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Abstract

Several studies have raised awareness about social biases in
image generative models, demonstrating their predisposition
towards stereotypes and imbalances. This paper contributes
to this growing body of research by introducing an evaluation
protocol that analyzes the impact of gender indicators at ev-
ery step of the generation process on Stable Diffusion images.
Leveraging insights from prior work, we explore how gen-
der indicators not only affect gender presentation but also the
representation of objects and layouts within the generated im-
ages. Our findings include the existence of differences in the
depiction of objects, such as instruments tailored for specific
genders, and shifts in overall layouts. We also reveal that neu-
tral prompts tend to produce images more aligned with mas-
culine prompts than their feminine counterparts. We further
explore where bias originates through representational dis-
parities and how it manifests in the images via prompt-image
dependencies, and provide recommendations for developers
and users to mitigate potential bias in image generation.

1 Introduction

Text-to-image generation models have gained significant
attention due to their remarkable generative capabilities.
Cutting-edge models, such as Stable Diffusion (Rom-
bach et al. 2022) and DALL-E 2 (Ramesh et al. 2022),
have demonstrated outstanding success in generating high-
fidelity images based on natural language inputs. However,
due to their widespread applications across different do-
mains and their easy accessibility, concerns about the social
impact of data (Birhane, Prabhu, and Kahembwe 2021; Gar-
cia et al. 2023; Birhane et al. 2023), bias (Bianchi et al. 2023;
Luccioni et al. 2023; Ungless, Ross, and Lauscher 2023),
privacy (Carlini et al. 2023; Katirai et al. 2023), or intellec-
tual property (Somepalli et al. 2023; Wang et al. 2023b) have
surfaced. This work focuses on the automatic evaluation of
gender bias in Stable Diffusion models.

Previous studies have shown that certain adjectives (Luc-
cioni et al. 2023) or professions (Luccioni et al. 2023) can
lead to the generation of stereotypes regarding the demo-
graphic attributes of faces. However, beyond the regions
depicting faces, the remaining areas of the generated im-
age may also exhibit disparities between different genders
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(Bianchi et al. 2023). Figure 1 shows triplets of generated
images with prompts differing by only one word in the gen-
der indicators.! The representation of the person in the im-
ages adapts accordingly, but the context surrounding the in-
dividual (e.g., different musical instruments on the left) and
the layout of the image (e.g., on the right) also undergo al-
terations, even when these changes are not explicitly men-
tioned in the prompt. This reveals that gender bias does not
only manifest within areas depicting people but is sustained
in the broader context of the entire image. Thus, while de-
mographic bias in text-to-image generation models has been
consistently reported (Ungless, Ross, and Lauscher 2023;
Bianchi et al. 2023; Garcia et al. 2023; Cho, Zala, and Bansal
2023; Luccioni et al. 2023; Wang et al. 2023a; Seshadri,
Singh, and Elazar 2023; Naik and Nushi 2023), there is a
need for automatic evaluation protocols regarding 1) the en-
tire image and 2) the generation process. Although previ-
ous work has explored bias on the final generated images
(Luccioni et al. 2023; Bianchi et al. 2023; Cho, Zala, and
Bansal 2023; Lin et al. 2023), there is still a lack of analy-
sis about what text-to-image model generates to fill the un-
guided regions of the image and why it responds distinctly
to different gender indicators.

To the best of our knowledge, this is the first work that
analyzes the internal components of Stable Diffusion to
study where gender bias originated and how it is propagated.
We suggest that such disparities arise from the interplay of
representational disparities and prompt-image dependencies
during image generation: the process involves transitioning
from prompt space to image space, potentially treating gen-
ders differently and resulting in representational disparities.
Using template-free natural language prompts, we further
study the dependencies between the prompt and the gener-
ated image with the inherent cross-attention mechanism, and
categorize objects in prompt and image into five dependency
groups. These dependencies/independencies can be modu-
lated by representational disparities. To systematically ex-
plore the two intertwined factors, we generate images from
a set of (neutral, feminine, masculine) triplet prompts as
in Figure 1, aiming to quantify representational disparities
(Sec. 4) and prompt-image dependencies (Sec. 6).

!Gender indicators refer to words that indicate the gender of a
person.
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Figure 1: We use free-form triplet prompts to analyze the influence of gender indicators on the overall image generation process.
We show that 1) gender indicators influence the generation of objects (left) and their layouts (right), and 2) the use of gender
neutral words tends to produce images more similar to those prompted by masculine indicators rather than feminine ones.

Our evaluation protocol allows us to formulate and an-
swer the following research questions (RQ):

RQ1 Do images generated from neutral prompts ex-
hibit greater similarity to those generated from mascu-
line prompts than to images generated from feminine
prompts, and if so, why?

RQ2 Do object occurrences in images significantly vary
based on the gender specified in the prompt? If there
are differences, do these object occurrences from neutral
prompts exhibit greater similarity to those from mascu-
line or feminine prompts?

RQ3 Does the gender in the input prompt influence the
prompt-image dependencies in Stable Diffusion, and if
so, which prompt-image dependencies are more predis-
posed to be affected?

We conduct experiments on three Stable Diffusion models
spanning four caption datasets as well as a text set generated
by ChatGPT (Brown et al. 2020). Through the generation
of triplet prompts with only gender indicators differing, we
observe a consistent trend across Stable Diffusion models.
Our key findings indicate:

* For Stable Diffusion, person = man

— Quantitatively, neutral prompts consistently produce
images that look more similar to those from masculine
prompts than feminine prompts.

— The neutral representations are closer to the masculine
representations for all the internal stages of the gener-
ation process.

» Explicit objects are consistent across genders

— Objects generated explicitly from prompts exhibit sim-
ilar co-occurrence for different genders.

e Unguided objects are gendered
— Objects not explicitly mentioned in the prompt are
generated at different rates for each gender.

— Co-occurrences of objects in images from neutral
prompts consistently exhibit greater similarity to those
from masculine prompts.

Our findings show that gender bias extends beyond peo-
ple’s representations, permeating through the entire image
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and affecting the generated objects. We conclude the paper
with recommendations for both model developers and users,
aimed at mitigating this effect.

2 Related Work

Text-to-image models There are three main types of text-
to-image generation models: GANs (Goodfellow et al. 2020;
Tao et al. 2022; Reed et al. 2016), autoregressive (Ramesh
et al. 2022, 2021; Ding et al. 2021, 2022; Yu et al. 2022),
and diffusion (Ho, Jain, and Abbeel 2020; Rombach et al.
2022; Saharia et al. 2022). Within diffusion models, Stable
Diffusion (Rombach et al. 2022) has emerged as the pre-
ferred testbed due to its high-quality generations and open-
source nature. As diffusion models rely on cross-attention to
connect text and image modalities, it enables the examina-
tion of the image generation process at the word level (Hertz
et al. 2023). The cross-attention module assists in tasks such
as editing (Hertz et al. 2023; Lu, Liu, and Kong 2023; Ep-
stein et al. 2023; Gandikota et al. 2023a,b) and segmenta-
tion (Tang et al. 2023; Wu et al. 2023; Pnvr et al. 2023). By
leveraging this property, we can investigate the relationship
between gender and prompt-guided generations.

Social bias Text-to-image generation models often repro-
duce demographic stereotypes tied to gender and race across
various factors, including but not limited to occupations
(Bianchi et al. 2023; Cho, Zala, and Bansal 2023; Luc-
cioni et al. 2023; Wang et al. 2023a; Mandal, Leavy, and
Little 2023; Lin et al. 2023; Seshadri, Singh, and Elazar
2023), adjectives (Luccioni et al. 2023; Naik and Nushi
2023; Berg et al. 2022), objects (Mannering 2023), outfits
(Zhang et al. 2023c¢), and nationalities (Bianchi et al. 2023;
Wolfe and Caliskan 2022a). Analysis of prompt templates
like “a photo of the face of [OCCUPATION]”
reveals that certain occupations, such as software devel-
opers, are predominantly represented as white men, while
housekeepers tend to be associated with women of color.
Additionally, Wolfe et al. (Wolfe et al. 2023) showed that
models are more inclined to generate sexualized images
in response to prompts containing “a [AGE] year old
girl”. Moreover, Zhang et al. (Zhang et al. 2023a) ar-
gued that unfairness extends to images depicting underrepre-
sented attributes like wearing glasses, highlighting the per-



vasive nature of biases in the generation process. In addi-
tion to biases concerning humans, previous studies have ex-
plored geographical-level differences in objects (Hall et al.
2023) and the correctness of cultural context (Basu, Babu,
and Pruthi 2023; Liu et al. 2024).

Bias evaluation A fundamental aspect in the study of bias
is the evaluation protocol. Most previous approaches rely on
prompts that fill attributes (e.g., profession) with a template
(Luccioni et al. 2023; Bakr et al. 2023; Teo, Abdollahzadeh,
and Cheung 2023; Lee et al. 2023; Cho, Zala, and Bansal
2023; Bianchi et al. 2023; Wang et al. 2023a; Zhang et al.
2023c; Naik and Nushi 2023), leading to constrained sce-
narios and limited additional details in the prompts. More-
over, these methods evaluate bias on the proxy presenta-
tion of the generated images but do not examine presen-
tations in the generation process. Besides, these methods
mainly focus on people’s attributes (Luccioni et al. 2023;
Teo, Abdollahzadeh, and Cheung 2023; Lee et al. 2023;
Cho, Zala, and Bansal 2023; Bianchi et al. 2023; Wang et al.
2023a; Chinchure et al. 2023; Naik and Nushi 2023), such
as the gender of faces, thereby overlooking biases in the
generated visual elements as well as the entire image con-
text. Except for the method that exclusively on gender bias
evaluation, there are traditional evaluation criteria for text-
to-image models measuring image fidelity and text-image
alignment with automated metrics (Salimans et al. 2016;
Heusel et al. 2017; Vedantam, Lawrence Zitnick, and Parikh
2015; Papineni et al. 2002) or human evaluation (Otani et al.
2023).

Overall, there is an absence of automated methods for
nuanced bias evaluation that conveys bias at the different
stages of the generation process. Using free-form prompts,
our work proposes a method to uncover prompt-image de-
pendencies, disclosing how objects are generated differently
according to gender indicators in the prompt.

3 Preliminaries

Triplet prompt generation Let P, be a set of neutral
prompts, which do not specify the gender of the person. As
shown in Figure 1, from these neutral prompts, we gener-
ate two counterpart prompt sets, Pr and P, as feminine
and masculine prompt sets, respectively. The only difference
among these three prompt sets is the gender indicator, while
all other words remain unchanged. Our bias evaluation is
based on analyzing distinctions between pairs of generated
images from the triplet {Py, P, P }-

We generate neutral prompts from natural language sen-
tences, consisting of captions from four vision-language
datasets (GCC validation set (Sharma et al. 2018), COCO
(Lin et al. 2014), TextCaps (Sidorov et al. 2020), and
Flickr30k (Young et al. 2014)), as well as a profession
prompt set generated by ChatGPT 3.5 (Brown et al. 2020).2
From the vision-language datasets, we generate neutral
prompts by choosing neutral captions that meet two cri-
teria: (1) they contain the word person or people, and (2)
they do not include other words that indicate humans. To

2 Accessed November 2023.
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Data Triplets Prompts Seeds  Images
GCC (val) 418 1,254 5 6,270
COCO 51,219 153,657 1 153,657
TextCaps 4,041 12,123 1 12,123
Flickr30k 16,507 49,521 1 49,521
Profession 811 2,433 5 12,165

Table 1: Number of generated triplets, prompts, and images
for each dataset.

generate feminine and masculine prompts, we swap per-
son/people in the neutral captions with the gender indica-
tors woman/women and man/men, respectively. For the pro-
fession prompt set, we generate neutral prompts with Chat-
GPT based on professions, such as ecologist or doctor,
across 16 topics. For example, an ecologist studies
the ecosystem in a lush green forest. To create
feminine and masculine prompts, we prepend female/male
before the profession. Further details can be found in the
supplementary materials.

Image generation Given prompt p as input, Stable Dif-
fusion transforms it into a text embedding t in the prompt
space using the text encoder. This text embedding is fed into
the cross-attention module in UNet (Ronneberger, Fischer,
and Brox 2015), which performs the denoising operations
from an initial noise zr in the latent space. After 7' de-
noising steps, the embedding z in the denoising space is
obtained. Finally, image z in the image space is generated
from z, by the image decoder. In this work we evaluate Sta-
ble Diffusion models: v1.4,3 v2.0-base,* and v2.1-base> (de-
noted as SD v1.4, SD v2.0, and SD v2.1, respectively). The
same generation pipeline is used in all the models.

Table 1 reports the details of image generation for each
dataset. The seed is the same within each triplet, ensuring the
same initial noise zp. To address data scarcity in GCC and
Profession sentences, we produce five images per prompt
with five different seeds. In the following, when mentioning
a dataset, we are referring to the generated images whose
prompts originate from the corresponding dataset.

Gender bias definition The interpretation of gender bias
varies across literature, resulting in different work attribut-
ing different meanings to the term. In this paper, we define
gender bias as:

* Within the triplet, images generated from neutral
prompts consistently display greater similarity to those
from either feminine or masculine prompts.

* Specific objects tend to appear more frequently in the
generated images associated with a specific gender.

Whereas objects are not equally distributed in the real
world or across cultures, and recognizing that not all dis-

*https://github.com/Comp Vis/stable-diffusion
“https://huggingface.co/stabilityai/stable-diffusion-2-base
Shttps://huggingface.co/stabilityai/stable-diffusion-2- 1-base



Prompt Denoising Image

Pairs t Zo SSIM t+  Diff. Pix.] ResNett CLIPT DINO?*T split-product 1
SDvl4

(neutral, feminine) 0.909 0.770 0.516 42.61 0.848 0.794 0.543 0.956

(neutral, masculine) 0.931 0.798 0.543 39.34 0.859 0.808 0.576 0.961
SD v2.0

(neutral, feminine) 0.980 0.767 0.543 39.00 0.847 0.797 0.545 0.957

(neutral, masculine) 0.982 0.790 0.571 35.82 0.864 0.817 0.581 0.963
SD v2.1

(neutral, feminine) 0.980 0.755 0.522 41.48 0.842 0.805 0.527 0.952

(neutral, masculine) 0.982 0.782 0.552 37.96 0.856 0.820 0.566 0.959

Table 2: Representational disparities between neutral, feminine, and masculine prompts in GCC in the three spaces on Stable

Diffusion models.

parities regarding genders are inherently problematic (i.e.,
the association of dress with women may not be an issue,
whereas kitchen might), we argue that it is essential to have
a methodology for recognizing and quantifying these dif-
ferences. Our proposed evaluation protocol is not envisaged
to identify objects that perpetuate discrimination and gender
stereotypes but to highlight significant gender disparities,
regardless of whether they are deemed problematic.

We apply our evaluation protocol in three Stable Diffusion
models, and analyze gender bias by addressing our research
questions.

4 Gender Disparities in Neutral Prompts

RQ1 Do images generated from neutral prompts ex-
hibit greater similarity to those generated from masculine
prompts than to images generated from feminine prompts,
and if so, why?

In this section, we address the above research question
through the use of representational disparities.

Representational Disparities

We use representational disparities to analyze how images
generated by different gender indicators compare with re-
spect to neutral prompts. For a given triplet, the analysis
consists on comparing the similarity between neutral em-
beddings and feminine and masculine embeddings. To mea-
sure the extent of gender disparities in the generative pro-
cess, we examine the representational disparities throughout
the entire generation, tracking embeddings from the prompt
space to the denoising space and the image space, offering
insights into when bias is introduced.

Prompt space The prompt space is defined as the space in
which all text embeddings lie. Different points in this space
provide different semantics to the following image genera-
tion process. To measure the disparity between a pair prompt
set P and P’ in the triplet, we compute cosine similarity as
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1
sp(P,P') = ] Z cos(t,t'), (1)

Pi,p}

where | - | is the number of elements in the given set, cos(-, -)
gives cosine similarity, the summation is computed over all
prompts p; from P and p/, from P’.% text embeddings t and
t’ correspond to prompts p; and p/, respectively.

Denoising space The embedding z after the last denois-
ing process lies in the denoising space. Similarly to the
prompt space, we compute cosine similarity as

1
sp(P,P') = ] > cos(zo, zp) (2)

Pi D}
where z and z/, are derived from p; and p!, respectively.

Image space As bias often involves more in the seman-
tics rather than pixel values, we adopt a spectrum of met-
rics computed from the generated images. To measure image
structural differences, we use the average of SSIM scores
over all pixels as one of our disparity metrics SSIM. Addi-
tionally, the ratio of the number of pixels in the contours
with higher SSIM scores is used as another disparity met-
ric Diff. Pix. To quantify differences in higher-level seman-
tics, we apply latent vectors of pre-trained neural networks,
adopting the last fully-connected layer of ResNet-50 (He
et al. 2016), the CLIP image encoder (Radford et al. 2021),
and the last layer of DINO (Caron et al. 2021), referred to
as ResNet, CLIP, and DINO, respectively. For all metrics,
we compute the cosine similarity between the latent vectors
from image pairs as in Eq. 1 and Eq. 2. Additionally, we
adopt split-product (Somepalli et al. 2023), computing the
maximum cosine similarity among corresponding patches
between image pairs.



Pairs GCC COCO TextCaps Flickr30k Profession
SDvl.4
so(Pa,Pr) 0379  0.486 0.413 0.424 0.350
$50(Pa, Pm) 0.414  0.516 0.444 0.457 0.374
SD v2.0
so(Pa,Pr) 0382  0.512 0.420 0.445 0.362
50(Pa, Pm) 0425  0.531 0.448 0.476 0.376
SD v2.1
so(Pa,Pr) 0.380  0.499 0.388 0.426 0.349
50(Pay Pm) 0419  0.522 0.419 0.451 0.382

Table 3: Co-occurrence similarity on Stable Diffusion models.

Results Analysis

By analyzing the representational disparities on (neutral,
feminine) and (neutral, masculine) pairs, we can provide
some answers for RQ1.

In the image space, regardless of whether considering the
entire image holistically (SSIM, Diff. Pix, ResNet, CLIP, and
DINO) or the highest similarity on corresponding patches
(split-product), images generated from neutral prompts con-
sistently demonstrate greater similarity to those from mascu-
line prompts. Results on GCC-derived prompts are shown in
Table 2, whereas results on other datasets and models can be
found in the supplementary material. This trend is consis-
tently observed in all datasets and all models.

Tracing back to the prompt space and denoising space to
explore where and when gender bias emerges in the gener-
ated images, results in Table 2 show that embeddings from
neutral prompts are closer to the embeddings from mascu-
line prompts both in the prompt space and the denoising
space. Although Stable Diffusion models apply different text
encoders (OpenCLIP-ViT/H for SD v2.0 and SD v2.1, while
CLIP ViT-L/14 for SD v1.4), the same trend is observed
across all three models and all datasets. This indicates that
gender bias originates from the text embedding and perpetu-
ates through the generation process, leading to the disparities
observed in the generated images.

5 Influence of Gender in Objects

RQ2 Do object occurrences in images significantly vary
based on the gender specified in the prompt? If there are dif-
ferences, do these object occurrences from neutral prompts
exhibit greater similarity to those from masculine or femi-
nine prompts?

The representational disparities reflect the holistic simi-
larity between gender groups, but they do not convey fine-
grained differences, i.e., why a certain object appears in the
generated image given a gender-specific prompt. In this sec-
tion, we address RQ2 by investigating the relationship be-

SSubscript 7 is the index of the prompt to clarify p; and p) are
corresponding prompts, derived from the same one.
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tween gender and the objects in the generated images. To
do so, we extract objects with a visual grounding model and
study their co-occurrence with each gender.

Detecting Generated Objects

To detect objects in the generated images we use the assem-
bled model RAM-Grounded-SAM. Given a generated im-
age, RAM (Zhang et al. 2023b) predicts plausibly objects,
which are used by Grounded DINO (Liu et al. 2023) to pro-
pose bounding boxes around the candidate objects. Then,
Segment Anything Model (SAM) (Kirillov et al. 2023) ex-
tracts object regions m,, within the bounding box of the ob-
ject o. For each image, a set of object names and a set of
regions are obtained.

Evaluation Metrics

Our evaluation protocol involves measuring the differences
in object co-occurrences for different genders. Let cnt(o, p)
denote the number of occurrences of the object o in the im-
age generated from the prompt p in the prompt set P. The
total number of co-occurrence C(o, P) is given by:

C(o,P) = Z cnt(o, p)

peEP

3)

With the above definition and a set of triplet prompts, we
use the following three methods to evaluate the influence of
gender in the generated objects:

1) Statistical tests We use the chi-square test to check
whether there are statistical differences in the object co-
occurrence among two or three image sets. This test is appli-
cable to the triplet and any pairs in the triplet. If the resulting
p-value is below 0.05, we interpret significant differences in
the object distribution in the pair or triplet.

2) Co-occurrence similarity We compute the similarity
of the co-occurrences of detected objects between two im-
age sets. Formally, let the vector v, denote the object oc-
currences in the image generated from prompt p, and each
element in v, is the occurrence cnt(o, p) for the object o in
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Figure 2: Bias score in Flickr30k. The higher values (in blue)
suggest an object is biased toward masculine prompts, while
lower values (in orange) indicate a preference toward fem-
inine prompts. BS(0) = 0.5 (green line) shows the object
does not skew toward a certain gender. We filter objects if
the maximum co-occurrence is less than 20.

the image. Similarly to Eq. 1 and Eq. 2, we compute cosine
similarity on object co-occurrences as

so(P,P) \’P| Z cos(vy, Vi), )

where prompt sets P and P’ are in the triplet. v; and v
are derived from prompt p; in P and p} in P’, respectively.
A higher co-occurrence similarity means that objects are
detected with the same-level frequency in two image sets,
whereas a low similarity means that objects are detected at
different rates.

3) Bias score Following (Zhao et al. 2017), we compute
the bias score BS(o) for a certain object o as:

C (o, Pm)
C(0, Pm) + 172 ‘lC(o Pr)

BS(0) ranges from 0 to 1, with 1 meaning the object is
skewed towards masculine prompts and 0 towards feminine
prompts. If BS(0) = 0.5, object o does not favor any gender.

BS(o0) = 5

Results Analysis

All the p-values from chi-square tests among the triplets and
pairs are below 10~°, implying significant differences in the
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object distributions of each gender across all datasets and
models. This shows that according to gender, not only the
person in the image may change, but also the objects gener-
ated in the image are statistically different.

To investigate whether the object co-occurrences of neu-
tral images exhibit larger similarity to a certain gender image
set, we compute co-occurrence similarity on pairs (neutral,
feminine) and (neutral, masculine). Results in Table 3 indi-
cate that object co-occurrences in neutral consistently ex-
hibit greater similarity to those in masculine prompts than
in feminine prompts across all datasets and models, corrob-
orating the observations in Section 4. This, again, indicates
that prompts that use gender neutral words tend to gener-
ated objects that are more commonly generated for mascu-
line prompts than for feminine prompts.

Subsequently, we examine specific examples by com-
puting the bias score for each object in the generated im-
ages. Figure 2 shows results on Flickr30k. Results for other
datasets and models can be found in the supplementary ma-
terial. We can observe that objects with higher or lower
bias scores in different versions of Stable Diffusion show
a similar pattern. Thus, we analyze results on SD v2.0
as an example. Notably, clothing exhibits a high bias: for
example suspender(l), fedora(l), and bow tie(l)
lean towards masculine, while veil(0), bikini(0.01),
and shawl(0.02) lean towards feminine. This is not sur-
prising, considering that clothing elements are tradition-
ally gendered. Other than clothing, we find a strong as-
sociation between family(0.11) and chi1d(0.31) with
feminine prompts, potentially associating feminine with
caregiver, while masculine prompts exhibit greater align-
ment with words related to sports such as baseball
team(0.91), skateboarder(0.89), and golfer(0.86),
a phenomenon that has been previously observed in VQA
datasets (Hirota, Nakashima, and Garcia 2022). Another ob-
servation is that feminine prompts also have a high asso-
ciation with food, such as salad(0.22), meal(0.25), and
cotton candy(0.31). Results on other versions of Stable
Diffusion and other datasets show similar trends, and addi-
tionally reveal that businessman tends to be skewed to-
wards masculine whereas kit chenware tends to be asso-
ciated with feminine prompts.

6 Gender in Prompt-Image Dependencies

RQ3 Does the gender in the input prompt influence the
prompt-image dependencies in Stable Diffusion, and if so,
which prompt-image dependencies are more predisposed to
be affected?

To answer to this question, we need to know not only
which objects are generated for each gender but also how
each object is generated in the diffusion process. To do so,
we propose to classify objects into prompt-image depen-
dency groups according to their relationship with the input
prompt and the generated image. First, we conduct an ex-
tended object extraction by detecting not only the objects in
the generated image as in Section 5, but other objects also
involved in the generative process. Then, we classify each
object according to five prompt-image dependency groups,
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blanket
Figure 3: Prompt-image dependency groups.

which allows us to study how gender influences objects ac-
cording to their generative process.

Extended Object Extraction

To detect extended objects involved in the generative pro-
cess, we conduct three extraction processes.

1) Nouns in prompt Prompts, designed by users, are a di-
rect cue of what they wish to see in the generated image. The
generated image, on the other hand, is required to be faith-
ful to the prompt. The first extraction process targets nouns
within the prompt, recognizing their importance in directly
shaping the occurrence of objects in the generated image.
For each prompt, we obtain a noun set including all lemma-
tized nouns n in the prompt by using NLTK (Bird, Klein,
and Loper 2009).

2) Word attention Verifying whether objects in the noun
set are faithfully generated in the image is demanding, as it
requires locating the region where the noun guides. Fortu-
nately, cross-attention has proven to be effective in explor-
ing the word guidance during the generation process (Hertz
et al. 2023; Tang et al. 2023). Our second extraction process
is the word attention masks generated by the cross-attention
module via DAAM (Tang et al. 2023). For each word, we
first compute the normalized attention map,” where a higher
value indicates that the pixel is more associated with the
word. Then, we binarize the attention map with a threshold
0 to obtain a set of masks a,,, responding to the region of an
object specified by the word n. In each prompt, we obtain a
mask set containing the mask a,, for each word n.

3) Visual grounding Nouns and the corresponding object
regions cover only a small subset of objects in the generated

"Details are in the supplementary material, which can be found
in https://arxiv.org/abs/2312.03027.

1654

image; there should be many other objects that are not ex-
plicitly described in the prompt but are still included in the
image to complete the scene. We aim to enumerate as many
objects as possible for comprehensive object-level analysis.
To spot regions of arbitrary objects, the last extraction pro-
cess is the same visual grounding process as in Section 5.

Prompt-Image Dependency Groups

Next, we classify each detected object according to its gen-
erative process. On one hand, the generated image should
align with its prompt, which can be verified using the noun
set and the mask set. On the other hand, the image may have
other visual elements beyond the prompt, listed in the object
set and the object region set. To define prompt-image depen-
dency groups, we consider the dependency among objects,
the noun set, and the mask set based on its membership.

Definition 6.1 (Explicitly). If the object o is in the noun set,
it is explicitly described in the prompt.

Definition 6.2 (Guided). If object region m, sufficiently
overlaps with at least one mask in the mask set, the object
o is guided by cross-attention between the prompt and the
image. Sufficiency is determined by the coverage of object
region m,, by the mask a:
coverage(m,, a) = ———, (6)
where | - | is the number of pixels. Thus, if coverage(m,, a)

is larger than a certain threshold o, the object region m,
sufficiently overlaps with the mask a.

With these definitions, we cluster objects in the ob-
ject set into five groups, as illustrated in Figure 3 with
the example prompt young women having a picnic
at the park during daytime:

Explicitly guided The object is explicitly mentioned in the
prompt and guided by cross-attention. Faithful image
generation may require each noun to be associated with
the corresponding object.

Implicitly guided The object is not explicitly mentioned in
the prompt but guided by cross-attention. The object may
be strongly associated with or pertain to a certain noun
in the noun set, e.g., the object basket for the noun
picnic.

Explicitly independent The object is explicitly mentioned
in the prompt but not guided by cross-attention. e.g.,
park.

Implicitly independent The object is not explicitly men-
tioned in the prompt and not guided by cross-attention.
The object is generated solely based on contextual cues,
€.g., grass.

Hidden The noun has no association with objects in the ob-
ject set, i.e., the noun is not included in the images, e.g.,
daytime.

Figure 3 illustrates the object extraction processes and the
resulting dependency groups. Dependency groups are im-
portant as they depict if an object tends to appear, for exam-
ple, in relation to the prompt (explicitly guided) or just for
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Figure 4: Top-10 most frequent objects in each prompt-image dependency group in GCC on SD v2.0.

filling the scene (implicitly independent). Together with the
gender-specific sets of prompts, they vividly provide essen-
tial insights into how an image generation model behaves for
different genders.

Result Analysis

We denote co-occurrence Cy (o, P) as the number of occur-
rences of object o in each dependency group g. To clarify,
given that there are nouns included in the hidden group,
the computation of occurrence should be adjusted from
Cy(0,P) to Cy(n,P) for n in the hidden group.

Objects in dependency groups To answer RQ3, we first
investigate objects in the prompt-image dependency groups,
aiming to identify which types of objects are generated
under the influence of the prompt, the cross-attention, or
the context of the generated image. As shown in Figure 4,
we look into the prevalent objects within each dependency
group on SD v2.0.3 Although the specific generated objects
align with the prompt’s domain, and their frequencies may
vary across datasets, we observe consistent trends.

Objects in the explicitly guided group include animals and
tangible items commonly encountered in daily life, such as
guitar and umbrella. The implicitly guided group con-
tains objects surrounding human beings, such as clothing
and personal belongings like shirt and microphone.
The explicitly independent group comprises words related
to the surrounding environment, such as park or church.
Objects in the implicitly independent group are typically part
of the background that can be detected, like crowd and
tree, along with attire accompanying individuals. Lastly,
the hidden group comprises words challenging to detect in
images, such as game and day.

Gender and dependency groups Next, we investigate the
relationship between gender and the objects in each prompt-
image dependency group. To discern whether object dif-
ferences are statistically significant, we conduct chi-square
tests” on the object co-occurrence for each dependency
group. While we find significant differences (p-value <
0.05) across all datasets in the implicitly guided and implic-
itly independent groups, we do not find significant differ-
ences in most datasets in the explicitly guided, explicitly in-

8To focus on the differences between generated objects, we re-
move individuals (person, people, women, woman, men, man, fe-
male, male, girl, boy).

Details and results can be found in the supplementary material.

1655

dependent and hidden groups. This suggests that while Sta-
ble Diffusion may consistently generate the nouns explicitly
mentioned in the prompt, it may rely on gender cues for gen-
erating elements that are not specified in the prompt, such as
the background and surroundings of the individuals.

To explore further into the text-image dependencies and
their correlation with gender, we calculate the bias score on
object co-occurrence in the implicitly guided and the im-
plicitly independent groups, both of which exhibit statisti-
cally significant differences. Figure 5 shows the top-10 ob-
jects skewed toward masculine and feminine in TextCaps
and GCC datasets on SD v1.4 and SD v2.0."% We fil-
ter objects if maximum co-occurrence is less than 20 in
TextCaps, and 5 in GCC. We analyze results on SD v2.0
as examples. For the implicitly guided group in TextCaps,
we observe high bias scores for clothing items, such
as cocktail dress(1), suit(l), bow tie(0.98), and
ti1e(0.97) for masculine and ponytail(0.03), dress
(0.09) and boot(0.14) for feminine, aligning with observa-
tions in previous work (Zhang et al. 2023¢). Another promi-
nent observation, consistent with the findings on Flickr30k
in RQ2, is the strong association of child(0.27) with
feminine, and masculine with sports-related terms such
as player(0.8) and football player(0.72). Similar
gendered associations are observed across different datasets
and models. For the implicitly independent group in GCC,
words related to sports such as bodybuilder(l) and
football team(l) are again skewed toward masculine,
while instrument(0.17) and apron(0.33) are skewed
to feminine. There are also disparities in the words indi-
cating backgrounds, such as backdrop(0.15) and dirt
£1e1d(0.17) for feminine and stone building(l) and
tennis court(0.63) for masculine. Other datasets and
models report similar results. Furthermore, it is observed
that smile and flower are skewed towards feminine.

7 Additional Experiments

To further evaluate our protocol, we conduct intro-prompt
evaluation and human evaluation.

Intra-Prompt Evaluation
To eliminate the influence of randomness, we investigate the
research questions using images generated from the same

10Results on other datasets and models are in the supplementary
material.
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Figure 5: Bias score by groups on SD v1.4 and SD v2.0. Top: implicitly guided group in TextCaps on SD v1.4 and SD v2.0.
Bottom: implicitly independent group in GCC on SD v1.4 and SD v2.0.

triplet prompts. We generate a total of 3,000 images on
1,000 seeds with SD v2.0, from triplet prompts derived from
a caption in GCC: “person looks at the falling balloons at
the conclusion”. We use the same settings as conducted in
the experiments above.

For RQI, results provided in the supplementary material
show that neutral is consistently closer to masculine across
all spaces. For RQ2, the chi-square tests on the object occur-
rences among the triplets and every pair within the triplets,
p-value is consistently less than 10~°, indicating statistically
significant differences. For RQ3, the chi-square tests also re-
veal significant differences in the groups implicitly guided
and implicitly independent (p < 10~°). However, we do not
apply chi-square test on explicitly guided, explicitly indepen-
dent, and hidden, as the numbers of objects in these groups
are less than 5. The co-occurrence similarity so(Py, Ps) be-
tween the neutral and feminine is 0.733, while the similar-
ity $o(Pn, Pm) between the neutral and masculine is 0.773.
This indicates that the object co-occurrences in images gen-
erated from neutral prompts are closer to those from mas-
culine prompts than feminine prompts. These findings cor-
respond to the above results.

Human Evaluation

To evaluate the reliability of the visual grounding model,
we randomly select 100 generated images from SD v2.0
along with the nouns from the corresponding prompts
and conduct a human evaluation to determine whether
the nouns are present in the images. The 100 prompts
contain 346 nouns, from which 227 (65.61%) are cor-
rectly identified both by humans and the automated vision
grounding. Out of the remaining 119 nouns, only 8 nouns
are detected by the model but not observed by humans.
These nouns are frisbee(2), women(l), people(l),
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kite(l), scooters(l), tennis(l) and speaker(l).
For the nouns not detected by the model but identified by hu-
mans, the most frequent ones are woman(10), street(7),
people(6), and snowy(4). The absence of the noun
street in the model’s detection might be attributed to
the strict alignment between nouns and objects. Even if
the model successfully identifies st reet scene, the spe-
cific noun street might be placed in one of the implicitly
guided, implicitly independent, or hidden groups. These re-
sults indicate that the visual grounding model has reasonable
accuracy in detecting nouns appearing in the generated im-
ages, though there is still room for improvement on abstract
nouns and scene-level nouns.

8 Recommendations

Our methodology revealed significant disparities in the ob-
jects generated by three Stable Diffusion models according
to the gender in the input prompt. While these discrepancies
may seem harmless, they can potentially reinforce gender
stereotypes. With this in mind, we propose a series of sug-
gested practices aimed at mitigating these concerns, both for
model developers and for users:

Model Developers

Debias text embeddings We have identified that gender
bias originates in the text embedding, with neutral prompts
consistently being more similar to masculine prompts than
to feminine prompts, and propagates through the entire gen-
eration process. Given the documented presence of gender
bias in CLIP (Wolfe et al. 2023; Wolfe and Caliskan 2022b;
Agarwal et al. 2021; Wolfe, Banaji, and Caliskan 2022), it
comes as no surprise that text-to-image generation models
relying on CLIP also exhibit such biases. The first mitiga-
tion technique should focus on debiasing the text embedding



space, aiming for more equitable representations.

Identify problematic representations While some asso-
ciations of certain objects with specific genders may not
immediately raise concerns, others could potentially do so.
Therefore, researchers must meticulously assess these asso-
ciations, taking into account the cultural context in each in-
stance. It is crucial to examine the co-occurrence of objects
across genders and check whether neutral prompts tend to
exhibit a preference toward a particular gender.

Investigate modules that complete the scene Significant
differences were observed in the implicitly generated ob-
jects, underscoring the need to investigate how the model
completes the scene. Future research could explore other
modules, probing fine-grained control over the regions not
guided by the input.

Users

Explicitly specify objects Our results showed that there
are no significant differences in the objects explicitly men-
tioned in the input prompts concerning gender. This sug-
gests that Stable Diffusion models can adhere to the simple
instructions in the prompt regardless of gender. Therefore,
expanding the number of objects in the input could offer
greater control over broader guided regions and potentially
lead to the generation of images with less gender disparity.

Explicitly specify gender Considering that neutral
prompts consistently produced images more similar to those
from masculine prompts, we advise refraining from using
neutral prompts if targeting a balanced distribution across
genders. Instead, using prompts with specified gender
indicators may be more reliable.

9 Limitations

We acknowledge that our proposed evaluation protocol has
limitations, and we emphasize them here for transparency
and to inspire the community to propose enhancements
in future studies. Firstly, our evaluation protocol focuses
on binary genders, neglecting to evaluate gender from a
broader spectrum perspective. To enhance inclusivity, future
research could extend the analysis to encompass a more di-
verse range of genders. Secondly, our protocol relies on a
stringent alignment between nouns and objects, assuming
their identity after lemmatization, which may overlook vari-
ations and synonyms. Thirdly, the objects segmented in vi-
sual grounding may encounter errors, possibly perpetuating
issues in the classified groups. Additionally, if gender bias
exists in the visual grounding model, where certain objects
may be more challenging to detect in specific genders, this
bias could transfer to the final results. Besides, when the ob-
ject comprises more than one word (e.g., “picnic basket”),
each noun in the phrase has its own word attention rather
than being considered as a single entity. Last but not least,
our study only examines the presence of objects not differ-
entiating with distinct attributes, such as color or shape.
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10 Conclusion

We introduced an automated evaluation protocol to study
gender bias in image generation by probing the internal com-
ponents of Stable Diffusion models. We investigated both
representational disparities and prompt-image dependencies
to uncover the origin of bias and how it manipulated im-
age generation. Through the generation of free-form triplet
prompts with only gender indicators differing, our findings
indicate that:

1. Prompts that use neutral words to refer to people (a
person in a park) consistently yield images more
similar to the ones generated from prompts with mascu-
line words (a man in a park) than from prompts
with feminine words (a woman in a park).

2. There are statistically significant differences in the type
of objects generated in the image based on the gender
indicators in the prompt.

3. The frequency of objects generated explicitly from
prompts exhibit similar behavior for different genders.

. Objects not explicitly mentioned in the prompt exhibit
significant differences for each gender.

5. We particularly observed significant statistical disparities
in generated objects based on gender in items related
to clothing and traditional gender roles such as sports,
which are highly skewed towards images generated from
masculine prompts, and food, which are skewed towards
images generated from feminine prompts.

Based on these observations, we provided recommenda-
tions for developers and users to reduce such representa-
tional disparities and gender bias in the generated images.
We hope these insights contribute to underscoring the nu-
anced dynamics of gender bias in image generation, offer-
ing a new and valuable perspective to the growing body of
research on this topic.
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