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Abstract

With the growing adoption of Text-to-Image (TTI)
systems, the social biases of these models have
come under increased scrutiny. Previous ap-
proaches only identify such biases and fail to di-
agnose their sources. In this paper, we conduct a
systematic investigation of one such source: em-
bedding spaces. First, we demonstrate theoreti-
cally and empirically that an unbiased text embed-
ding for the input prompt is a necessary condition
for representationally balanced diffusion models.
Next, we investigate the impact of biased embed-
dings on the alignment of images and prompts, a
common technique for evaluating diffusion mod-
els. We find that biased multimodal embeddings
like CLIP result in lower alignment scores for
representationally balanced TTI models, thus re-
warding unfair behaviour. Finally, we develop
a theoretical framework through which biases in
alignment evaluation can be studied and propose
bias mitigation methods. By specifically adapting
the perspective of embedding spaces, we estab-
lish new fairness conditions for diffusion model
generation and evaluation.

1. Introduction

As Text-To-Image (TTI) models become increasingly adept
at generating complex and realistic images, they are being
integrated into a wide range of commercial and creative
services (Ramesh et al., 2021; Rombach et al., 2022; Sa-
haria et al., 2022). The proliferation of these models is
evident in various industries; for example, advertising agen-
cies use them to quickly generate visual content for cam-
paigns, while film and game developers employ them to
design detailed backgrounds and characters. The ubiquity
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of these models, however, has also raised significant ethical
and fairness concerns, from their potential for misuse to the
biases they encode. Addressing these issues is critical to
developing TTI models that are not only technologically
advanced but also socially responsible and inclusive.

Here, we specifically study diffusion models, a class of
models that form the centerpiece of most frontier TTI sys-
tems. We first consider direct representational harm; that is,
breaches of fairness that arise from generations that are im-
balanced across different protected classes. In the literature,
it is generally “well-established” that most diffusion models
have imbalanced representation in their generations. For in-
stance, Perera & Patel (2023) show that popular TTT models
consistently underrepresent minorities in most professions,
a finding corroborated by several other papers (Wang et al.,
2023; Luccioni et al., 2023; Wan et al., 2024).

Violations of fairness also arise indirectly; most prominently,
a model that generates lower quality images of one group
versus another creates indirect representational harm. To
audit this type of harm, one important evaluation criteria
on which TTI models are often benchmarked is the align-
ment/faithfulness of images to prompts—how well the con-
tents of the generated image match the prompt. If generated
images are well-aligned with the prompt across classes,
then the model treats these groups equally. While some
papers attempt to use human ratings for benchmarking (Lee
et al., 2023), this approach is expensive and hard to scale;
thus, more recent work has explored automating alignment
evaluation. One method growing in popularity is CLIP-
Score, based on the text-image embedding CLIP (Radford
etal., 2021), which measures the cosine similarity between a
prompt and an image in the multimodal latent space (Hessel
et al., 2022).

Embeddings play a critical role in generating from and evalu-
ating diffusion models. Beyond pretraining data, the text em-
bedding of the prompt is the only input to a diffusion model;
similarly, many popular approaches for prompt-image align-
ment leverage a latent text-image space. Despite their criti-
cal role, however, few papers focus on connecting properties
of embedding spaces to downstream fairness criteria. In this
paper, we demonstrate that two intuitive conclusions hold,
both theoretically and empirically. In Section 4, we show
that biased embeddings cause biased generations. In Sec-
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tion 5, we show biased image-text embedding spaces lead
to biased evaluation of diffusion (and any text-to-image)
models. As modern machine learning systems increasingly
integrate many components, like embeddings, our work
highlights how ensuring the fairness of each part is critical
for ensuring the fairness of the whole.

2. Related Work

Theory of Algorithmic Fairness. Existing work in algo-
rithm fairness has concentrated on the setting of supervised
learning, where individuals are mapped to outcomes. Tra-
ditionally, group fairness notions (like statistical parity) en-
force some measure of average equal treatment between
members of protected classes, whereas individual fairness
notions require similar individuals to be treated similarly, un-
der some task-specific metric (Dwork et al., 2011). More re-
cently, multi-group fairness has emerged as a middle ground,
which enforces fairness constraints on (up to exponentially
many) subgroups within the dataset. One such notion is
multicalibration (Hebert-Johnson et al., 2018), on which we
base our work in Section 5, although others have also been
proposed (Kearns et al., 2018).

Theory of Diffusion Models. In brief, diffusion models
“learn” how to sample from some distribution of images.
They do so by learning how much noise gets added to im-
ages over time so images can be sampled from that distri-
bution by denoising a sample of pure Gaussian noise; the
denoising function at time ¢ is the same as the statistical
score V In g, () of the noised distribution ¢;(x) (Song et al.,
2020). Mathematically, the convergence to the true distribu-
tion of the sampling process with a sufficiently good approx-
imation of the score can be proved with Girsanov’s thoerem
(Theorem A.2); empirically, the process is implemented via
a discrete-time approximation, where we iteratively denoise
images over small time steps. We defer a full theoretical
coverage of diffusion models to Appendix A, and note that
we later leverage Theorem A.2 for our proof that biased
embeddings cause biased generations.

Bias in Embedding Spaces. Bolukbasi et al. (2016) was the
first to demonstrate bias present in word embeddings on the
basis of gender, and proposed methods to debias such em-
beddings, followed by similar work on bias in race (Manzini
et al., 2019; Dev & Phillips, 2019). Papakyriakopoulos
et al. (2020) train a sentiment classifier on a biased word
embedding and illustrate that the downstream classifier’s
outputs reflect the direction of biases in the input embedding.
These biases have also been observed in multimodal embed-
dings like CLIP (Wang et al., 2021; Berg et al., 2022), and
the impact of these biases on evaluating image captioning
methods has been studied (Qiu et al., 2023). However, to
our knowledge, our work is the first to analyze how bias
in learned embedding spaces like CLIP affects the evalua-

tion of TTI systems, as well as the downstream impact of a
biased embedding as a component of a generative model.

Bias in Diffusion Models. Several recent papers on fairness
in diffusion models propose methods to sample with more
equal representation across protected classes (Li et al., 2024;
Friedrich et al., 2023; Choi et al., 2024; Shen et al., 2024,
Chuang et al., 2023). Of note, (Chuang et al., 2023) and
(Li et al., 2024) intervene on the prompt embedding, using
a debiasing projection and a learned fair representation of
prompts, respectively. Both works illustrate that debiasing
embeddings leads to more representationally fair genera-
tions. In Section 4, we show this is a necessary, and not
simply a sufficient, condition.

Alignment. There are several papers that attempt to bench-
mark the prompt-image alignment of image generation mod-
els. Of these, Lee et al. (2023) rely most heavily on CLIP-
Score for alignment evaluation. Bakr et al. (2023) use CLIP-
Score for more specific evaluation criteria like generation of
emotion. Chen et al. (2024) define a composite metric called
‘text condition evaluation’ that encompasses alignment and
fairness. To calculate the alignment portion of their score,
the authors utilize a visual question answering (VQA) model
called BLIP (Li et al., 2022). Bakr et al. (2023) and Chen
et al. (2024) also raise concerns with utilizing CLIPScore
to measure alignment, but do not cite fairness as a concern.
There have been several other attempts at evaluating text-
image alignment (Hu et al., 2023; Xu et al., 2023; Yarom
et al., 2023), all of which potentially demonstrate some
form of implicit bias. In this paper, we introduce a frame-
work for studying these biases irrespective of the underlying
alignment score function used.

3. Preliminaries

Here, we introduce some notation that we will use through-
out the manuscript. Let TV denote the total variation dis-
tance. Let P denote the set of all prompts (e.g. ‘an image of
a doctor interacting with a patient’) and Z to denote the set
of all images. A text-to-image model M : P — A(Z) takes
a prompt as the input and returns a distribution over images
that can be sampled from. A multimodal embedding consists
of a pair of functions (e : Z — S" L ep : P — S"71),
where "1 = {x € R" : ||z|| = 1}. We use the set
A ={ay, ..., a;} to refer to possible attributes such as race
or gender and b € P to denote the base prompt (e.g. “fire-
fighter,” or more generally any descriptor independent of
A). For some a € A, the operation a + b € P represents
the prompt obtained by combining an attribute and a base
prompt. For example, for a = ‘male’ and b = ‘doctor’,
we then have a + b = ‘male doctor’. We also use ep to
denote the map from prompts to prompt embeddings within
a diffusion model. Let p, : 7 — R20 be the distribution
over images generated by the model conditioned on text
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prompt y.

4. Biased Embedding, Biased Generations

In Theorem 4.2, we prove that sufficiently strong bias in the
prompt’s embeddings implies bias in the image generations.
We begin by providing some intuition to interpret the result.
Suppose we have a base prompt b = ‘nurse’ and attributes
a; = ‘man’ and a; = ‘woman’. If the embedding of b is
sufficiently close to the embedding for as + b and images
with the attributes a; and a9 are sufficiently distinguished,
Theorem 4.2 states that the diffusion model conditioned on b
will mostly produce images similar to when it is conditioned
on ay + b. Assuming that the images generated by condi-
tioning on ag + b are faithful to the prompt, most of the im-
ages generated from ‘nurses’ would be of ‘woman nurses’,
which is exactly representational bias in sampling.

We begin with some definitions. Let s;(z,y) denote the
learned score function of a diffusion model at input x and
time ¢ conditioned on a prompt embedding y. Let T" be the
length of the denoising period. We consider the bias in a
model’s output with a base prompt b and set of attributes
{a1,as,...,ar}, which should be thought of as distinct
categories, and consider a small positive € € (0,1/2).

Assumption 4.1 (Lipschitz in prompt embeddings). The
score s¢(x,y) of the diffusion model is L-Lipschitz in y.

Assumption 4.1 states that the score function is Lipschitz
with respect to the prompt embeddings and is key to The-
orem 4.2. ' Assumption 4.1 can also be interpreted as an
individual fairness constraint, where the requirement that
similar prompt embeddings produces similar images paral-
lels the notion that similar individuals are mapped to similar
outcomes (Dwork et al., 2011). With this machinery in
hand, we state our main theorem below, which formalizes
the intuition that embeddings where a base prompt is close
to the prompt + attribute gives a bound on the distribution of
images generated. The result below leverages a key result
from Chen et al. (2023), which we use as a black-box here;
see Theorem A.2 in the appendix for more details.

Theorem 4.2 (Bias in embeddings implies bias in image
generations). Assume there exists € € (0,1/2) such that for
all distinct a;, a; € A, TV(pa; 16, Pa;+b) = 1 — € Without
loss of generality assume that aq minimizes the distance
with b, i.e. argmin;_; . |lep(b) —ep(a; +b)|| = 1, and

let |ep(b) — ep(ay +b)|| < - Under Assumption 4.1,

we have TV (py, pa, +5) < € and TV (py, pa, ) > 1 — 2¢
forj # 1.

Proof. We begin by noting that the second claim in the

"Lipschitzness of the learned score function in the first argu-
ment is standard in the theory of diffusion literature, e.g., Chen
et al. (2023)

theorem, TV (py,pa;+b) > 1 — 2¢ for j # 1, follows
immediately from TV (pa, 11, Pq,45) > 1 — € for all dis-
tincti,j = 1,2,...,k, the triangle inequality, and the first
claim of the theorem. Hence, we only need to show that

Tv(pb7pa1+b) S €.

By Assumption 4.1, we have an upper bound
Ise(@,ep(b) — sel@,eplar + b)) < Lleplar +
b) — ep(b)||. Theorem A.2 translates this into a bound
on KL(pp, pa,+b), and we finish by applying Pinsker’s
inequality, which gives us that

TV (py, par+5) S VT L?Ezlep(ar +b) — ep(0)]* < e.

O

In the theorem above, we see that the distribution of images
when the diffusion model is conditioned on b is similar
to the distribution when one conditions on a; + b and far
from when one conditions on a; + b for j # 1. Note the
requirement that ||ep (b) — ep (a1 + )| < =7 is difficult
to realize in practice as the embedding distance has to be

extremely small to meaningfully control the total variation.

Empirics. Previous work has illustrated that the output of
diffusion models are not representationally balanced. For
instance, Friedrich et al. (2023) illustrate gender bias in the
outputs of occupations queried of Stable Diffusion which
reflect both the direction of biases in CLIP embeddings
and representational imbalances in the underlying training
dataset. We find a similar relationship when comparing
generations across occupations from Stable Diffusion 2.1
(SD2.1) against biases in the underlying CLIP embedding
(Appendix B).

Since SD2.1 is trained on an underlying dataset (LAION-
5B) that is itself representationally imbalanced, however,
it is unclear if the bias in image outputs is caused by a bi-
ased prompt embedding or imbalanced training dataset. To
probe this, we train a conditional diffusion model from
scratch with balanced training data across three classes
(nurse, philosopher, and person) but with biased prompt
embeddings (where nurse is closer to woman, philosopher
is closer to man, and person is roughly equidistant). We
find that the resulting model is biased in its generations
in the same direction as the embedding, with women as
the majority of nurse generations, men as the majority of
philosopher generations, and a roughly even split in gener-
ations of people. We defer the full experimental details to
Appendix B.2.

5. Bias in Alignment Auditing

In this section we consider the problem of auditing image
generation models for prompt-image alignment and analyze
the impact that biased multimodal embeddings may have
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on the fairness of alignment scores. We note that from here
on out, we refer to “score” as the alignment score, not the
learned function of a diffusion model. While the results
in Section 4 studies the representational harm caused by
biased diffusion models, this section analyzes harms caused
by biased alignment predictors and therefore borrows from
richer notions of fairness proposed for classification systems.
We define a notion of fairness for alignment functions and
demonstrate necessary conditions for multimodal embed-
dings to satisfy this definition. Additionally, we evaluate
the bias of existing auditing functions and suggest simple
techniques for mitigating such biases.

5.1. Definitions of Fairness

We begin by defining what it means for an alignment au-
diting function to be fair. These definitions are inspired
by existing work on fairness for predictors introduced by
(Hebert-Johnson et al., 2018), and are designed to capture
the idea that the alignment of an image with a prompt should
be independent of protected attributes like race and gender
when they are not explicitly specified in the prompt. We use
s* 1 P x T — [0,1] to denote the true alignment score and
s:P x T —|0,1] to denote an auditing function.

Definition 5.1 (Multiaccuracy). Let C C 27 be a collection
of subsets of Z and « € [0, 1]. An auditing function s is
(C, a)-multiaccurate for prompt b € P if, forall I € C,

E [s%(b,3) — s(b,0)]| < a.

i~

In other words, multiaccuracy for a prompt b ensures that
the function s is a-accurate on every subset of images I € C.
To see how this notion is useful for fairness, consider a set
of protected attributes ag, ..., a; for a base prompt b, and
let I, be a subset of images corresponding to prompt b with
attribute a,. If C = {I1, ..., I; }, (C, @)-multiaccuracy guar-
antees that the auditing function s is a-accurate on average
on each of the protected attributes. Thus, for example, if
the prompt we care about is ‘doctor’ and the attributes we
care about encompass gender, setting I; and I to images
of male and female doctors respectively gives us the guar-
antee that s is a-accurate on both genders.> We analyze
the strengths and weaknesses of multiaccuracy and define
a stronger fairness guarantee based on multicalibration in
Appendix C.1.

To see why these notions of fairness are useful for auditing
text-to-image models, we prove the following theorem. Intu-
itively, this theorem states that if we have subsets of images
with particular attributes such that the true alignment is bal-
anced across attributes, and if the auditor is multiaccurate on

*Note that gender is not a binary, and we would hope that
generative models are able to capture gender on a spectrum. We
use male and female in the example for ease of notation.

these subsets of images, then the alignment score remains
stable irrespective of how a text-to-image model chooses to
sample from these attributes.

Theorem 5.2. Consider a base prompt b € P and attributes
A = {ai,...,ar}, and let Iy be a subset of images cor-
responding to prompt b with attribute ay. Assume that
Eiwr,[s*(b,7)] = Sforall ¢ € [k]. Let C = {I1,..., I+ }.
Consider a model M that, given the prompt b, returns an
image i ~ I, with probability py, where Zee[k] pe = 1L
If the auditing function s is (C,«)-multiaccurate, then
|]Ei~M(b) [s(b,i)] — .§| < a irrespective of the probabilities
p1; ... Pk.

Proof. We see that

E |[s(bi)] = E [s(b,7)] -
B0 = 3 B 0.0 -p

> ( E [s*(b,i)] +a) - e

in I,
Le[k]

=Y (+a)m

Le(k]

IN

=S+ .

By the same logic, we also see that E;ps[s(b,7)] >
5 —a. Thus, —a < E;op@pls(h,i)] —s < a, so
’]Eiij(b) [S(b,l)] — g‘ S . O

As a corollary of this theorem, we see that irrespective of
the probabilities py, ..., p,, the difference in the alignment
score of two models is at most 2a.. Thus, going back to
our example of male and female doctors, we see that as
long as we expect the average alignment of an image of a
male doctor and a female doctor with the prompt ‘doctor’
to be the same, if our auditing function is multiaccurate on
the appropriate subsets of images, models will get similar
alignment scores irrespective of what proportion of male or
female doctors they generate.

Finally, it is worth noting that checking whether an auditing
function is multiaccurate may be challenging, since this
requires access to the true alignment scores s*. Note that
if we had arbitrary oracle access to s*, there would be no
need to evaluate auditing functions s at all, since we could
just use s* to audit the alignment of text-to-image models.
However, the advantage of our notion of fairness is that
it only requires ‘true’ scores for a diverse but fixed set of
images on which auditing functions can then be evaluated.
Such datasets could be obtained by manual labeling, and
there have been several efforts to create large image-caption
datasets with alignment ratings (Levinboim et al., 2021; Lee
et al., 2021; Vedantam et al., 2015; Hodosh et al., 2013).
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5.2. Properties of Fair Embeddings

Let us begin by defining an auditing function in terms of
a multi-modal embedding space. For vectors x and Yy,
we define their cosine similarity as cos(x,y) = m
Given a multimodal embedding (ez, ep), we define the au-

diting function s(b,%) = w This ensures

that s(b,7) € [0, 1]. Note that existing techniques like CLIP-
Score (Hessel et al., 2022) achieve a similar effect by clip-
ping the cosine similarity at a minimum of 0, but this is
equivalent to our definition up to a factor of 2 as long as
similarity is positive.

Given the definitions of fairness for alignment auditors in
Section 5.1, it is natural to ask what properties we would
expect from a multimodal embedding space in order to
obtain a fair auditor. We start with the following observation,
which provides a necessary condition for multiaccuracy
based on the average score between a prompt and different
subsets of images.

Theorem 5.3. If s is (C, «)-multiaccurate for a prompt b,
forall 1y, 1y € C, if Bicr,[s*(b,1)] = Eiey,, [s*(b, )], then
| Eier,lcos(ep (), ez(i))] — Eier, [cos(en (b), ex()]] <
4o

Proof. Since s is (C, a)-multiaccurate for prompt b, for all
I € C we know that

E [s*(b,7) — s(b,i)]‘ -

i~

Moreover, for some Ip, Iy € C, if Eier,[s*(b,7)] =
Eicr, [s*(b,4)], by the triangle inequality we see that

E [s(b,9)] = E [s(b,1)]

i~y iNI[/

< 2a.

Substituting the definition of s(b, 7), we see that

E [cos(ep(b),ez(i))] — E [cos(ep(b),ez(i))]’ < 4da.

iy ino Ty

O

This implies that given a prompt b and subsets of images
with similar average true alignment scores, if the embed-
dings of those images do not have a similar distance (on
average) to the embedding of b, then our auditor is not mul-
tiaccurate on those images.

Next, we use this observation to detect bias based only on
the prompt embeddings ep. As discussed in Section 4,
prompt embeddings are often biased in themselves, which
causes bias in diffusion models when these embeddings are
used as inputs. By showing that fair prompt embeddings
are necessary for multiaccuracy, the theorem below demon-
strates that bias in prompt embeddings also translates to bias

E s (6:0)] = E [s0,0)]| <.

in multimodal embeddings, and therefore results in biased
alignment auditing.

Theorem 5.4. Consider a prompt b and attributes A =
{ai,...,ar}. Let Iy be a set of images such that for every i €
Iy, ez (i) is in a ball of radius € around ep(a;+b). ForC =
{L,..., I}, if s is (C, a)-multiaccurate for prompt b, for
any £, 0" € [k] such that Bicp,[s*(b,1)] = Eicr,, [s*(b,1)],
it holds that | cos(ep(b), ep(as+b)) —cos(ep(b), ep(ap +
b))| < 4o + 2e.

Proof. Since s is (C, o)-multiaccurate for prompt b, if
Eicr, [s*(b,1)] = Eicr,, [s* (b, )], we know by Theorem 5.3
that

E [cos(ep(b),ez(i))] — E [cos(ep(b),ez(i))]| < 4a.

i~y ino Ty

Next, consider the expression cos(ep(b), ez(i)). For all
i € Iy, since ez (i) is in a ball of radius € around ep (a; +b),
we know that there exists a vector § such that ez (i) =
ep(ag+b) + d and ||6]] < e. Thus, we see that

cos(ep(b),ez(1)) = cos(ep(b),ep(ag + b) + 9)
ep(b) - (ep(ar +b) 4 9)
Ter ®lier(az +5) + 0]
=ep(b)-ep(ar+b) +ep(b) -6
= cos(ep(b),ep(ag + b)) + ep(d) - 4.

Since ||d]] < €, we know that |ep(b) - §| < €. Thus,
|cos(ep (b), ex(i)) — cos(en(b), ep(ar + )| < 2,

for all ¢ € I, which implies that

E [cos(ep(b),ez(i))] — cos(ep(b),ep(ar + b))| < e.

i~y

By symmetry, note that the same expression holds for ¢ ~
Iy and ay . Thus, by the triangle inequality,

| COS(e'p(b), ep (ag+b))—cos(e7> (b), ep (ag/ +b))‘ < 4da+2e.

O

The contrapositive of this theorem implies that, for a prompt
b, if there are two attributes a¢; and as such that the em-
beddings of a; + b and as + b are not equidistant from the
embedding of b, then the resultant auditing function s can
not be fair on images that closely match attributes a; and
as. Thus, if the underlying embedding space is not fair on
prompts, we should not expect it to be a fair auditor! This
allows us to infer bias in a multimodal embedding space by
only looking at its prompt embedding function ep.
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5.3. Auditing Alignment with Biased Embeddings

While there have been some efforts to debias CLIP and
CLIPScore (Dehdashtian et al., 2024), it is likely that many
of the approaches we use to audit prompt-image alignment
will continue to exhibit some form of representational bias.
Thus, it is important to consider methods to mitigate this
bias in the score calculation phase. Currently, the standard
method for calculating the alignment score of a model M
for a prompt b using a multimodal embedding is to take the
average of the auditing function described in Section 5.2
over several images samples from M (b) (Lee et al., 2023).
Henceforth, we will refer to this method as score-then-
average. As we have discussed, one of the ways in which an
embedding space may be biased is if for a prompt b, vectors
corresponding to images with attribute a1 are more similar
to the vector for b on average than those with attribute as. In
this case, a model that generates only images with attribute
a; will consistently get a higher alignment score than a
model that generates a balanced distribution of images. In
this section, we suggest an alternative method of evaluating
alignment based on potentially biased multimodal embed-
dings that helps alleviate this form of bias. We call this
method subclass-score.

In this approach, given a prompt b, we begin with a list of
attributes aq, ..., ar on which we would like to be fair. To
calculate the alignment score of a model M of this prompt,
we start by sampling a set I of images from M (b). We then
calculate the individual scores of images ¢ € I as

bi) = b, i)).
s(b, 1) ggfﬁ(#aﬁ ;1))

For example, if a; = ‘male’ and b = ‘doctor’, a; + b =
‘male doctor’. Finally, to calculate the aggregate score we
take the average of s(b, i) over images i € I.

This aims to tackle the issue where embeddings of images
with one attribute may be closer on average to the embed-
ding of the prompt than images with other attributes. By
measuring the similarity with attribute-specific vectors in-
stead, the relative distance from the embedding of the origi-
nal prompt is no longer an issue. We note that there remain
drawbacks with this approach. First, it may be difficult to
identify what attributes are appropriate for which prompts.
For instance, Google’s Gemini model recently attempted to
force diversity into prompts where it was not historically
accurate or appropriate (Gautam et al., 2024). Also, this
does not guarantee fairness conditions like multiaccuracy.
For example, it is possible that images with some attributes
ay are closer on average to the prompt ay + b than other
attributes a, are to the prompt ay + b.

We introduce a second method for generating unbiased align-
ment scores, average-then-score, in Appendix C.2. This
method involves taking the mean of the image embeddings

before computing the cosine similarity to the prompt em-
bedding. We evaluate and compare these approaches in
Section 5.4.

5.4. Empirical Case-Study: CLIP

In this section, we investigate biases present in an existing
method of alignment auditing called CLIPScore (Hessel
et al., 2022) based on the multimodal embedding model
CLIP (Radford et al., 2021). We then evaluate the tech-
niques proposed in Section 5.3. We find that the text embed-
dings of CLIP demonstrate gender bias in the representation
of occupations, matching the findings of (Bolukbasi et al.,
2016). We also find that a similar bias is present in the
relationship between text embeddings of occupations and
gendered image embeddings. In particular, we see that for
the same set of images, male medical professionals got a
0.02 higher score than female medical professionals on av-
erage for the prompt ‘doctor,” and a 0.061 lower score for
the prompt ‘nurse.” This clearly demonstrates an underlying
bias in the auditing CLIPScore function; models that gener-
ate only male doctors and only female nurses get over 5%
higher alignment scores than models with balanced distri-
butions. Finally, we evaluate our bias mitigation methods
in Section 5.3 and find that subclass-score performs sig-
nificantly better than average-then-score, staying roughly
consistent across gender ratio. Thus, subclass-score is the
most promising step for alleviating gender bias in align-
ment scores for text-to-image models. Further details can
be found in Appendix C.3.3.

6. Conclusion and Future Work

In this paper we study the relationship between bias in em-
beddings and image generations for text-to-image models.
We prove theoretically and empirically that biased prompt
embeddings lead to representationally unfair outputs. This
establishes a necessary condition (an unbiased embedding)
for an unbiased model. We then investigate the impact
of biased prompt embeddings on measuring the alignment
between image generations and prompts, as well as multi-
accuracy and multi-calibration style definitions for fair align-
ment auditing algorithms.

There are several interesting directions to take this work.
First, the text embedding’s impact on fairness in diffusion
models can be further investigated empirically with recently-
released open state-of-the-art models that have public train-
ing sets (Gokaslan et al., 2023). Next, we are interested in
potential augmentations for training diffusion models that
would compensate for bias in embedding spaces. Finally,
while we give several conditions that imply a metric-based
auditing function is not fair, it would be interesting to to
explore sufficient conditions for fairness, like in (Dwork
etal., 2011).
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A. Technical Background on Diffusion Models
In this section, we review the basics of diffusion models and provide background for our theoretical results and experiments.

At a high level, diffusion models seek to generate samples from a distribution given samples from that distribution; e.g. they
learn to produce novel images of firefighters given a dataset of images of firefighters. They consist of a forward “noising”
process, which iteratively transforms the original distribution by adding small amounts of Gaussian noise to the sample, and
a reverse process, which gradually transforms the pure noise distribution into the original distribution through a “denoising”
procedure. Intuitively, if one can (e.g. with a neural network) “learn” the noise that is added to images in the initial phase,
one should be able to recover an image by starting with pure Gaussian noise and subtracting the learned noise over time
(Ho et al., 2020). In our experiments in this paper, we make a standard choice of denoising the images for T" = 1000 steps.
The denoising function at time ¢ is closely related to the statistical score V In ¢;(z) of the noised distribution ¢;(z) (Song
et al., 2020). Mathematically, the convergence to the true distribution of the sampling process with a sufficiently good
approximation of the score can be proved with Girsanov’s thoerem (see Section A in the Appendix); empirically, the process
is implemented via a discrete-time approximation, where we iteratively denoise images over small time steps. In practice,
diffusion models consist of the learned denoising function as well as an image encoder and decoder. The image decoder and
encoder maps images to a latent space over which the diffusion process is applied. We also often want to guide the diffusion
model towards a particular output; to do this, the diffusion model can be conditioned to produce images consistent with a
text prompt by allowing the denoiser to depend on a text embedding vector.

Here, we build up to Theorem A.2, which we use as a black box in proving 4.2. Consider a distribution ¢ over R? with a
smooth density function. Let NV'(0, Id) represent the multivariate normal distribution in R?. Different forward proceses of
diffusion models are equivalent to the Ornstein-Uhlenbeck (OU) process up to a reparameterizing of time. The OU process
takes samples from ¢ and transforms them into A/ (0, Id) by the following stochastic differential equation (SDE),

dX; = —X;dt + vV2dB,, Xo~gq, (1)

where the original sample X is taken from ¢, (X;);>¢ are the time-indexed random variables produced by the SDE after
t time, and (B;);>o is the standard Brownian motion. We also define ¢; to be the distribution of X,. Intuitively, the OU
process dilutes the signal from the original sample X with the — X d¢ term and gradually replaces it with the randomness
in v/2dB;. By the forward convergence of the OU process, the KL divergence between ¢; and N (0,1d) decays to 0
exponentially quickly as ¢ — oo. Now we consider the reverse process of the above SDE, in the sense that the marginal
distributions ¢; are the same for both SDEs up to smooth test functions. We first fix a terminal time 7" > 0 and consider the
following SDE on the time interval [0, 7],

dX; ={X; +2VIngr (X))} dt + v2dB,, X5 ~ qr. @)

where we start from samples X§~ ~ ¢ drawn from the noised g7 and V In ¢, is the score function of the distribution g; at
time ¢. We again take (B;);>0 to be the standard Brownian motion. It is well known that ¢ is the distribution of X;~,
which provides us with a general recipe for sampling from ¢: we start with samples X§~ ~ g7 and then apply the SDE
in Eq.2 to generate a sample from g. In practice, one does not have direct access to the score function V In ¢, of the data
distribution and must instead estimate it from training data. This can be estimated by appealing to Tweedie’s formula, which
relates the score to a denoising problem. We take samples x ~ ¢ and add noise 7 ~ N(0,Id) to form e~ ¢z + /1 — e2tn).
We train a neural network NNy (-, ¢) to estimate = from e~z + v/1 — e2ty). By Tweedie’s formula, the “denoising” function
which minimizes the mean squared error of E, g ,r(0,ia)[l|z — NNg(Z,¢)||?|Z = e "2 + /1 — €2*5)] can be rearranged
to yield the score up to known linear factors.

Lemma A.1 (Tweedie’s formula). Given & ~ x + e for x ~ p and e ~ N(0,0%1d), the expectation of x|% is
Elz|#] = & + 0°VInp(Z),
where D is the distribution of .
Until (Chen et al., 2023), it was unclear whether this L.2-approximation of the true score learned by the neural network could

be used to faithfully sample from the base distribution. The below theorem, a simple consequence of Girsanov’s theorem,
gave an affirmative proof relating distribution learning to adequately solving the denoising problem up to average L2 error.
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Theorem A.2 (Section 5.2 of (Chen et al., 2023)). Let (Y:):eo,1) and (Y{)ie(o,) denote the solutions to

dY; = b(Yy)dt + vV2dB,,  Yy~gq
Ay} = by(Y))dt +V2dB,, Yj~q.

Let q and ¢’ denote the laws of Yr and Y] respectively. If by, b satisfy that fOTE 16:(Yz) — b,(Yy)||?dt < oo, then
T
KL(qllg") < [y Ellbn(Y2) — bi(Y2)[|? dt.

This manuscript will rely on Theorem A.2 as a black-box for future proofs. There are also several more discrepancies
between this conceptual model of diffusion models and their practical implementation. First, g7 is unknown and in practice
one replaces it with the normal Gaussian. Second, one cannot perfectly simulate the SDE in Eq.2 and must rely on numerical
approximations. The errors incurred by both differences can be subsumed into the final distributional error bound with
polynomial scaling with respect to the relevant parameters (Chen et al., 2023).

B. Details from Section 4
B.1. Biased Embeddings Correlate with Representationally Imbalanced Generations

To provide empirical support for Theorem 4.2, we study gender bias in occupations for CLIP embeddings used as inputs
for SD2.1 and images generated by SD2.1. We consider the Professions dataset containing portraits of people in 146
different professions from SD2.1 (Luccioni et al., 2023). For each profession, we compute the ratio of cosine similarity
between the CLIP embeddings of the prompts ‘Profession, man’ and ‘Profession, and the cosine similarity of
the CLIP embeddings of the prompts ‘Profession, woman’ and ‘Profession.’ If this ratio is above 1, then this
profession is biased in embedding space towards men over woman. To measure the bias in SD2.1 outputs, we sort the image
generations into men or women categories with CLIP-ViT-B/32. In Figure 1, there is a mild correlation between gender bias
in CLIP embeddings and gender bias in image generations for a given occupation.

1.01

I o I
> o ©
L L L

o
N

Proportion of images that are men

0.0 -

0.996 0.998 1.000 1.002 1.004 1.006 1.008
Ratio of cosine similarities

Figure 1. Each point represents a profession from the Professions dataset (Luccioni et al., 2023). The x-value is the ratio of cosine
similarities between original and gendered versions of the prompt, and the y-value is the proportion of images that are classified as men.
Line of best fit is in red and R-squared is reported.

B.2. Additional Details of Diffusion-From-Scratch Training

To better disentangle whether our experimental results above are from a biased embedding or a biased set of training data,
we train a conditional diffusion model from scratch with balanced training data across classes but with biased prompt
embeddings. Using this model, we test whether generations from this model for a given biased prompt are imbalanced.

To probe this, we first took the the w2vNEWS embedding studied in (Bolukbasi et al., 2016), and in particular train our
diffusion model on men and women in three categories: nurses (the second-highest female-biased occupation in (Bolukbasi
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Philosopher

Figure 2. For each category in the six classes, we sampled three random images among the 6000 synthetic training images and display
them here.

et al., 2016)), philosophers (the fourth-highest male-biased occupation in (Bolukbasi et al., 2016)), and generic people.
See Table 2 for the cosine similarities between these embeddings. Within each of these three categories, we trained on
12000 images, 6000 men and 6000 women. Because we couldn’t get these images organically, we made a synthetic dataset
using Stable Diffusion. We highlight here that for each subject (nurse, philosopher, or generic person), we wanted man
vs. woman to be the main difference in image distribution. As such, we controlled all generations to be white, with black
hair, and have the same instructions (see below). This is not to say that there are no differences between classes; one thing
we notice, for instance, is that the nurses appear much younger and the philosophers appear much older. For the purposes
of our experiment, however, these differences are not important, as we only label men and women. We also note that we
specify the clothing and background for each subject to be clearly recognizable, so that data is easy to label. For instance, a
generated image with someone in blue scrubs is clearly a nurse, and a generated image with a library background is clearly a
philosopher.

To operationalize our diffusion model, we implemented a conditional diffusion model from scratch based on public reference
implementations, re-implemented core modules to handle our biased input embedding, and trained it on the 36000 images.
Because of compute limitations, we could only train a model to output 64x64 images. See Section B.2.2 in the Appendix for
full details on these changes.

Data labeling was a challenge, because generated model images were small (64x64). Additionally, generation quality was
somewhat poor at times (as one might expect with a bespoke model using synthetic data); for instance, some generated
image did not contain an actual person. See Figure 3. As such, to label our data as man/woman, we first manually filtered
generations for low quality (e.g. pictures where one cannot discern an actual person present), unidentifiable gender, or
inconsistent occupation; then, we adopted a consensus-based approach with two reviewers to sort the image generations into
men or women groups. For 170 generated images for the following three prompts (“nurse”, “person”, and “philosopher”),
our consensus approach yielded 109 “nurse” images, 130 “philosopher” images, and 139 “person” images.

Table 1 illustrates our results. We see that, even with a balanced set of training data, the majority of nurses were classified as
women (59.6%) and the majority of philosophers were classified as men (55.4%). Simply generating an image conditioned
on “person,” however, yields balanced representation. The frequency of men or women groups for both philosophers and
nurses were both equal in the training data, but the diffusion model still exhibits a bias towards female nurses over male
nurses and male philosophers over female philosophers. Because we controlled for imbalances in training data distribution
in this experiment, this confirms our hypothesis that biased embeddings alone can cause biased outputs.

B.2.1. SYNTHETIC DATA GENERATION.

To get 6000 images across six different classes, we used Stable Diffusion to create synthetic data. In general, we thought
these images were high quality and could be used for our training pipeline; Figure 2 illustrates three random images from
each of the six classes. Note that it is possible that the synthetic training data itself introduced biases, but the generation
process was specifically designed to be as consistent/balanced as possible. Because our model is trained to generate 64x64
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j_:ﬁﬁfig. AR

Philosopher

TRUIRE & A

Figure 3. We illustrate eight random samples from each of the three classes generated from our trained diffusion model.

Generation  Proportion

Nurse 0.596
Person 0.504
Philosopher 0.446

Table 1. Proportion of women in 200 generations from each class, sampled from our diffusion model trained with a biased text embedding
but an unbiased dataset.

images, we then downscaled the output images to 64x64. The precise prompts used to generate 6000 images of each class
are listed below:

Male Nurse: Create a realistic image of a male nurse standing confidently in the center of a modern hospital setting.
The nurse is wearing blue scrubs, has short black hair, and is of European descent. He looks attentive and professional,
standing right in the middle of the image with a clear focus on his pose and expression.

Female Nurse: Create a realistic image of a female nurse standing confidently in the center of a modern hospital
setting. The nurse is wearing blue scrubs, has long black hair, and is of European descent. She looks attentive and
professional, standing right in the middle of the image with a clear focus on her pose and expression.

Male Philosopher: Create a realistic photo image of a Caucasian male philosopher, situated in the center of a classic
library background. He wears a tweed jacket and has short black hair, neatly styled. The image captures him from the
chest upwards, focusing on his contemplative expression and thoughtful pose. The background is slightly blurred to
emphasize the philosopher as the main subject of the frame.

Female Philosopher: Create a realistic photo image of a Caucasian female philosopher, positioned in the center of a
library background. She wears a tweed jacket and has long black hair, neatly styled. The image captures her from the
chest upwards, focusing on her contemplative expression and thoughtful pose. The background is slightly blurred to
emphasize the philosopher as the main subject of the frame.

Man, Generic: Create a realistic photo image of a Caucasian man wearing a gray shirt, positioned in the center of a
neutral background. The man has short black hair and is captured from the chest upwards, focusing on his forward
pose and professional expression. The background is blurred, highlighting the man as the main subject of the frame.

Woman, Generic: Create a realistic photo image of a Caucasian woman wearing a gray shirt, positioned in the center
of a neutral background. The woman has long black hair and is captured from the chest upwards, focusing on her

‘ Nurse Person Philosopher
Man 0.255 0.534 0.290
Woman | 0.441 0.547 0.176

Table 2. Cosine similarities between man/woman and nurse/person/philosopher in the w2vNEWS embedding.
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forward pose and professional expression. The background is blurred, emphasizing the woman as the main subject of
the frame.
B.2.2. MODEL CONFIGURATION.

Adding in our embedding. The base implementation of a conditional diffusion model that we base our implementation on
takes as input to the UNet (the neural network that learns the score) some vector v € R?56 where v = fpos(t) 4 fembed (),
where fpos : R — R?%0 is a sinusoidal positional encoding of the time and fembed : R — R?°% is an embedding of class (a
number from 0 to 9) in 256-dimensional space that gets learned as the model runs. In our diffusion model, we changed the
positional encoding of time to instead be of the form fyos : R — R12®, and concatenate the positional encoding with a text
embedding of the input prompt in R'22, Since every embedding in w2vNEWS is in R3%°, we use a Johnson-Lindenstrauss
projection to reduce its dimension to 128.

Training on Multiple Words. We use the w2vNEWS embedding here because (Bolukbasi et al., 2016) conducts a rigorous
study of biases in this embedding, and we failed to find such a complete study for CLIP’s text embeddings. Because we
could only condition on words in the embedding, however, mechanically we had to train every training sample/image on
three words that labeled the image; see below:

¢ Male Nurse: Man, Nurse, Person

¢ Female Nurse: Woman, Nurse, Person

* Male Philosopher: Man, Philosopher, Person

» Female Philosopher: Woman, Philosopher, Person
¢ Woman (Generic): Woman, Person, Woman

¢ Man (Generic): Man, Person, Man
Training Details. We used standard hyperparameters found in (Nichol & Dhariwal, 2021) and elsewhere.

* Batch size of 50.
* Max learning rate of 1le — 4 on a 1cycle learning rate scheduler (Smith & Topin, 2018).

» Keep an exponential moving average of models for stability, with 5 = 0.995.

C. Details from Section 4
C.1. Multicalibration

In Section 5.1, we define a notion of fairness based on the multiaccuracy framework. However, note that the protection
offered by multiaccuracy in the example above is fairly weak. In particular, consider the case where C = {I, I5}, the true
quality of images in I; and I is (roughly) uniformly distributed between 0 and 1, and consider the auditing function

(b,1) s*(b,i) ifiely
S 77' = . .
0.5 ifi € I

Note that s is (C, 0)-multiaccurate since E; 1, [s(b,7)] = E;~1,[s*(b,7)] = 0.5. However, s clearly performs much worse
on images of male doctors than female doctors. In particular, assuming that our generative model is reasonably good, we
would expect all images ¢ generated for the prompt b = ‘doctor’ to have a true score s*(b,4) > 0.5, so our auditing function
s would consistently give male doctors a higher score than female doctors. Note that this issue can be partially aleviated by
definining a richer class of images C. However, it is also possible to define a stronger notion of fairness that avoids this issue.

Definition C.1 (Multicalibration). Let C C 27 be a collection of subsets of Z and « € [0,1]. An auditing function s is
(C, a)-multicalbirated for prompt b € P if, forall I € C and for all I, = {i € I | s*(b,i) = v} where v € [0, 1],

E [s*(b,1) — s(b,4)]| <

in Iy,
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Note that multicalibration is equivalent to multiaccuracy with C defined as the level sets of true alignment scores of the
original subsets of images. Thus, this definition implicitly creates a richer class of images. Moreover, note that the example
function s defined above is not (C, a)-multicalibrated for any o < 0.5, since for v = 1, E;~p, , [s*(b,7) — s(b,7)] = 0.5.
However, while this is a stronger notion of fairness, there are still ways in which a function that is (C, «)-multicalibrated
may behave differently on sets in C; for example, it is possible that a function s that is (C, «)-multicalibrated has more
variance in its scores for images of female doctors than male doctors with some fixed true score v.

C.2. Average-then-Score

Here, we define average-then-score, an alternative method for calculating alignment scores based on multimodal embeddings.
In this approach, to calculate the alignment score of a model M for a prompt b, we start by sampling a set I of images from
M (b). We then calculate & = Zze ; ez(i). We return the score cos(ep(b), €) scaled to [0, 1]. Note that the key difference
is when we take the average - in the original approach, the average is taken after the scores are calculated, whereas here
we take the average of the image embeddings before calculating the score. To understand why these differ, we show the
following result.

Theorem C.2. For a prompt b and a set of images I, if cos(ep(b),ez(i)) > 0 for all i € I, average-then-score is lower
bounded by score-then-average.

Proof. We prove a more general result. Given unit vectors u and vy, ..., v,,, where cos(u, v;) > 0 for all ¢ € [n], we show

that
chosuvl<cos ZVZ

i€[n] i€[n]
First, we see that
1 1
ﬁ Z u Vl = ﬁ u-v;
i€n i€[n]
DY
=—-u- v
n
i€[n]

On the other hand, we see that

u- - V;
u, Z Vi | = ZLE[H]
laltl > vill

i€[n]

1
= -ua- \Z
[ Z ’

Finally, since [|v;|| = 1, by triangle inequality we know that || >, vi|| < n. Thus,

1 1

S - @
n H Zie[n] V7«|| ’

completing the proof.

To show the original theorem statement, for a prompt b and a subset of images I, consider u = ep(b) and v; = ez (i) for
all ¢ € I. Scaling the cosine similarity to [0, 1] does not affect the result, so the left side of the inequality is equivalent to
score-then-average and the right side of the inequality is equivalent to average-then-score. O

Although this method still biased from the perspective of multiaccuracy, we provide some intuition on why it may reward
models that output images with more balanced attributes. Consider a base prompt b and attributes a1, ..., ax. Let I, be a
subset of images corresponding to prompt b with attribute a,, and let I = ek I ¢. Since the goal of the embeddmg space
is to map prompts close to images that match it, we should expect that ep (b) is Close to ep (i) for all « € I. Thus, we should
also expect that ep (b) is positioned somewhere ‘between’ the clusters of vectors corresponding to each subset of images,
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though this vector may be closer to some clusters than others. If this intuition is correct, averaging image vectors with more
diverse attributes should bring us closer to the vector for the prompt than averaging image vectors with a single attribute, so
our score function should reward some amount of diversity, though the exact ratios at which it is maximized may differ. We
explore this hypothesis and evaluate this method in Appendix C.3.

One downside of using average-then-score over score-then-average is that it fails to take into account variance. In particular,
a set of image vectors could combine to give a very high score because they happen to average in the same direction as
the embedding of the prompt even though none are individually close to the prompt. Thus, if used in practice, it will be
important to add a term that penalizes variance in the image vectors.

C.3. Evaluation Results
C.3.1. TEXT-TEXT BIAS

As shown in Section 5.2, biases on attributes in the prompt embedding space imply bias for images close to the attributes in
the image embedding space. Thus, we start by analyzing the bias present in the prompt embedding space ep of CLIP. Our
results are shown in Table 3.

Occupation Male Female Delta Average
firefighter 0971 0919  0.052 0.959
chemist 0.962 0.923  0.039 0.955
chef 0.954 0918  0.036 0.950
architect 0.957 0924 0.033 0.955
biologist 0.978 0.949  0.029 0.972
professor 0.968 0950 0.018 0.966
doctor 0.962  0.947 0.015 0.965
teacher 0.962 0947  0.015 0.963
librarian 0.962 0951 0.011 0.969
hairdresser 0951 0958 -0.007  0.967
receptionist  0.954  0.962  -0.008  0.970
nurse 0951 0973 -0.022 0974

Table 3. Text-Text Bias in CLIP

We evaluate 12 occupations for bias on two genders - male and female. For every occupation b, the male column shows the
cosine similarity between the embedding of b and the embedding of ‘male’ + b, and the female column shows the cosine
similarity between the embedding of b and the embedding of ‘female’ 4 b. The entries are sorted in increasing order of
delta, the difference between the male and female similarity scores. We see that our results match several of the biases
observed by (Bolukbasi et al., 2016). In particular, ‘nurse,” ‘receptionist’ and ‘hairdresser’ are she professions, while ‘doctor’
and ‘architect’ are he professions. The average column measures the cosine similarity between the embedding of b and
the average of the embeddings of ‘male’ + b and ‘female’ + b. It is interesting to note that these are always closer to the
larger similarity score, and are sometimes larger than both. This motivates the average-then-score approach discussed in
Appendix C.2 since we would hope that the image embeddings behave similarly.

C.3.2. TEXT-IMAGE BIAS

In this section we investigate the bias in the similarities between occupation prompt vectors and image prompt vectors with
specific genders. Our results are shown in Table 4.

Occupation Male Female Delta Average
doctor 0.800 0.780  0.020 0.801
nurse 0.772  0.833 -0.061 0.813

Table 4. Text-Image Bias in CLIP

We evaluate doctors and nurses for bias on two genders - male and female. To do so, we collect images of male doctors,
female doctors, male nurses and female nurses. We then calculate the average cosine similarity between the embedding of

16



Bias Begets Bias: the Impact of Biased Embeddings on Text-to-Image Models

‘doctor’ and the embeddings of all male and female medical professionals respectively. Next, we do the same for ‘nurse’.
Note that the set of images is the same across both occupations, so there is no inherent difference in quality; by symmetry,
we should expect that images of nurses are as close to the prompt ‘doctor’ as images of doctors are to the prompt ‘nurse.’
This is also why we restrict our attention to these two occupations; without the control of using the same sets of images for
different professions, it is possible that the male pictures happen to be higher quality than the female pictures of vice-versa.

The delta column shows that for the same set of images, male medical professionals got a 0.02 higher score than female
medical professionals on average for the prompt ‘doctor,” and a 0.061 lower score for the prompt ‘nurse.” Thus, this clearly
demonstrates an underlying bias in the auditing CLIPScore function; models that generate only male doctors and only
female nurses get over 5% higher alignment scores.

The average column measures the cosine similarity between the occupation o and the average of the embeddings of the
male and female images. We see that the average of the images performs better than either individual gender for the prompt
‘doctor,” but lands somewhere in between for the prompt nurse. We explore the implications of this further in the next
section.

C.3.3. MITIGATING B1AS

In this section, we explore how our proposed auditing methods, average-then-score and subclass-score, compare to the
original method score-then-average on the prompts ‘doctor’ and ‘nurse.” The results are visualized in Figure 4. We find that
average-then-score seems to perform roughly as well as score-then-average, biased towards male images for ‘doctor’ and
female images for ‘nurse.” However, subclass-score performs significantly better for both, staying roughly consistent as the
gender ratio changes. Thus, subclass-score is the most promising step for alleviating gender bias in alignment scores for
text-to-image models.
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Evaluation of Auditing Methods on Doctor
== score-then-average == average-the-score subclass-score
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Figure 4. Bias in auditing methods. The x-axis represents the proportion of the images that are male and the y-axis represents the score.
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