLUX. https : / /
blackforestlabs.ai/announcing-black-
forest—labs/,2024. 1,7

Su Lin Blodgett, Gilsinia Lopez, Alexandra Olteanu,
Robert Sim, and Hanna Wallach. Stereotyping Norwe-
gian salmon: An inventory of pitfalls in fairness bench-
mark datasets. In Annual Meeting of the Association for
Computational Linguistics and the International Joint
Conference on Natural Language Processing, 2021. 10

[12]

[13]

[14]

[15]

[16]

(17]

(18]

(19]

[20]

[21]

(22]

(23]

Tolga Bolukbasi, Kai-Wei Chang, James Y Zou,
Venkatesh Saligrama, and Adam T Kalai. Man is to
computer programmer as woman is to homemaker?
debiasing word embeddings. Advances in Neural In-
formation Processing Systems, 2016. 10

Pedro Bordalo, Katherine Coffman, Nicola Gennaioli,
and Andrei Shleifer. Stereotypes. The Quarterly Jour-
nal of Economics, 2016. 1,2

Sarah E Brotherton and Sylvia I Etzel. Graduate medi-
cal education, 2022-2023. The Journal of the American
Medical Association, 330(10):988-1011, 2023. 12
Joy Buolamwini and Timnit Gebru. Gender shades:
Intersectional accuracy disparities in commercial gen-
der classification. In ACM Conference on Fairness,
Accountability, and Transparency, 2018. 10

Jaemin Cho, Abhay Zala, and Mohit Bansal. Dall-eval:
Probing the reasoning skills and social biases of text-to-
image generation models. In IEEE/CVF International
Conference on Computer Vision, 2023. |

Ching-Yao Chuang, Varun Jampani, Yuanzhen Li, An-
tonio Torralba, and Stefanie Jegelka. Debiasing vision-
language models via biased prompts. arXiv preprint
arXiv:2302.00070, 2023. 10

Sepehr Dehdashtian, Ruozhen He, Yi Li, Guha Bal-
akrishnan, Nuno Vasconcelos, Vicente Ordonez, and
Vishnu Naresh Boddeti. Fairness and Bias Mitiga-
tion in Computer Vision: A Survey. arXiv preprint
arXiv:2408.02464, 2024.

Sepehr Dehdashtian, Bashir Sadeghi, and Vishnu Bod-
deti. Utility-Fairness Trade-Offs and How to Find
Them. In IEEE/CVF Conference on Computer Vision
and Pattern Recognition, 2024.

Sepehr Dehdashtian, Lan Wang, and Vishnu Naresh
Boddeti. FairerCLIP: Debiasing CLIP’s Zero-Shot
Predictions using Functions in RKHSs. International
Conference on Learning Representations, 2024. 10
Moreno D’Inca, Elia Peruzzo, Massimiliano Mancini,
Dejia Xu, Vidit Goel, Xingqgian Xu, Zhangyang Wang,
Humphrey Shi, and Nicu Sebe. OpenBias: Open-set
Bias Detection in Text-to-Image Generative Models. In
IEEE/CVF Conference on Computer Vision and Pattern
Recognition, 2024. 1, 3, 8, 11

Abhimanyu Dubey, Abhinav Jauhri, Abhinav Pandey,
Abhishek Kadian, Ahmad Al-Dahle, Aiesha Letman,
Akhil Mathur, Alan Schelten, Amy Yang, Angela Fan,
et al. The Llama 3 herd of models. arXiv preprint
arXiv:2407.21783, 2024. 4

Patrick Esser, Sumith Kulal, Andreas Blattmann,
Rahim Entezari, Jonas Miiller, Harry Saini, Yam Levi,
Dominik Lorenz, Axel Sauer, Frederic Boesel, et al.
Scaling rectified flow transformers for high-resolution
image synthesis. In International Conference on Ma-
chine Learning, 2024. 1,7

CVPR
#17

358
359
360
361
362
363
364
365
366
367
368
369
370
37
372
373
374
375
376
377
378
379
380
381
382
383
384
385
386
387
388
389
390
391
392
393
394
395
396
397
398
399
400
401
402
403
404
405
406
407
408
409
410


https://blackforestlabs.ai/announcing-black-forest-labs/
https://blackforestlabs.ai/announcing-black-forest-labs/
https://blackforestlabs.ai/announcing-black-forest-labs/
https://blackforestlabs.ai/announcing-black-forest-labs/
https://blackforestlabs.ai/announcing-black-forest-labs/

CVPR
#17

a1
412
413
414
415
416
a7
418
419
420
421
422
423
424
425
426
427
428
429
430
431
432
433
434
435
436
437
438
439
440
441
442
443
444
445
446
447
448
449
450
451
452
453
454
455
456
457
458
459
460
461
462
463

[24]

[25]

[26]

(27]

(28]

[29]

(30]

(31]

(32]

(33]

(34]

CVPR 2025 Submission #17. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

Felix Friedrich, Manuel Brack, Lukas Struppek, Do-
minik Hintersdorf, Patrick Schramowski, Sasha Luc-
cioni, and Kristian Kersting. Fair diffusion: Instructing
text-to-image generation models on fairness. arXiv
preprint arXiv:2302.10893,2023. 1, 11

Mor Geva, Yoav Goldberg, and Jonathan Berant. Are
We Modeling the Task or the Annotator? An Inves-
tigation of Annotator Bias in Natural Language Un-
derstanding Datasets. In Conference on Empirical
Methods in Natural Language Processing and Interna-
tional Joint Conference on Natural Language Process-
ing, 2019. 1

Arthur Gretton, Olivier Bousquet, Alex Smola, and
Bernhard Scholkopf. Measuring statistical dependence
with Hilbert-Schmidt norms. In International confer-
ence on algorithmic learning theory. Springer, 2005.
12

Gabriel Ilharco, Mitchell Wortsman, Ross Wightman,
Cade Gordon, Nicholas Carlini, Rohan Taori, Achal
Dave, Vaishaal Shankar, Hongseok Namkoong, John
Miller, Hannaneh Hajishirzi, Ali Farhadi, and Ludwig
Schmidt. OpenCLIP, 2021. 7

Akshita Jha, Vinodkumar Prabhakaran, Remi Den-
ton, Sarah Laszlo, Shachi Dave, Rida Qadri, Chandan
Reddy, and Sunipa Dev. ViSAGe: A Global-Scale
Analysis of Visual Stereotypes in Text-to-Image Gen-
eration. In Annual Meeting of the Association for Com-
putational Linguistics, 2024. 11

Tuomas Kynkddnniemi, Miika Aittala, Tero Karras,
Samuli Laine, Timo Aila, and Jaakko Lehtinen. Apply-
ing guidance in a limited interval improves sample and
distribution quality in diffusion models. arXiv preprint
arXiv:2404.07724,2024. 10

Marie Lamensch. Generative Al tools are perpetuating
harmful gender stereotypes. Centre for International
Governance Innovation, 14, 2023. 14

Victor Weixin Liang, Yuhui Zhang, Yongchan Kwon,
Serena Yeung, and James Y Zou. Mind the gap: Under-
standing the modality gap in multi-modal contrastive
representation learning. In Advances in Neural Infor-
mation Processing Systems, 2022. 3

Ziwei Liu, Ping Luo, Xiaogang Wang, and Xiaoou
Tang. Deep learning face attributes in the wild. In
IEEE/CVF International Conference on Computer Vi-
sion, 2015. 14

Alexandra Sasha Luccioni and Joseph D Viviano.
What’s in the box? a preliminary analysis of unde-
sirable content in the common crawl corpus. arXiv
preprint arXiv:2105.02732,2021. 10

Sasha Luccioni, Christopher Akiki, Margaret Mitchell,
and Yacine Jernite. Stable bias: Evaluating societal rep-
resentations in diffusion models. Advances in Neural
Information Processing Systems, 2024. 11

[35]

(36]

(37]
[38]
(39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

Helmut Liitkepohl. Handbook of matrices. John Wiley
& Sons, 1997. 12

Ranjita Naik and Besmira Nushi. Social biases through
the text-to-image generation lens. In AAAI/ACM Con-
ference on Al, Ethics, and Society, 2023. 10
Leonardo Nicoletti and Dina Bass. "Humans are Bi-
ased. Generative Al is Even Worse", 2023. 14

OpenAl. Chatgpt 40. https://chat .openai.

com, 2024. 7
OpenAl
openai.com, 2024. 7

Rishubh Parihar, Abhijnya Bhat, Abhipsa Basu, Saswat
Mallick, Jogendra Nath Kundu, and R Venkatesh Babu.
Balancing Act: Distribution-Guided Debiasing in Dif-
fusion Models. In IEEE/CVF Conference on Computer
Vision and Pattern Recognition, 2024. 11

Hoang Phan, Andrew Gordon Wilson, and Qi Lei. Con-
trollable Prompt Tuning For Balancing Group Distribu-
tional Robustness. arXiv preprint arXiv:2403.02695,
2024. 10, 11

Alec Radford, Jong Wook Kim, Chris Hallacy, Aditya
Ramesh, Gabriel Goh, Sandhini Agarwal, Girish Sas-
try, Amanda Askell, Pamela Mishkin, Jack Clark, et al.
Learning Transferable Visual Models from Natural
Language Supervision. In International Conference on
Machine Learning, 2021. 3, 14

Robin Rombach, Andreas Blattmann, Dominik Lorenz,
Patrick Esser, and Bjorn Ommer. High-resolution
image synthesis with latent diffusion models. In
IEEE/CVF conference on computer vision and pattern
recognition, 2022. 1,7

Bashir Sadeghi, Sepehr Dehdashtian, and Vishnu Bod-
deti. On Characterizing the Trade-off in Invariant Rep-
resentation Learning. Transactions on Machine Learn-
ing Research, 2022. Featured Certification. 10
Maarten Sap, Swabha Swayamdipta, Laura Vianna,
Xuhui Zhou, Yejin Choi, and Noah A Smith. Annota-
tors with Attitudes: How Annotator Beliefs And Identi-
ties Bias Toxic Language Detection. In North American
Chapter of the Association for Computational Linguis-
tics: Human Language Technologies, 2022. |

Patrick Schramowski, Manuel Brack, Bjorn Deiseroth,
and Kristian Kersting. Safe latent diffusion: Mitigating
inappropriate degeneration in diffusion models. In
IEEE/CVF Conference on Computer Vision and Pattern
Recognition, 2023. 10

Christoph Schuhmann, Romain Beaumont, Richard
Vencu, Cade Gordon, Ross Wightman, Mehdi Cherti,
Theo Coombes, Aarush Katta, Clayton Mullis, Mitchell
Wortsman, et al. Laion-5b: An open large-scale dataset
for training next generation image-text models. In
Advances in Neural Information Processing Systems,
2022. 7

Chatgpt ol-preview. https://chat.

CVPR
#17

464
465
466
467
468
469
470
471
472
473
474
475
476
477
478
479
480
481
482
483
484
485
486
487
488
489
490
491
492
493
494
495
496
497
498
499
500
501
502
503
504
505
506
507
508
509
510
511
512
513
514
515
516


https://chat.openai.com
https://chat.openai.com
https://chat.openai.com
https://chat.openai.com
https://chat.openai.com
https://chat.openai.com

CVPR

#17

517
518
519
520
521
522
523
524
525
526
527
528
529
530
531
532
533
534
535
536
537
538
539
540
541
542
543
544
545
546
547

CVPR 2025 Submission #17. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

[48] Preethi Seshadri, Sameer Singh, and Yanai Elazar. The
Bias Amplification Paradox in Text-to-Image Genera-
tion. In Conference of the North American Chapter of
the Association for Computational Linguistics: Human
Language Technologies, 2024. 10

[49] Yoad Tewel, Yoav Shalev, Idan Schwartz, and Lior
Wolf. Zerocap: Zero-shot image-to-text generation for
visual-semantic arithmetic. In IEEE/CVF Conference
on Computer Vision and Pattern Recognition, 2022. 4

[50] Eddie Ungless, Bjorn Ross, and Anne Lauscher. Stereo-
types and Smut: The (Mis) representation of Non-
cisgender Identities by Text-to-Image Models. In Find-
ings of the Association for Computational Linguistics,
2023. 10

[51] Adriana Ferndndez de Caleya Vazquez and Eduardo C
Garrido-Merchdan. A Taxonomy of the Biases of the
Images created by Generative Artificial Intelligence.
arXiv preprint arXiv:2407.01556, 2024. |

[52] Lauren Vogel. When people hear "doctor", most still
picture a man. CMAJ: Canadian Medical Association
journal= journal de I’Association medicale canadi-
enne, 191(10):E295-E296, 2019. 1

[53] Ulrike Von Luxburg. A tutorial on spectral clustering.
Statistics and computing, 2007. 4

[54] WorldPopulationR. "Internet Users by Country", 2024.
[Online; accessed 1-Oct-2024]. 8

[55] Cheng Zhang, Xuanbai Chen, Siqi Chai, Chen Henry
Wu, Dmitry Lagun, Thabo Beeler, and Fernando De la
Torre. Iti-gen: Inclusive text-to-image generation. In
IEEE/CVF International Conference on Computer Vi-
sion, 2023. 1, 10, 11

A. Appendix

In our main paper, we proposed OASIS for quantifying
stereotypes and understanding their origins in T2I models.
Here, we provide some additional analysis to support our
main results. The appendix section is structured as follows:
. Resultsin § A.1
. Related Work in § A.3
. Concluding Remarks in § A.4
. Implementation Details in § A.5
. Finding 6 A Using A-Aware Generated Images in § A.6
. More Results on SPI and average SPI in § A.7
. More Results on T2I models’ Stereotypical Predisposi-
tionsin § A.8
. Limitations in § A.9
9. Importance of Detecting Stereotypes in § A.10
10. Qualitative Descriptions of the Generated Datasets in
§ A1l

NN AW =

(o]

A.1. What does OASIS Uncover about Stereotypes
in T2I Models?

We apply OASIS on three open-weight T2I models —
SDv2 [43], SDv3 [23], and FLUX.1{gey; [10]. In the first
step, as illustrated in Fig. 2, we generate a dataset of 2000
images of people from each of the nationalities and with
each T2I model. In the next step, for each nationality, a can-
didate set for stereotypes and their descriptions is generated
according to Eq. (2). We used ChatGPT ol-preview [39]
and ChatGPT 4o [38] as My in Eq. (2). Implementation
details are mentioned in § A.5.

A.1.1. Lower, Yet Significant Stereotypes in Newer T2I
Models

Table 1. Stereotype Score. Comparison of three T2I models,
SDv2, SDv3, and FLUX.1 on stereotype score in three nationalities.
P*(A | C) is the true density of the attribute obtained from real-
world statistics (details provided in § A.5.3), P(A | D, C) is the
density of the attribute in the generated dataset, and W(A | D, C) is
the stereotype score. All values are in %.

SDv2 SDv3 FLUX.Ljger)
P(A|D.C) W(A|D,C)  P(A|D.C) W(A|D,C) P(A|D.C) W(1|D,C)

50 98 48 99.8 498 836 336

02 273 27.1 69 688 382 38

40 932 532 87 47 665 2.5

50 96.2 462 94.1 44.1 56.1 6.1

34 96.6 626 9.7 657 835 495

51 785 275 78.1 27.1 316 0
2 22 0.2 0.9 0 0.1 0
25 177 0 124 0 259 0.9
50 61.7 1.7 593 93 86.7 36.7
50 415 0 583 83 538 38

Stercotype Candidate ~ P*(A| C)

48 95.1 47.1 85 37 50.1 2.1
50 773 223 49.2 0 94.4 44.4
50 56.6 6.6 17.6 0 58.6 8.6
25 7718 528 341 9.1 847 597
50 82.6 326 459 0 94.2 44.2

We use CLIP ViT-G-14 from OpenCLIP [27] trained on
LAION2B [47] to estimate P(A | D,C). Table 1 com-
pares the T2I models in terms of their stereotype scores
defined in Sec. 3.1 from the images generated by these mod-
els corresponding to three nationalities — Iranian, Indian,
and Mexican. Although the fidelity of the generated im-
ages has improved dramatically from SDv2 to SDv3 and
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FLUX.1, our results demonstrate that stereotype scores of
newer models are generally lower than those of the older
ones. However, in some cases, there are exceptions. As
an example, when generating images of Mexican person,
FLUX.1 depicts 84.7% of the faces with mustache while
SDv2 and SDv3 generate 77.8% and 34.1% faces with mus-
tache, respectively. In high-level attributes such as gender,
FLUX.1 has lower stereotype scores than other models. For
example, in the case of Iranian, FLUX.1 depicts 83.6% of
images as man. But in comparison, 98% and 99.8% of the
images generated by SDv2 and SDv3, respectively, depict

man.

Remark. Existing bias definitions are not applicable for
some attributes studied in Tab. 1. E.g., a T2I model needs
to depict 50% of the images of /ranian with furban to be
unbiased according to Eq. (1), which incorrectly represents
Iranian people among whom only 0.2% wear furban.

Table 2. P(A = man | C, D) for C = doctor, C' = Iranian doctor,
and Indian Doctor.

Model Doctor  Indian Doctor  Iranian Doctor
SDv2 93 97 (+4) 98 (+5)
SDv3 78 98 (+20) 100 (+22)
FLUX.1 93 100 (+7) 100 (+7)

Previous works have noted the gender imbalance in the
generated images for certain professions such as doctors and
teachers [21]. We observe a similar trend in the newer T2I
models as shown in Table 2. However, SDv3 has a lower
gender imbalance compared to SDv2 for doctor. We hypoth-
esize that this is due to the data balancing methods taken
to ensure unbiased gender representation in the images of
doctor following the scrutiny it has faced. However, the
imbalance worsens when a nationality is added to the profes-
sion (e.g., [ranian doctor). This example demonstrates that
stereotype mitigation through data balancing is insufficient
against intersectional stereotypes as it is infeasible to collect
data samples corresponding to every possible combination.

A.2. Images of Under-Represented Nationalities
Contain More Stereotypes

T2I models are often trained on image-caption pairs that are
scraped from the Internet. Therefore, their training data may
be biased by the Internet footprint of various nationalities.
To investigate the impact of a nationality’s Internet footprint
on stereotypes in T2I models, we compare the stereotype
scores of generated images from various nationalities against
their corresponding number of Internet users. We consider
generated images corresponding to Indian, Mexican, and
Iranian nationalities, which have populations of 881.3 mil-
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Figure 3. Comparing stereotype scores for nationalities against
the number of Internet users shows that stereotypes are higher for
under-represented nationalities.

lion, 96.8 million, and 78.1 million, respectively [54]. Fig. 3
presents the stereotype scores across different attributes for
each country and model. The results indicate that the max-
imum and the average stereotype scores for a nationality
decrease as the number of Internet users increases. These
findings suggest that the stereotypes in T2I models may be
exacerbated for under-represented nationalities when trained
on image-caption pairs from the Internet.

A.2.1. Effective T2I Model Comparison Requires Both
Stereotype Score and WALS

Fig. 4 compares the WALS for T2I models on three nation-
alities. A higher WALS(A4) indicates more variance in the
images along the attribute A. We observe that FLUX.1 gen-
erates images that show a higher variety in clothing items
such as hats and furbans, but have a lower variance regarding
facial attributes such as beard and mustache across all three
nationalities. In contrast, images generated by SDv2 show
a higher variance on beard and mustache than on clothing-
related attributes.

As mentioned in Sec. 3.2, stereotype score and WALS are
complementary measures of stereotypes. We can compare
the models jointly on these scores to verify if models demon-
strate lower stereotypes at the cost of lower variety. Fig. 5
plots stereotype score and WALS for various T2I models
and attributes for each nationality. An ideal T2I model must
have a low stereotype score and a high WALS and there-
fore must appear towards the bottom-right corner of these
plots. We observe that some models have lower stereotypes
while having lower attribute variance. For instance, images
from SDv3 tend to have lower WALS across all nationali-
ties, although they succeed in reducing stereotypes in some
attributes. These observations highlight the importance of
employing both distributional (stereotype score) and spec-
tral (WALS) metrics together to compare the T2I models.
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Figure 4. WALS: Comparison of SDv2, SDv3, and FLUX.1 on spectral variance in the generated images across different attributes,

calculated for Iranian, Mexican, and Indian nationalities.
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Figure 5. Comparison of T2I models based on stereotype scores and WALS for three nationalities. Different colors show different T2I

models and the shapes of the markers denote the arrributes.

A.2.2. T2I Models Internally Associate Concepts with
Stereotypes

Table 3. StOP first identifies image clusters for each concept using
spectral clustering. The averages of the images from these clusters
are shown in the second column. StOP finds the captions shown
in the third column by solving the optimization problem in Eq. (8).
These captions contain stereotypical attributes such as “/mam” and
“brero”. The fourth column shows the images generated using these
optimized captions. Unsurprisingly, these images contain insignia
of the corresponding culture.

Culture Cluster average ~ Optimized prompts Samples from highlighted prompt

]
. “This is a photo of \u093f\u092¢ Imam” 4

Iranian o 5%

“This is a photo of \u0935 reb™ p

“This is a photo of \u093\u0935 Sheikh” & 2

“This is a photo of brero mayor™
Mexican
American -

We use StOP to discover the internal associations that
the T2I model M makes with a given concept c. In Table 3,
we show M-attributes in FLUX.1 discovered using StOP
for three concepts: Iranian, Mexican, and American. We
obtain clusters of images using spectral clustering on the
CLIP features of aligned faces and manually identify those
with shared stereotypes. The average of the faces in the
clusters are shown in the second column. The attributes
that we expect StOP to discover can be visually identified

“This i a photo of bero Garcia”
“This i a photo of brero pastor”

“This is a photo of EO Democrat™

“This is a photo of :border counselor”
“This is a photo of :border ambassador™

from these averaged images. For example, the average of
the cluster corresponding to Iranian shows an old man wear-
ing a furban and sporting a long beard, characteristic of the
Islamic religious leaders in Iran. Therefore, the expected M-
attributes include religious terminology. In the third column,
we show some of the optimized prompts that StOP produces.
The optimized prompts contain Unicode characters in ver-
nacular languages. The optimized prompts corresponding
to Iranian images include religious terms such as “/mam”
and “Sheikh”. Similarly, the optimized prompts for Mexican
images include “brero” (short for sombrero). In the last col-
umn, we input one of these prompts to FLUX.1 to visually
inspect the resulting images. Unsurprisingly, the images
generated from these optimized prompts are visually similar
to those generated from prompts containing only nationality.
For example, tie US national flag can be seen as a blurred
background in the cluster average and is also present in the
samples generated from optimized prompts for American
person.

A.2.3. Stereotypical Attributes Emerge in the Early Steps
of Image Generation

We quantify the emergence of stereotypical attributes during
image generation in FLUX.1 and SDv3 for image prompts
of the form “A photo of an <nationality> person” using
SPI. For a given stereotype, we first obtain positive and
negative descriptions corresponding to it. For example, for
the attribute age, “old” and “young” were used in ¢ and d
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Figure 6. SPI tracks the change in attributes in the image generation processes of FLUX.1 and SDv3. We observe that these attributes are

affected during the early time steps of image generation.

in Eq. (2), respectively. SPI is then calculated as the cosine
similarity between 0 A and velocity of the latent x; at time
step ¢ as shown in Eq. (11). We plot SPI(4, t) for all time
steps during the generation of four images from Iranian and
Indian nationalities in Fig. 6. We observe that a relatively
high amount of information on attributes such as beard,
traditional cloths, and sombrero is added to the images at
the first step of generation in FLUX.1 indicating that the
model readily associates these attributes with the concept.
Specifically, we observe that the stereotypical attributes arise
during the earlier time steps of generation in both /ranian and
Indian images. In the example of [ranian person in Fig. 6a,
we observe that age and beard attributes form in the image
within the first 3 time steps and gender attribute emerges at
time step 7. After time step 20, the changes in these attributes
are negligible. Similarly, stereotypical attributes form within
the first 20 time steps of generating an image from Indian
nationality and undergo little change afterward. Additional
results for other nationalities are provided in § A.7.

A.2.4. T2I Models have Stereotypical Predispositions
about Concepts

In § A.2.3, we noted that stereotypical attributes aggregate in
the early steps of image generation. A question that naturally
follows this observation is: are T2I models predisposed to
generate stereotypical images for a given concept? This can
be answered by considering the velocity vg (4, t, ;) of the
early time steps since they guide towards the mean of the
data

distribution [29]. This enables us to identify the stereo-
typical predispositions qualitatively. For each time step t,
we estimate the final time step image z based on velocity
ve (T, t,er) as Tp = x¢ +ve(xy, t, €) (T —1t), as illustrated
in Fig. 7a. Fig. 7b shows these images for three samples
corresponding to Iranian person. The images generated us-

10

Time Step

N
Random Seed

t
Time Step

(a) Estimation

(b) Iranian person

Figure 7. Stereotypical predisposition in T2I models for Iranian
person.

ing the velocity at time ¢ = 0 appear to be of a person with
turban and beard, even when the final generated images
lack these attributes. Conflating with our observations from
SS A.2.2 and A.2.3, we conclude that T2I models associate
stereotypical attributes with seemingly innocuous prompts.
Additional results are provided in § A.8.

A.3. Related Work

Many studies have shown that deep learning models tend
to learn and, at times, amplify the biases present in their
datasets [1, 2, 8,9, 11, 12, 15, 17-20, 33, 41, 44], and T2I
models are no exception. Most of the existing work about
stereotypes in T2 models has focused on gender and ethnic
biases in the generated images. Some studies have shown
that prompts play a significant role in the bias generated by
T2I models [4, 48, 55]. Seemingly neutral prompts lead to
geographical biases favoring Western nations such as the
US and Germany, leading to lighter skin tones and Western
norms in the images [0, 36], while prompts containing cer-
tain cultural and gender terms sometimes generate NSFW im-
ages, reflecting the biases in the training datasets [7, 46, 50].
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Luccioni et al. [34] measured distributional biases in profes-
sions w.r.t a closed set of genders and ethnicities.

Unlike these works, we use an open set of stereotypes ob-
tained from an LLM, following [21]. Although these studies
have achieved breadth in terms of sources for stereotypes,
they have primarily used statistical parity as the definition of
stereotype. For example, [28] uses “stereotype tendency” de-
fined as the ratio of the likelihood of a stereotype appearing
in a group to that of it appearing in the general population,
ignoring the directionality of stereotypes. In contrast, we
measure stereotypes following their true sociological defini-
tion. We additionally provide insights into the origins of the
stereotypical attributes in T2I models.

A 4. Concluding Remarks

This paper proposed OASIS to measure and understand the
origin of stereotypes in T2I models based on a quantitative
measure that aligns with the sociological definition of stereo-
type. OASIS includes: (M1) Stereotype Score (Sec. 3.1) to
measure the directional violation of the true stereotypical at-
tribute distribution in the T2I model, (M2) WALS (Sec. 3.2)
to measure the spectral variety of the generated images along
the stereotypical attributes, (U1) StOP (Sec. 3.3) to discover
the stereotypical attributes that the T2I model internally asso-
ciates with a concept, and (U2) SPI (Sec. 3.4) to measure the
emergence of stereotypical attributes during image genera-
tion from the latent space. Despite the considerable progress
in the image fidelity of T2I models, using OASIS, we con-
clude that the newer models such as FLUX.1 and SDv3 have
strong stereotypical predispositions about concepts and still
struggle to avoid stereotypical attributes in the images.

Recommendations. OASIS unveils the extent of stereo-
types in T2I models. However, commonly pursued solutions
for correcting biases in generative models such as data bal-
ancing are not suitable for resolving stereotypes due to the
sheer number of concepts that could potentially have stereo-
types. Additionally, concepts such as nationalities worsen
stereotypes in unrelated concepts such as doctors as ob-
served in Tab. 2. It is infeasible to collect data samples at
the intersection of multiple concepts. Therefore, training-
time mitigation and post hoc correction techniques that are
tailored to remove stereotypes in T2I models must be de-
veloped[24, 40, 41, 55]. Our observations also underscore
the need for increased participation of under-represented
communities in the development of large generative models.

A.5. Implementation Details

In this section we provide all the details that are employed
in the experiment section in order to obtain the mentioned
results.

A.5.1. LLM Template Instruction

To generate an open-set candidate for stereotypes correspond-
ing to a given concept, we follow the approach provided in
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[21]. The template instruction Z that was used in Eq. (2) is
as follows:

I am using a text-to-image model to generate fa-
cial images of individuals from various nationalities.
These images depict faces along with a surround-
ing margin that may include headwear or clothing
visible above the chest. I need a candidate set of at
least 15 potential stereotypes to monitor for in the
generated images. I will provide the prompts used to
generate the images, and I would like you to identify
this candidate set. Additionally, I plan to check the
presence or absence of these attributes in the images
using a CLIP model. For each attribute, I need at
least two sentences: one that positively describes the
existence of the attribute and another that describes
its absence.

An example of the output produced by ChatGPT ol-
preview is,

Certainly! Based on your prompt, “A photo of a
Tunisian person,” here is a list of potential attributes
to look for in the generated images. These attributes
are associated with cultural elements and common
depictions of Tunisian people. For each attribute,
I’ve provided a positive and a negative sentence that
can be used with a CLIP model for zero-shot classi-
fication.

1. Wearing a Traditional Chechia (Hat)
* Positive: "The person is wearing a traditional
Tunisian chechia."
* Negative: "The person is not wearing any head-
wear."
2. Traditional Clothing
* Positive: "The person is wearing traditional
Tunisian clothing."
» Negative: "The person is wearing modern West-
ern clothing."
3. Wearing a Djebba (for men)
* Positive: "The man is wearing a traditional
djebba."
* Negative: "The man is not wearing a djebba."

15. Wearing a Sefsari (for women)
* Positive: "The woman is wearing a traditional
sefsari."
* Negative: "The woman is not wearing a sef-
sari."
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A.5.2. Image Generation Prompts

To generate images from FLUX.1 and SDv3, we used the
prompt template “A photo of <nationality> person”, where
<nationality> could take values like American, Indian, etc.
For SDv2, we observed that the images could be of lower
quality or contain the torso of the person. Therefore, for
each images, we sampled a prompt randomly from the fol-
lowing array of prompts: “A photo of <nationality> person”,
“A picture of <nationality> person”, “A portrait photo of
<nationality> person”, “A front profile photo of <nationality>
person”.

A.5.3. Obtaining True Distributions

Stereotype score is measured as the violation of the true un-
derlying distribution of an attribute given a concept, denoted
by P*(A | C), in the generated images. One could obtain
P*(A | C) from official census data and online statistcs. For
example, Brotherton and Etzel [14] provides various demo-
graphic details about doctors in the US such as ethnicity and
gender in various specializations. For attributes where it is
difficult to obtain precise statistics, e.g., traditional cloth-
ing, we consider their presence a choice and assign a 50%
chance for their presence. For example, for mustache for peo-
ple from Mexican nationality, we calculate P* (mustache
Mexican) = 0.5 x P*(male | Mexican) = 0.255.

A.6. Finding 6 A Using A-Aware Generated Images

As mentioned in Sec. 3.2, to find the direction of change in
A, we propose two approaches: (i) using text embeddings of
a pair of positive and negative descriptions, ¢ and d , and
(ii) using A-aware generated images. The first approach is
explained in Sec. 3.2 and in this section, we explain how to
find § A using A-aware generated images in both linear and
non-linear cases.

A.6.1. Linear 0 A

As mentioned in Sec. 3.2, using A-aware generated images
to find § A can be more precise than using text embeddings.
As an example, for finding the direction of change in male
for images corresponding to “A photo of an Iranian person”,
two sets of images using prompts “A photo of @ man” and
“A photo of a woman” are created. The set of CLIP features
of these images are denoted by Z4 = {z;}7*, and their
corresponding labels of A as Y4 = {y;}™,. Then we find
an orthogonal transformation matrix I' that maps Z4 to a
subspace that maximizes the variance of the labeled data
using supervised principal component analysis [5] that max-
imizes the dependency between the mapped data I'T Z 4 and
Y. Hilbert-Schmidt Independence Criterion (HSIC) [26]
is employed as the dependence metric where its empirical
version is defined as HSIC*™ = Tr{H Kz H Ky }, where
H is the centering matrix, Ky is a kernel matrix of Y, and
K 77 is a kernel matrix of the mapped data. When using a
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linear kernel, it becomes K5 = Z ' I'TT Z. Therefore, T’
can be calculated by solving the following optimization

argmax Tr{l'" ZHKyyHZ T}, (12)
r

subject to r'r=r1 (13)

This optimization has a closed-form solution, and the
columns of the optimal T" are the eigenvectors of

M :=ZHKyyHZ" corresponding to the d largest eigen-
values where d is the dimensionality of the subspace [35].
Here, since we only need a direction vector, we choose the
eigenvector v associated with the largest eigenvalue of M.

To capture the non-linear relations of the attribute, a non-
linear kernel can be used to calculate Ky and K. The
closed-form solution for the non-linear case is provided in
§ A6.2.

A.6.2. Non-Linear 0 A

If we are interested in finding non-linear relations between
the images in order to find direction of change in an attribute,
a non-linear version of the formulation mentioned in the pre-
vious subsection can be used. In this approach, similar to the
linear case, we generate two sets of images associated with
positive (¢ ) and negative (¢ ) categories of A. The set of
CLIP features of these images are denoted by Z4 = {z;}"
and their corresponding labels of A as Y4 = {y;}";. Then
we find an orthogonal transformation matrix I' that maps
kernelized Z 4 to a subspace that maximizes the variance of
the labeled data using supervised principal component anal-
ysis [5] that maximizes the dependency between the mapped
dataT T K5, and Y.

Hilbert-Schmidt Independence Criterion (HSIC) [26] is
employed as the dependence metric where its empirical ver-
sion is defined as HSIC*™ = Tr{ H Kz H Ky }, where H
is the centering matrix, Ky is a kernel of Y, and K77 is the
kernelized Z 4 using a similarity measure of the mapped data.
I" can be calculated by solving the following optimization

argmax TI'{FT KzzHKyyHK;Z F},
r

subject to r'r=r1 (15)

This optimization has a closed-form solution and
the optimal solution for I' are the eigenvectors of
M Z:KzzHKyyHK;Z corresponding to the d largest
eigenvalues where d is the dimensionality of the sub-
space [35]. Here, since we only need a direction vector,
we choose the eigenvector U7 associated with the largest
eigenvalue of M.

SA=T = . (16)
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(a) Mexican, FLUX.1 (b) Mexican, SDv3 (c) Tunisian, FLUX.1 (d) Tunisian, SDv3

Figure 8. Additional samples of SPI plots of generated images by FLUX.1 and SDv3 for Mexican and Tunisian nationalities. A positive
value for SPI(A, t) means that o is added to the image at time step ¢. Similarly, a negative SPI means that the image is moving toward o~

A.7. More Results on SPI Time Step
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‘ . . h A Al A

k 3 ) )

\

113133033
HEHEFFEE

(a) Iranian person
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Figure 9. Average SPI in 100 samples for /ranian person generated . . . . m n
by SDv3. > < 3 -
: o N B
Y N & &
Average SPI. i i

The average SPIin 100 images generated
by SDv3 corresponding to “A photo of an Iranian person” is )
demonstrated in Fig. 9. As illustrated, the T2I model adds Time Step
a high amount of information on attributes such as rurban
in the earlier steps. This confirms our earlier conclusions
from sample-wise SPI in Fig. 6b. Additionally, we note
that the variance for SPI is small in the time step 7' = 0,
suggesting the stereotypical predispositions noted in § A.2.4.
However, in the next few time steps, we see a slightly larger
variance that indicates that these models tend to correct the

More Sample-Wise Results. More samples for SPI on
Mexican person and Tunisian person are illustrated in Fig. 8.

lAttribute — Gender — Beard 7Turbanl
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(b) Indian person

stereotypical attributes added in the former time steps. (¢) Mexican person
A.8.More Results on T2I models’ Stereotypical Pre- Figure 10. First 9 steps of image generation in FLUX.1 model for
dispositions three nationalities: (a) Iranian person, (b) Indian person, and (c)

. . . .. Mexican person
In this section, we provide additional results that show that

T2I models are predisposed to create stereotypical images
for various nationalities. In Fig. 10, we show additional
results for FLUX.1 on Iranian, Indian, and Mexican nation-

alities. Similar to our observations in § A.2.4, we note that person, we can see a faded sombrero in the early images.
the images generated from the velocity at ¢ = 0 for Iranian Moreover, the attributes that appear in the early stages of
person contain stereotypical attributes such as beard and fur- image generation are absent in the final generated image,
ban. Likewise, for images of Indian personality, we observe indicating that these stereotypical attributes arise due to their
vibrant clothing (e.g., orange veil). In the images of Mexican intrinsic association with the concept.
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A.9. Limitations

Obtaining P*(A | C). Accessto P*(A | C) is a crucial
component for any stereotype measuring method. As men-
tioned in § A.5.3, P*(A | C) is obtained from census data
and online sources when they are available. We note that
reliable sources may not be available for every attribute and
changes in survey methods can affect the results. However,
for most stereotype evaluation and mitigation applications,
reliable data can be found from government and survey agen-
cies.

Use of CLIP. As mentioned in Sec. 3.1, we obtain P(A |
I;, C) using attribute classifiers. Instead of training attribute-
specific classifiers, a zero-shot predictor like CLIP [42] can
be utilized. However, some attributes may be unfamiliar
to the model, resulting in lower accuracy in detecting them
within the images. Additionally, these models may be biased
in terms of concepts such as ethnicity. With advancements
in zero-shot prediction models and the introduction of more
accurate versions, newer models can seamlessly replace the
existing ones in OASIS, thanks to its modular design.

For a small dataset of doctors that is used in Tab. 2, we
evaluate the performance of the CLIP model in predicting
the gender. As mentioned earlier, for each T2I model, we
generated 100 images of doctors and manually labeled their
genders. The accuracy of the CLIP model in predicting
gender is demonstrated in Tab. 4. The results suggest that
on this small dataset, the CLIP model can predict gender
almost as accurately as human annotators.

Table 4. Performance of the CLIP model on predicting gender in
the generated doctors dataset.

Model  Accuracy

SDv2 100%

SDv3 99%
FLUX.1 99%

Additionally, we evaluate the performance of the em-
ployed CLIP model on CelebA [32] that contains more than
200,000 face images of celebrities annotated with 40 binary
attributes. Since we primarily used CLIP to predict attributes
such as beard and hat, we evaluate the model on similar
attributes (i.e., having beard, man, wearing a hat, having
a mustache). The accuracy in predicting each attribute is
reported in Tab. 5. The results demonstrate that the CLIP
model can predict the attribute with an acceptable accuracy.
As we noted earlier, although the CLIP model may not accu-
rately predict certain general attributes, our results indicate
that the CLIP model is suitable for predicting the attributes
that we considered in this work.

The above-mentioned experiments, show the effective-
ness of using a CLIP model in automating the classification
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Table 5. Performance of the CLIP model on predicting four at-
tributes in CelebA dataset.

Attribute Accuracy
having beard 83.06%
gender 99.38%
wearing a hat 96.14%
having a mustache — 94.77%

of the images. However, the accuracy of the model is not
100% which indicates that by newer vision-language model
with higher accuracy compared to the CLIP model that is
employed in this paper, should be replaced in the OASIS.

A.10. Importance of Detecting Stereotypes in Gen-
erative Models

Visual content produced by generative models inadvertently
perpetuates stereotypes about various ethnicities, cultures,
nationalities, and professions [3]. Such images and videos
are shared on online social media accounts such as X and
Reddit, and this can reinforce stereotypical notions about
certain social groups. This content could also influence
public perception of marginalized communities and could
undermine ongoing efforts to integrate them into mainstream
society. For example, it has been noted that generated images
of women from certain ethnicities tend to be sexualized [30].
Additionally, the adoption of these generative models by
various companies and institutions may have unforeseen
consequences. For example, Nicoletti and Bass [37] states
that using generative Al to develop suspect sketches could
lead to wrongful convictions.

A.11. Qualitative Descriptions of the Generated
Datasets

We evaluated OASIS on the images corresponding to vari-
ous nationalities generated by different T2I models. In this
section, we give a qualitative description of the generated
images. A few randomly selected representative samples
from each culture and T2I model are shown in Fig. 11.

FLUX.1. The images produced by FLUX.1 are of high
quality and look realistic. However, some stereotypes can be
qualitatively observed from the images in Fig. 1 1a. For exam-
ple, some images of American people contain the American

flag. Images of Indian people tend to show vibrant colored

clothing. Most of the generated images of Iranian people are
of men and most of them wear 7urban. Among the images
of Mexican people, sombrero is the most common stereo-
typical element. We additionally note a general superficial
diversity among the samples. For example, the images in
each row were generated with the same random seeds. We
can observe that the backgrounds in these photos are some-
times repeated. For instance, compare the first columns of
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Indian and Mexican samples. Additionally, there is a clear
disparity in the backgrounds across nationalities. The back-
grounds for American and Iranian images are more often
indoors than for /ndian and Mexican. Images of American
and Iranian people also more often contain images of offi-
cials compared to Indian and Mexican images. Interestingly,
Donald Trump’s image appeared when prompted to generate
images of American person.

SDv3. Fig. 11b shows the samples generated by SDv3.
Although the generated images are of high fidelity, unlike
FLUX.1, they lack variety in background and poses. Sur-
prisingly, images of American people are relatively free of
stereotypes and show ethnic diversity. However, the face
images of Indian people look very similar and contain ele-
ments such as tilak/bindi. The diversity drops further in the
images of Iranian people. All the randomly selected samples
contained images of men wearing rurban and religious at-
tire. Among the images of Mexican people, sombreros were
present but in fewer proportions compared to the images
generated by FLUX.1.

SDv2. Some representative samples generated by SDv2
are shown in Fig. 1 1c. Among the considered T2I models,
SDv2 produced images with the least photorealism, with
some displaying distorted facial expressions. However, these
images generally contain diverse facial attributes such as
hairstyle. Images of American people are of higher qual-
ity compared to other nationalities, although they include
black & white portraits. We note the lack of ethnic diver-
sity among these images compared to those in SDv3 and
FLUX.1. Although identity diversity is lower for images
of Indian people compared to FLUX.1 and SDv3, we also
observe fewer stereotypical attributes. Similar to SDv3, the
images of Iranian people generated by SDv2 are primarily of
men, mostly donning rurban. Stereotypes such as sombrero
and colorful clothing are present in the images of Mexican
people. Among all the T2I models that we considered, SDv2
seems to have the least gender diversity across all nationali-
ties.
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Figure 11. A few randomly selected representative samples from
each culture and T2I model.
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