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Abstract

Text-to-image (121) generative models can create vivid, re-
alistic images from textual descriptions. As these models
proliferate, they expose new concerns about their ability to
represent diverse demographic groups, propagate stereo-
types, and efface minority populations. Despite growing
attention to the “safe” and “responsible” design of artifi-
cial intelligence (Al), there is no established methodology to
systematically measure and control representational harms
in image generation. This paper introduces a novel frame-
work to measure the representation of intersectional groups
in images generated by T2I models by applying the Multi-
Group Proportional Representation (MPR) metric. MPR
evaluates the worst-case deviation of representation statis-
tics across given population groups in images produced by a
generative model, allowing for flexible and context-specific
measurements based on user requirements. We also develop
an algorithm to optimize T2I models for this metric. Through
experiments, we demonstrate that MPR can effectively mea-
sure representation statistics across multiple intersectional
groups and, when used as a training objective, can guide
models toward a more balanced generation across demo-
graphic groups while maintaining generation quality. '

1. Introduction

Recent text-to-image (T2I) generative models, such as
Google Gemini [25], DALL-E [56], Midjourney [45], Adobe
Firefly [8] and Stable Diffusion [58], have pushed the bound-
aries of creativity with Al, offering new possibilities in fields
ranging from digital art to product design. However, as
these technologies become more prevalent, there has been a
surge in concerns about their portrayal of diverse population
groups [11], their potential biases [16], and their ability to
promote stereotypes [21, 42]. A notable example is the con-
troversy surrounding Google’s Gemini Al, which produced

I'The code is available at https:/github.com/sangwon-jung94/mpr-t2i
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historically inaccurate images [57] and received significant
attention in the press [55].

The challenge of achieving fair representation in genera-
tive Al requires, first and foremost, a precise methodology
for measuring representation. However, current approaches
that assess representation in T2I models face several limi-
tations surrounding how they define and measure represen-
tational fairness [63]. Most studies [16, 23, 64] focus on a
single axis of outward-facing identity representation, such
as gender, overlooking the complex interplay of multiple
identity factors. While some research attempts to consider
multiple axes of representation, e.g., [11, 59, 65, 66], there
is a lack of systematic measurement methods, particularly
for intersectional groups. Determining appropriate repre-
sentation goals is also challenging. Recent frameworks like
BIGbench [40] and OpenBias [19] have proposed more sys-
tematic approaches to evaluate bias in text-to-image models
by leveraging multi-modal LLMs. However, these methods
still lack a theoretically grounded framework for measuring
representational fairness across intersectional groups and
optimizing generative models accordingly.

Our proposed framework addresses these limitations by
providing a unified mathematical framework that can mea-
sure and mitigate representational harm. For instance, some-
times we may want equal representation (such as generating
images of a CEO with equal gender representation), and
in others, we may care about reflecting some real-world or
historically accurate distribution of identities (such as not
generating racially diverse 1943 German soldiers as done
by Gemini [57]). In this work, we apply a metric to T21
models that can address both of these needs and allow us
to improve representation in image generation. Our ap-
proach represents the comprehensive framework that can
flexibly evaluate representation across various complexities
of intersectional groups while being adaptable enough to
accommodate both equal and proportional representation
goals, providing a principled foundation for measuring and
mitigating representational harm in T2I systems. Indeed, we
empirically show that optimizing a generative image model
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Figure 1. Overview of the Multi-Group Proportional Representation (MPR) framework for evaluating text-to-image generators. Given a
prompt (e.g., “CEQO”), the framework compares the distribution of demographic attributes (such as gender and race) between generated
images and a reference dataset or target statistics. MPR measures the maximum deviation in representation across multiple intersectional
groups, enabling systematic quantification of representational biases in generated images.

with MPR improves the representation of its generations
(Fig. 1).

This paper contributes to the field of fairness in generative
Al by introducing the use of Multi-group Proportional Rep-
resentation (MPR), initially proposed for retrieval tasks [48],
as a general metric for measuring and improving represen-
tation in T2I models. This extension provides a robust and
flexible approach to quantifying fair proportional represen-
tation with respect to general computationally-identifiable
groups. Importantly, our proposed MPR metric can be eas-
ily adjusted to accommodate complex or newly emerging
definitions of group identity, making it a versatile tool for
measuring representational harm in T2I models that can nav-
igate the aforementioned tensions between factuality and
representation. Our main contributions are as follows:

* We introduce the Multi-Group Proportional Represen-
tation (MPR) metric, providing the first theoretically
grounded framework for measuring and optimizing for
representational fairness in T2I models. While MPR was
originally proposed for retrieval tasks, we show how it can
effectively capture intersectional representation in gener-
ated content with remarkable flexibility in handling differ-
ent demographic attributes, group definitions, and fairness
criteria.

* We demonstrate the scalability and effectiveness of MPR
through experiments with state-of-the-art T2I models,
showcasing its ability to capture biases related to various
facets of identity. In particular, we use MPR to identify crit-
ical representation gaps for popular models in professional
representation, trait attribution, and disability portrayal.
We additionally show that MPR scales to a large set of
attributes and adapts to query-contextual representation
evaluation.

* We demonstrate how MPR can be used as a training objec-
tive to optimize T2I models for fair representation. Our
experiments show that MPR-based fine-tuning achieves a
more balanced demographic representation than existing
debiasing methods while maintaining image quality and
semantic accuracy.

The paper is organized as follows. In Section 2, we
present a comprehensive analysis of related work. In Section
3, we introduce MPR and discuss its theoretical properties in
a generative context, including its ability to capture nuanced
representational harm of intersectional groups. In Section 4,
through extensive experiments, we demonstrate the practical
effectiveness of MPR in capturing representational harm
across various demographic groups and their intersectional
identities. In Section 5, we illustrate how MPR can be used
to fine-tune a text-to-image generation model to mitigate the
harm.

2. Related Work

Representational harm in T2I systems. Recent research
has highlighted key areas where T2I generation systems
exhibit representational harm across various societal and de-
mographic factors. One prominent area of concern is the rep-
resentation of professions. Multiple studies have identified
significant issues in how these systems depict various occu-
pations, particularly related to gender [23, 31, 49], race [39],
skin-tone [16, 66] or age [59, 66]. Some studies have shown
that these issues extend to traits described by adjectives (e.g.,
“poor”) and certain nouns (e.g., “thug”) [11, 22]. Research
has also identified unfair representation in disability [42]
— including emotional expression and representation of ob-
jects like wheelchairs — and socioeconomic representation,
where certain economic conditions are disproportionately
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associated with specific groups [11, 21]. With an increasing
understanding of the wide range of unfairness potentially
present in T2I generation systems, [15] proposes a method
to automate unfairness identification and dynamically gener-
ates potential areas of unfairness risk based on the prompt
used to generate an image.

Fairness metrics and evaluation methods. Prior bias
evaluation approaches in T2I models have various limita-
tions, such as using qualitative evaluations with humans to
assess the presence and impact of biases [9]. When exam-
ining a single type of bias, researchers often use a uniform
distribution (e.g., each group represented equally) as a refer-
ence point for comparison [9, 16]. This approach provides a
baseline against which deviations can be measured, helping
to identify specific biases within the model outputs. How-
ever, the complexity of bias necessitates the consideration of
multiple aspects simultaneously, as demonstrated in several
studies [11, 39, 50, 59, 66]. Notably, quantitative metrics
for assessing bias in intersectional groups remain limited,
with only a few metrics currently available [20, 40, 59, 66].
However, these metrics lack a systematic framework for
determining the level of granularity of intersectionality in
measuring representation and for selecting appropriate rep-
resentation targets.

Bias mitigation strategies. Recent research has explored
various approaches to mitigate bias in T2I models. Ethi-
cal statement prompting [9] employs post-processing and
manual prompt tuning by appending statements like “if all
individuals can be a lawyer irrespective of their gender” to
prompts. [23] introduced FairDiffusion, a post-processing
method that modifies text guidance using a lookup table to
add text guidance vectors of minor groups while subtracting
those of major groups. DebiasVL [18], TIME [49] and UCE
[24] utilize linear projections to filter out identity-related
information from text embedding vectors. [37] developed
FairMapping, another post-processing method using linear
projection of text embedding vectors. [31] explored soft
prompt tuning as an efficient training method for debiasing.
More recently, some works proposed more sophisticated
methods for debiasing by adjusting features fed into atten-
tion modules [51, 65], utilizing reinforcement learning [44]
or optimal transport-based regularization [59]. [38] tilted the
distribution of training and generated data through a pseudo-
density to adjust the fidelity and diversity of generative mod-
els. While not specifically focused on T2I systems, [33]
introduced DSM, an in-processing re-weighting learning
scheme optimized for diffusion models, and [17] developed
FairSwitch, a post-processing method that modifies samples
in the middle of the backward process of diffusion models.
Finally, [67] propose a method in predictive settings to scale
fair learning to large numbers of intersectional groups using
knowledge distillation.

3. Multi-group Proportional Representation in
Image Generation

Our goal is to generate images that are accurate with respect
to a given prompt while being representative across various
intersectional population groups in a given social or histori-
cal context. As mentioned in the Introduction, we draw upon
the MPR metric, first introduced in retrieval systems [48],
and extend it to a T2I generation. The formal definition is
provided in Definition 1.

Definition 1. Let X, € R? for some d < oo be the random
variable representing a generated image from a text-to-image
generative model, with a distribution Gy, conditioned on
a given prompt ¢. Let X,, € R be the random variable
representing an image from a reference population with a
distribution R. For a bounded class of functions C, where
¢ : R4 — R for each ¢ € C, the MPR metric is defined as:

MPR(C. Gy, B) £ sup [E, [(X,)] ~ Erle(X,)]|. (1)

For X, and X, in (1), one can use the direct pixel values,
d-dimensional vector embeddings of the respective images,
or attribute vectors indicating the sample’s group member-
ship with respect to the sensitive attributes being considered.
In this work, we opt for the attribute vectors to conduct
experiments with reduced noise in the data.

We note that MPR has appeared in different contexts un-
der different names, e.g., it is also called the maximum mean
discrepancy (MMD) [12, 26] of a selected set of representa-
tion statistics determined by C, with respect to the generative
and reference distributions. It can be seen as a special case
of integral probability metrics (IPM) [47, 53, 61]. In fairness
literature, MPR builds off of work in multicalibration [28]
and multiaccuracy [32] for multi-group fair classification.

The MPR metric is a generalization of many of the rep-
resentational fairness metrics for image generation used in
prior studies. For instance, by selecting 1) X, X,. € {0,1}
as the binary membership in a single group type, such as
gender or race, 2) uniformly distributed R over {0, 1}, and
3) C = {co,c1}, where co(X) = 1yx—o} and ¢1(X) =
1;x—1 with 1(-) denoting the identity function, MPR com-
putes the maximum difference between the probabilities
across groups, as done in [23, 24]. Similarly, when X, X,.
are vectors representing membership in multiple groups, and
C corresponds to a set of full-depth decision trees, MPR
measures unfairness across all possible intersectional groups
as in [59, 66].

The key advantage of MPR over the existing metrics lies
in its flexibility regarding the choice of reference distribution
and function class C. By employing context-aware reference
distributions that adapt to the prompt, MPR can address the
diversity versus prompt relevance tradeoff encountered pre-
viously by Gemini [57]. For example, if the prompt is “an
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image of a 2022 FIFA World Cup athlete”, a representation
metric should not penalize the system for failing to generate
images of female athletes, as this aligns with the real-world
context of events that took place in 2022. To achieve this, we
can measure MPR against a reference distribution R, condi-
tioned on the prompt, ensuring that the evaluation focuses
only on a contextual and relevant reference distribution.
Additionally, MPR allows control over the granularity
of representational difference measurements by adjusting
the complexity of the function class. Some users may pre-
fer to measure deviations between generated and reference
distributions with high precision, using complex function
classes like full-depth decision trees or deep neural networks.
However, as the number of group attributes grows or when
continuous embedding vectors are involved, it may become
necessary to reduce the complexity. For instance, as in
[46], considering 27 group attributes results in over 7 bil-
lion intersectional groups, requiring a number of samples
on the order of the human population to measure represen-
tation effectively. This makes it impractical to accurately
measure the degree of unfairness at the finest granularity
of intersectionality. In such cases, MPR can navigate the
intersectionality-complexity tradeoff by using simpler func-
tion classes, like linear classifiers or low-depth decision trees.
A more detailed mathematical discussion on the impact of
function complexity on MPR is provided in Section 3.

Remark 1. A main challenge in the MPR framework is
determining the reference distribution R. Ideally, R should
be well-balanced across intersectional groups, representing a
diverse population. Since such complex distributions rarely
have been known in straightforward analytic forms, we ap-
proximate R by randomly sampling from a curated dataset
D that has ideal representation statistics. An example of D
is the FairFace dataset [30], which is specifically designed
to be balanced across race, gender, and age groups. We
could also imagine sampling individuals according to the
Census data of a given country, such as US Bureau of La-
bor Statistics [6] data, as well as demographic information
from other relevant international institutes and entities, such
as the United Nations Population Division [1], the World
Bank [7], Eurostat [3], ILOSTAT [4], or the Organisation for
Economic Co-operation and Development (OECD) [5]. In
Section 4, we discuss how we select D in our experiments.

3.1. MPR with Empirical Distributions

We approximate MPR in (1) with empirical distributions, by
generating k images from G4, and sampling m images from
a reference dataset with distribution R:

where G = {27} | and R= {7}, are the generated
and reference samples used to approx1mate G4 and R. To
quantify the closeness between the true MPR deﬁned in (1)
and its empirical approximation in (2), we derive bounds for
the approximation error in Proposition 1.

Proposition 1 (Generalization Gap of MPR). For any given
prompt g, let G and I be the sets of generated and reference
samples used to approximate G, and R, respectively. Then,
for any bounded class of functions C and any 6 > 0,

MPR(C, Gy, R) — MPR(C, G, R)]

log (3)

< ~
<2Rq 2(k+m)

L) +2RR(C) + B (3)

with probability at least 1 —J, where B = sup cec |e(X)—
X#X'

¢(X")| and R 4(C) is the Rademacher complexity of C rela-
tive to the set A.

Proposition | reveals the fundamental trade-off among
three key factors: the approximation error, the sample sizes
of G4 and R, and the complexity of function class C. The ap-
proximation error decreases as we reduce the complexity of
C and increase the sample sizes of G and R. While Proposi-
tion 1 offers guidance for selecting appropriate sample sizes
to achieve a target error threshold with a fixed C, we extend
our analysis in two directions. First, we present empirical re-
sults in Section D.2 that demonstrate how the approximation
error varies with the complexity of C. Second, we discuss
practical heuristics for optimal selection of k£ and m in Sec-
tion E. Beyond representational harm related to gender, age,
and race, there are also unfairness tied to factors like dis-
abilities, emotions, and image-backgrounds, as qualitatively
discussed by [11, 42]. Increasing the complexity of function
class C enables MPR to capture and measure these subtle
representational disparities with greater precision. Guided
by Proposition 1, we can methodically determine the sam-
ple sizes needed to achieve desired measurement accuracy
for a given complexity of C. This approach allows MPR to
reliably quantify both conventional demographic and more
nuanced representational disparities.

Thus far, we have considered MPR for a single prompt-
conditioned generative distribution, G,. Next, we approxi-
mate the average MPR of the T2I generation model over the
entire prompt space by leveraging an empirical distribution
of sampled prompts. Proposition 2 provides a bound on
the difference between the empirical mean of MPR across
N prompts and the true expected MPR, ensuring that MPR
generalizes to new, unseen prompts.

Proposition 2 (Generalization of MPR over all Prompts).
Let P denote the distribution of prompts, and {¢1,...,qn}
denote a set of independent prompts sampled from P. Then,
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forall e > 0,
1 & o~
~ > MPR(C,Gy,.R)~Eq~p[MPR(C,Gq,R)]

P( Ze)
i=1
2N 2(k
< exp <_68> + exp (_(;;7”) (% - 2)\)) “4)

where k and m are the numbers of generated and reference
samples used in the calculation of MPR(C, Gy, R), @ is
the random variable representing a prompt, @@ ~ P, and
A = Supg..p R@Q (C)+Rz(C).

3.2. MPR computation according to C

In this paper, we consider two main classes of functions to
describe sensitive intersectional groups: 1) bounded linear
functions and 2) binary decision trees. The following results
characterize MPR for each function class.

Proposition 3. For the class of bounded linear functions,
C={c:wlz|weR |w|| <1},

~ 5 1
MPR(C,Gq7R) - m

a'xXx7Ta, 3)
in which, @ € R**™ has i-th entry given by a; = ]]-igk% —
Lism= and X € R+m)*d is a matrix with its first k rows
representing the generated images {z/ k_, and the last m
rows representing the reference images sampled {27 } 77 ;.

Next, we present the closed form of MPR with binary
decision trees. In this case, we assume z7, 27 € {—1,+1}"
to be feature vectors denoting the respective sample’s group
membership (binary) in n sensitive attributes. For example,
if n = 2 with the corresponding sensitive attributes being
race and gender, an image of a person belonging to race 1
and gender 1 is denoted by the vector z = [+1, +1].

Proposition 4. For the class of binary decision trees of depth
¢<n,whereC = {c: {-1,+1}" — {—-1,+1}},

~

MPR(C, Gy, R) = 2TV(GL, R")  (6)

max
[C{1,2,ccin}, [ |=¢

where G(II and R! are the marginal distributions correspond-

ing to @q and R over the attributes in set I, and TV(A, B)
denotes the total variation between distributions A and B.

4. Quantitative Assessment of Representational
Harm Using MPR

We investigate representational harms inherent in various
T2I models using the MPR metric. Unlike previous studies,
e.g., [16, 23, 59], which primarily focused on single-group
such as occupational stereotypes, we extend the analysis to
multiple demographic groups and quantify representational
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Figure 2. MPRs according to C' and group attributes when
applying existing bsaeline methods to mitigate unfairness of
SD v1.4 for “CEO”. DT represents decision trees, and the number
following it indicates its depth. The text under DT refers to the
group attributes used.

harms related to traits and disabilities, which were qualita-
tively studied in the previous works [11, 42].

Experimental setup. For each concept under investiga-
tion, we generate a set of images using prompts such as “a
portrait photo of a {concept}”. The MPR metric is then
calculated to assess how biased a T2I model’s representation
is relative to a reference dataset in terms of multiple groups.
We generate 1,000 images for each experiment and use boot-
strapping with 1,000 resamples with replacement, performed
100 times, to compute the average MPR and its standard
deviation. Unless specified otherwise, we use the Fairface
[30] test dataset as our reference dataset, which is carefully
designed to be balanced for gender, age, and race. The group
labels of images for gender, age, and race are obtained by
linear classifiers probed on CLIP embedding space with Fair-
face’. When using decision trees as C, the outputs of these
classifiers are encoded as one-hot vectors, i.e., binary vectors
where all elements are 0 except for one element, which is 1.
We utilize three open-source T2I models, including Stable
Diffusion v1.4 [58], Stable Diffusion v2.1 [62], and SDXL
[54]. We report MPR values for several intervention meth-
ods: the baseline models without any intervention (denoted
here as Vanilla), Entigen [9], FairDiffusion [23], ITI-GEN
[66], UCE [24]. Unless otherwise specified, all baselines
are adjusted to mitigate representational harm based on the
reference used by MPR. UCE, Entigen, and FairDiffusion
are implemented to address the unfairness only for gender,
while ITI-GEN considers intersectional groups regarding
gender, age, and race. The other implementation details are
in Section C.

2We note a body of work discussing the ethics of predicting sensitive
attributes [27], but do not presume to address this issue here.
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Table 1. MPR results for several traits. Every MPR is obtained with groups of “Gender”, “Age” and “Race” and decision trees. The
splits highlighted in bold font indicate those used in the decision trees with a depth of 1. The number in parenthesis represents the standard

deviation estimated from bootstrapping the generated images.

Attractive Emotional Exotic Poor Terrorist Thug
SD vi4 DT(d = 1) 0.67(£0.01) 0.46 (+0.01) 0.39 (£0.01) 0.53 (£0.01) 0.47 (£0.00) 0.81 (40.01)
7 DT(d =3) 0.72(4£0.01) 0.62 (£0.01) 0.59 (£0.01) 0.55(£0.01) 0.61 (£0.00) 0.84 (+0.01)
SDv2.1 DT(d = 1) 0.66(%0.01) 0.52(40.01) 0.30 (£0.01) 0.50 (£0.00) 0.48 (£0.01) 0.47 (+0.01)
DT(d = 3) 0.71(£0.01) 0.53(40.01) 0.41 (£0.02) 0.60 (£0.01) 0.79 (£0.01) 0.60 (£0.01)
SDXL DT(d = 1) 0.73(£0.01) 0.51(40.02) 0.43 (£0.01) 0.53 (£0.01) 0.47 (£0.00) 0.72 (£0.01)
DT(d = 3) 0.77(£0.01) 0.55(40.01) 0.56 (£0.01) 0.56 (£0.01) 0.79 (£0.01) 0.80 (£0.01)
. 7 Oold Male old Male Male Male
Splits ngDle(j =3) Southeast Asian ~ White Black ol Black old
! White Latino Indian Indian East Asian Black
. Male Old Old old Male Male
Splits ‘ngDTz(‘li =3) old EastAsian  Indian Indian Indian Black
Ve White White Latino White Middle Eastern Latino
- . Male Oold Male Male Male Male
Splits "gg;(Ld =3) old East Asian Age oud Indian old
‘White White White Black Middle Eastern Black

4.1. Application of MPR across diverse scenarios

MPRs for profession representation. Our MPR frame-
work can adapt to a variety of scenarios, which differ in
which groups are focused on and how fine-grained inter-
sectional groups should be considered. To emulate these
situations, we apply MPR while increasing the number of
groups considered — starting with gender and then adding
age and race — and simultaneously increasing the depth of
the decision tree classifiers.

Fig. 2 shows the MPR values for images generated by
the vanilla SD v1.4 model and baseline methods for the
prompts using “CEO”. From the figure, we observe that
as the number of group attributes and the depth of the de-
cision trees (i.e., the complexity of the function class C)
increase, the MPR value increases. This is because MPR
identifies the most over- or under-represented group from the
reference population over larger C. MPR exposes critical
limitations in existing harm mitigation methods that were
specifically developed to address gender disparity. While
FairDiffusion, UCE, and Entigen demonstrate effective dis-
parity reduction in their intended domain of gender fairness,
their performance deteriorates significantly when consider-
ing intersectional attributes of age and race simultaneously.
When considering race together, UCE’s performance even
falls below that of the vanilla model, highlighting the chal-
lenges of addressing multiple dimensions of representational
harm beyond their original gender-focused design. These
quantitative findings are visually corroborated by generated
examples shown in Fig. 8 and 9. For a comprehensive
analysis across a wider range of occupations, we present
additional MPR results in Section 5.

MPRs for trait representation. MPR can calculate repre-
sentational harm for any query, given the group estimation

Table 2. MPRs for disability representation. WC is short for a
wheelchair user.

MPR Splits
spui4 DT@=1) 053001 White
4 DT(d=2) 054(+£0.02) WC/White
spvai DT@=D) 050001 WC
1 Dr(d=2) 054(£001) WC/Asian
DT(d=1) 055(£001) WC
SDXL " pT(d=2) 061 (£001) WC/Black

method for images. Specifically, we investigate the unfair-
ness in intersectional groups for six human-related traits
—“attractive”, “emotional”, “exotic”, “poor”, “terrorist” and
“thug” — which were only qualitatively assessed in the previ-
ous research [11]°. Table 1 quantitatively presents the extent
of intersectional group unfairness for these traits using MPR
values across the three T2I models, considering gender, age,
and race groups. We also report the features used as splits
in the decision trees selected to compute MPR, showing
that using decision trees provides interpretable results. It
shows that all three models exhibit large MPR values for
each trait, showing a significant degree of unfairness. Im-
portantly, as shown in the results for the “exotic” trait, we
can measure more severe unfairness when considering more
fine-grained intersectional groups. Finally, the splits used in
the decision trees allow us to interpret which aspects of the
T2I models exhibit the most unfairness. For example, in the
cases of “attractive” and “terrorist”, the splits mainly involve
“White” and “Middle Eastern” groups, which align with the
qualitative findings from [11].

3Here we used the same prompt of “the portrait photo of a {concept}”
person as [11].

23749



Table 3. Query-Contextual MPR. Balanced (left) and contextual
(right) reference set. MPR is calculated with the decision trees with
a depth of 1 and “gender” as a sensitive attribute.

Reference Equal Google Images
SDvl.4 0.40 (£0.01)  0.69 (£ 0.01)
FairDiffusion [23]  0.03 (£ 0.01)  0.32 (£ 0.01)

MPRs for disability representation. The MPR frame-
work’s flexibility in accommodating different group estima-
tors and reference datasets enables us to quantify diverse
forms of representational harm, extending beyond traditional
demographic categories like gender, age, and race to include
more nuanced social dimensions. A compelling example of
such subtle harm emerges in the context of disability repre-
sentation, which Mack et al. [42] explored in their analysis
of images generated from the prompt "a photo of a person
with a disability"”. Their work revealed a concerning pat-
tern where generated images disproportionately depicted
wheelchair users while underrepresenting individuals with
visual, auditory, or cognitive disabilities. Building upon their
qualitative observations, we provide a qualitative analysis
using MPR. Our study focuses on the overrepresentation of
mobility disabilities and its intersection with racial dispar-
ity. We use reference statistics from the U.S. Centers for
Disease Control and Prevention (CDC) [2], which provide
detailed data on the intersectional distribution of race and
disability types. For tractability, we group the disability into
mobility disabilities (represented by wheelchair users) and
non-mobility disabilities (encompassing cognitive, visual,
and auditory impairments), and consider four major racial
groups: White, Black, Asian, and Latino populations. To de-
tect wheelchair presence in generated images, we employ the
BLIP2 Visual Question Answering (VQA) system with the
query “What objects are in the image?”, deriving pseudo-
labels from its responses. Table 2 presents MPR values
and their corresponding decision tree splits at depths 1 and
2. The analysis demonstrates that the three T2I models ex-
hibit compounded bias: not only do they disproportionately
generate images of wheelchair users over other forms of
disability, but they also show substantial racial skew within
these representations. This is visually substantiated in Fig-
ure 10, where the SD v1.4 model frequently depicts white
wheelchair users.

4.2. Use cases unlocked by MPR

The formulation of MPR and choice of C allows MPR to
be used in settings where prior fairness metrics are unable
to measure bias or fail to accurately capture the nuances
of representation. We demonstrate a use case for querying
a reference dataset to handle specific social and historical
contexts and then discuss the benefits of exploring a general
class of functions C.

MPR is prompt contextual. MPR’s flexibility extends to
evaluating prompt-specific representational requirements, as

Figure 3. Left: A random sample of the top 100 Google Images
results for “A photo of a computer programmer for the ENIAC”.
Right: Sample generated images by SD 1.4 for the same prompt.

demonstrated through our analysis of the prompt "A photo
of a computer programmer for the ENIAC." It is well-known
that early computer programming pioneers were predomi-
nantly women, with six women programmers specifically
responsible for the ENIAC [10, 35]. Given this historical
context, accurate image generation should exclusively depict
women programmers. To establish a reference distribution,
we analyzed the top 100 Google image search results for this
prompt, which mostly showed women programmers (Fig. 3,
left). Table 3 presents MPR measurements comparing vari-
ous model generations against two reference points: an equal
gender distribution and the historically accurate women-only
representation derived from our Google image search query.
The results reveal two distinct representational harms: First,
the vanilla model strongly over-represents male program-
mers (Fig. 3, right), diverging from both equal representation
and historical accuracy. Second, while a fair generative base-
line (i.e., FairDiffusion) achieve gender parity, they fall short
of capturing the historically appropriate representation of ex-
clusively women programmers. This analysis demonstrates
MPR’s capability to identify not only deviations from equal
representation but also failures to preserve important histori-
cal context. The results of other baselines are described in
Section D.3 in the supplementary material.

MPR can scale to a large set of attributes. Balancing rep-
resentation for each identity combination leads to computa-
tional complexity that grows exponentially with the number
of attribute categories to account for all possible intersec-
tional groups. In contrast, MPR’s function class C can effi-
ciently process attribute vectors of arbitrary dimensionality,
enabling the measurement of complex, high-dimensional
representational patterns. This capability is particularly rele-
vant given recent developments like the multifaceted identity
embedding framework introduced in [60]. MPR can evaluate
representational fairness over such rich embeddings without
incurring additional computational overhead, though we note
that the specific embeddings from [60] remain proprietary
and were not available for our experimental validation.

5. Fine-tuning T2I models for MPR

We propose a fine-tuning method to reduce representational
harm in T2I models in terms of MPR. Given a reference
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dataset, we can improve MPR of a T2I model by utilizing
Equation (2) as an objective function. However, minimizing
this function directly via gradient descent is non-trivial for
two main reasons: (1) estimating MPR requires generating
a large number of images, which would result in signifi-
cant computational overhead if done at every update, and
(2) conducting gradient descent is challenging because of
the supremum operation in (2). At each iteration, we can
compute the ¢* which maximizes MPR for a specific set
of generated images using Props. 3 and 4. However, we
observed that just updating the model to reduce MPR for the
current ¢* may not reduce it over the full set of functions (the
supremum). For example, the model may first optimize gen-
der representation, then switch to race representation, and in
doing so lose the progress it gained on gender representation.
To address the aforementioned issues, we store generated im-
ages and the c¢* functions into buffers at each update. Then,
we approximate MPR in every update step using the buffers
together with the newly generated images and computed c*.
By doing so, we can avoid the need to generate a large num-
ber of images per iteration and address the supremum. The
buffers are updated in a First-In-First-Out (FIFO) manner,
constrained by predefined sizes. Additionally, minimizing
only Equation (2) could cause the finetuned model 6, at iter-
ation t to deviate excessively from the pre-trained model 6y,
potentially degrading image generation quality. To prevent
this, we incorporate regularization terms based on the CLIP
and DINO models, as proposed in [59]. Our final objective
function is ﬁobj (9,5) = EMPR(Ot) + )\ﬁimg(gt)a where

Lypr (04) = Z |% Z c(z;) — % Z C(Ij)|a
ceC z;€G z; €D
1 N

Limg(6:) = ¥ Z [(1 — cos(CLIP(x;), CLIP(0;))

+(1- cos(DINO(zi),DINO(oi)))} .

Here, A is a hyperparameter for the regularization terms,
x;,0; are samples generated from 6;, 6y respectively, and
G and C contain generated images and ¢ functions ob-
tained from the current and previous updates. We adopt
the gradient-adjusting technique [59] to prevent gradient ex-
plosion and utilize LoRA [29] for computationally efficient
learning. Our fine-tuning method is detailed in Alg. 1.

Performance comparison. We validate the effectiveness
of our method by examining its ability to improve MPR
values for the occupation representation. Specifically, we
applied our method and existing baseline methods for seven
professions (chef, therapist, taxi driver, flight attendant,
housekeeper, nurse) that were qualitatively assessed in [11].
We evaluated all methods in terms of representational harm

Table 4. Performance comparison. (G) and (GAR) indicate the
group attributes considered: gender, or gender, age, and race, re-
spectively. The reported MPR values and CLIP scores are averages
across seven professions (chef, therapist, taxi driver, flight atten-
dant, housekeeper, nurse).

MPR (G) MPR (GAR)  CLIP score
Vanilla 118 (£0.02)  1.89(£0.02)  0.31 (£0.01)
Entigen [9] 1.05 (£0.03)  1.61(£0.03)  0.30 (£0.01)
FairDiffusion [23] 027 (£0.04)  1.32(£0.02)  0.31 (£0.02)
UCE [24] 0.80 (£0.05)  1.56(0.04)  0.31 (£0.01)
ITI-GEN [66] 0.13 (£0.04) 044 (£0.02)  0.28 (£0.03)
Ours 0.08 (£0.05)  0.25(£0.03)  0.30 (£0.01)

and image quality using two types of MPR values and the
CLIP similarity between the occupation prompts and the
generated images. To ensure a fair comparison, all baseline
methods were also adapted to use statistics derived from the
reference dataset.

Table 4 demonstrates that methods like FairDiffusion and
UCE, which focus solely on a single group attribute (gender),
perform poorly when the MPR metric considers multiple at-
tributes (gender, age, and race). Although ITI-GEN achieves
reasonable performance on both MPR metrics, its lack of
consideration for image quality results in slightly degraded
CLIP scores. In contrast, our method achieves the best per-
formance across both types of MPR while maintaining robust
CLIP scores, ensuring high image quality. The details of
our method implementation are provided in Section C in the
supplementary material.

6. Concluding Remarks and Limitations

We introduced Multi-Group Proportional Representation
(MPR) as a comprehensive framework for measuring repre-
sentational harm in text-to-image generative models. Unlike
existing methods that often focus on a single or limited num-
ber of sensitive attributes, MPR supports harm measurement
with respect to arbitrary sensitive attributes and their inter-
sections. Through extensive experiments, we quantitatively
measured significant representational disparities across pro-
fessions, traits, and disabilities that prior works addressed
only qualitatively. Additionally, we demonstrate that using
MPR as an optimization objective during model fine-tuning
effectively reduces intersectional disparities while maintain-
ing image quality. While important challenges remain, in-
cluding the need for robust attribute estimation methods and
context-appropriate reference distributions, our work pro-
vides a systematic approach to measuring and mitigating
representational harms. As text-to-image models become in-
creasingly prevalent, frameworks like MPR will be crucial to
ensuring that these systems serve and represent all members
of society equitably.
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