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Digit class RGB values of associated color Color
0 (255,0,0) red
1 (0,255,0) green
2 (0,0,255) blue
3 (255,255, 0) yellow
4 (255, 0, 255) magenta
5 (0,255, 255) cyan
6 (255,128,0) orange
7 (255,0,128) rose
8 (128, 0, 255) electric violet
9 (128,128,128) grey

Table 1. RGB values of the colors associated with the digit classes
in the synthetic dataset Biased MNIST.

Digit class RGB values of left color RGB values of right color

0 (250, 79, 42) (4,175, 212)
1 (252,233, 89) (2,21, 165)
2 (171, 117, 147) (83, 137, 107)
3 (199, 212, 153) (55,42, 101)
4 (22, 198, 250) (232, 56, 4)
5 (81,245, 113) (173,9, 141)
6 (6, 60, 193) (248, 194, 61)
7 (141, 25, 194) (113, 229, 60)
8 (52, 100, 4) (202, 154, 250)
9 (212,51, 68) (42, 203, 186)

Table 2. RGB values of the colors associated with the digit classes
in the synthetic dataset Multi-Color MNIST.

A. Datasets

We present here a more detailed description of the datasets
employed for our experiments.

Biased MNIST. Biased MNIST is a synthetic variant of the
MNIST handwritten digit dataset, originally introduced in
[1], and widely used in the debiasing literature to evaluate
the effectiveness of debiasing methods. The dataset is
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constructed by associating a specific background color to
each of the ten digit classes (e.g., 0: red, 1: green, etc.; see
Tab. 1). For a proportion pgaset Of the training samples, the
background color matches the one assigned to the digit’s
class. For the remaining 1 — pgaaset, @ background color
corresponding to a different class (selected uniformly at
random) is applied. We report the RGB values of the colors
associated with the digits in Biased MNIST in Tab. 1.
Multi-Color MNIST. Multi-Color MNIST is yet another
synthetic variant of the MNIST handwritten dataset,
originally introduced in [8] and widely used in the debi-
aising literature to evaluate the effectiveness of debiaising
methods on multiple biases. The dataset is constructed by
associating two specific background color to the ten digit
classes (e.g., 0: left color is red, right color is light blue,
etc.; see Tab. 2). For a proportion pief dataset (respectively
Prightdaaser) Of the training samples, the left (respectively
right) background color matches the one assigned to the
digit’s class. For the remaining 1 — piefidataser (T€SP.
1 — prightdataset), @ left (resp. right) background color
corresponding to a different class (selected uniformly at
random) is applied.  piefidataset ANd Pright dataser are fully
tunable, thus allowing to experiment with different noise
level combinations. We report the RGB values of the colors
associated with the digits in Multi-Color MNIST in Tab. 2.
BFFHQ. Biased Flickr-Faces-HQ (BFFHQ) is a dataset
of face images that builds upon FFHQ [7] by introduc-
ing demographic biases. The target of the generation
is the age of the individual in the image, defined as
Y = {“young”, “01d”}, while the bias attribute is gender,
defined as B = {“female”,“male”}. A proportion
Pdataset = 0.95 of images labeled as “young” depict female
subjects, while the same proportion of images labeled as
“o01d” depict male subjects.

LAION-5B. LAION-5B [11] is a large-scale dataset
consisting of image—captions pairs collected from the web.
Due to its web-scraped nature, it inherently reflects a wide
range of societal stereotypes [2, 3]. We focus on the gender

ELINT3

as a bias attribute ( B = {“female”, “male”}), as it is



Parameter Biased MNIST BFFHQ
Resolutions 32-16-8 64-32-16-8
Residual blocks per resolution 2 4
Resolutions with attention 16 16
Channels per resolution 128-128-128 128-256-256-256
Attention heads 1 1
Attention blocks in encoder 4 4
Attention blocks in decoder 2 2
Nb trainable parameters 8,797,955 61,804,931

Table 3. Details of the architecture of the UNets used on the
datasets Biased MNIST and BFFHQ.

widely studied in the literature [15]. The target concept for
generation is the occupation “lawyer”. Unlike Biased
MNIST and BFFHQ, estimating the baseline value pgataset
in LAION-5B is non-trivial. As highlighted in [12], there
exists a significant distributional shift between the captions
used during model training and the prompts used at
inference time for bias evaluation. Accurate estimation of
Pdataset Would require replicating the complex methodology
proposed in [12], which we omit for the sake of simplicity.
Consequently, in the context of LAION-5B, we will focus
on whether ppode1 changes when the sampling hyperparam-
eters do, and not on the bias amplification phenomenon.

B. Experimental details

U-Net architecture. In Tab. 3 we report the main details
of the network architectures used in this paper. We imple-
mented them in a newly written codebase based loosely on
the implementation by Song et al. '[13] and based on the
model and sampler implementation of Karras et al. [6].”
Image generation. The sampler we use on models trained
on Biased MNIST, Multi-Color MNIST and BFFHQ is the
stochastic sampler of Karras et al. [6] (we also test VP-
sampler [13] and DPM-Solver [9] in the supplementary ma-
terial). We make it vary by changing the hyperparameters
{Nsteps> Schurn Simin, Stmax, w} and by either using or not the
second order correction. Regarding Stable Diffusion, we
prompt it with “A portrait photo of a lawyer”. We use the
DDIM sampler, which allows us to control the number of
sampling steps with ngeps and the stochasticity with the pa-
rameter . 7 = 0 corresponds to deterministic sampling
and 7 = 1 introduces as much variance in the process as in
the ancestral sampling of DDPM [5].

Image selection. We keep all the images generated by mod-
els trained on Biased MNIST. We only keep an image gener-
ated by Stable Diffusion or the model trained on BFFHQ if
the face of the individual in the image is clearly visible. We
use the OpenCV 8-bit quantized version of the Single-Shot-

Uhttps://github.com/yang-song/score_sde
Zhttps://github.com/NVlabs/edm

Ngeps =0 1n=03 n=0.7

6 5990 5908 5691
10 7127 7178 7031
15 6427 6412 4603
20 6045 5863 3212
25 5422 5344 5387
50 2697 2653 2651

100 1999 1950 1935
150 1328 1300 1292
200 988 940 973
250 673 650 667

Table 4. Number of samples generated by Stable Diffusion used
to compute Pmodel fOr every ngieps and every 7.

Multibox face detector to detect the face. For the model

trained on BFFHQ, we only keep the image if the face de-

tected with the highest confidence has a confidence level

above 0.999. For Stable Diffusion, the image is kept if: a

single face is detected, the confidence is above 0.95, and the

bounding box is at least 10 pixels away from all borders.

Image quality assessment. We evaluate the quality of

the generated images for Stable Diffusion using the Hu-

man Preference Score v2 (HPSv2) [14], instead of the FID
metric [4] used for Biased MNIST and BFFHQ. HPSv2
presents two key advantages over the FID: it eliminates
the need for training samples with captions resembling the
prompt and exhibits a higher correlation with human prefer-
ences. HPSv2 is trained by finetuning CLIP [10] on version

2 of the Human Preference Dataset [14].

Stable Diffusion image count. In Tab. 4, we report the
number of images used to compute every point of Fig. 6a,
Fig. 9a, Fig. 9b, and Fig. 9c. They vary for two reasons.
First, we did not generate the same number of samples for
EVETY Ngeps because the computational cost is linear in 7geps,
and therefore we could generate more images for lower
Ngeps- Then, among the generated images, we had to remove
those where the face was not clearly visible, following the
process described in Sec. 4.1, which caused the number of
remaining images to vary between the different 7.

More details on results in the main paper. Here we sum-

marize the specific configurations chosen to display the re-

sults in the main paper:

* Fig. 41 {Ngeps=25, Schum=80, Simin=0.01, Simax=80}.
Each point is obtained by using the estimator in Eq. (8)
on 4000 generated images. The unconditional score nec-
essary for CFG is computed by averaging the conditional
scores (as in Eq. (6)).

* Fig. 6a: {Schum=380, Simax=80}.

* Fig. 6b: {Schurm=80, Simin=0.1}.

* Fig. 7: {Sumin=0.1, Simax=80}.

Please note that the same effects described are observable

for a broad set of hyperparameters choice - they are here

chosen for visualization purposes only.
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Figure 9. Stable Diffusion v2.1 using DDIM sampler with € {0,0.3,0.7} (deterministic sampling). See Tab. 4 for the number of samples
used to compute each point. Note that the x-axis is on a logarithmic scale.

C. More experimental results

Dataset with multiple biases. Our previous experiments
focused on datasets with a single bias attribute. We now
verify our claims on Multi-Color MNIST [8], a dataset
with multiple known and controlled biases. In Multi-Color
MNIST, the black background of each digit is split in two
and filled with one color on the left and another color on
the right. Similarly to Biased MNIST, the correlation be-
tween the colors and the digit is controlled by piefi dataset
and prighdaase- Although the data set is quite simple, it is
still relevant because the bias levels are fully tunable and
we can assess pmodel (left and right) with perfect accuracy.
We present two combinations of the level of bias: one with
medium bias {plefl,dataset = 0.9, prightdataset = 07} and one
with high bias {pleft,dataset = O-ggapright,dataset = 09} In
Fig. 10 and Fig. 11 we present the results for medium bias
and in Fig. 12 and Fig. 13 the results for high bias. Our
previous claims hold for piefimodel and Prightmodel N both
settings : Mgeps and Schym are positively correlated with
Pleft,model AN Prightmodel. Moreover, for ngeps to have an ef-
fect on the level of bias, a minimal amount of noise in the
sampling (Schum = 10) is required. Overall, the conclu-
sion that we have drawn from a single bias attribute remains
valid for multiple biases.

Additional samplers for continuous framework. In ad-
dition to Karras’ deterministic and stochastic samplers, we
test two other samplers within the continuous framework.
Specifically, we test the deterministic and stochastic VP-
SDE sampler from Song et al. [13] and the deterministic
DPM-Solver-1 [9].

The VP-SDE is a diffusion SDE introduced by Song et
al. [13] in their seminal paper. It has a different noise sched-
ule and scaling from the SDE used in EDM [6], resulting
in a significantly different sampling trajectory. We refer to
as the VP sampler the integration of the VP-SDE with the
EDM scheme. The VP-SDE sampler has previously been
studied and implemented by Karras et al. [6]. We measure

Pmodel a8 incurred by the VP sampler on a model trained
on 10-classes Biased MNIST using the same model and the
same setup as in the experiment on the EDM sampler with
results presented in Figure 8. Thus, we vary both Scpym
and ngeps. The results with the VP sampler in Fig. 15 are
extremely similar to those obtained with the EDM sampler,
namely with a positive correlation between Scpym and Podel
and between Ngieps and pmogel, as well as the fact that the val-
ues of ppodel Obtained with different ngeps for Schum=0 are
extremely close. This experiment shows that the results of
our experiments on a given model carry over to a different
sampler with different sampling trajectories, suggesting that
the observed effects are a general phenomenon rather than
specifics of a particular sampler.

DPM-Solver is a deterministic method to efficiently sam-
ple from the diffusion models leveraging the semi-linear
structure of the probability flow ODE. In Fig. 14a and
Fig. 14b, we observe that the ppe4. measured on a model
trained on 2-classes Biased MNIST with DPM-Sampler-1
is independent with the number of sampling steps and posi-
tively correlated with the guidance scale. These findings are
not new, but they corroborate the observation that in small
models the number of sampling steps has an effect on the
level of bias only when Scpym > 0, i.e., when the sampling
process is stochastic rather than deterministic.

Effect of conditioning strength. We observe in Fig. 16
that with a high guidance scale, the biases of the classes
from O to 5 are well represented and amplified as expected,
but the biases from classes 6 to 9 are under-represented, or
even not represented at all in the case of 9. It turns out
that the RGB values (see Tab. 1) of the colors of classes
0 to 5 are in the corners of the cube [0;255]% in the RGB
space, whereas those of classes 6 to 8 are in the middle of
the edges, and that the RGB value of the color correlated
with class 9 is in the center of the cube. Keeping in mind
that the effect of CFG is to add guidance (the second term
in Eq. (5)) that “pushes” the samples away from the mean
(unconditional) data distribution and towards the class dis-
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Figure 10. prefimodet aNd Prightmodel VS Msteps fOI various Schum for a model trained on Multi-Color MNIST (pieft dataset=0.9, Pright.dataset=0.7)

using EDM sampler (same experiment as Fig. 11).
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Figure 11. prefimodel aNd Prightmodel VS Schurn fOr various ngeps for a model trained on Multi-Color MNIST (picft dataset=0.9, Pright.dataset=0.7)

using EDM sampler (same experiment as Fig. 10).

tribution, we interpret this result as the CFG pushing the
colors of the samples away from the mean color distribution
(which is gray, at the center of the RGB cube), and towards
the corners. Thus, the nature of the bias in 10-class Biased
MNIST makes it unfit to properly study the effect of w, so
we resort to 2-classes Biased MNIST, where the colors of
both classes (red and green) play a symmetrical role.

Effect of the number of integration steps. We vary here
the number of sampling steps ngeps for models trained on
Biased MNIST and BFFHQ and for Stable Diffusion. In
Fig. 6b and Fig. 18a we observe that in the 10-classes Bi-

ased MNIST pmoder increases as ngeps increases (and like-
wise in Fig. 18a). More specifically, we can observe a re-
duction of bias at low ngeps, followed by an amplification
of bias at high ngeps. The same is also evident in BFFHQ
(Fig. 192) and in Stable Diffusion (Fig. 6a). Furthermore, in
Fig. 18a we remark that the range of values that ppe4e1 can
take when we only vary ngeps is considerable: from 0.46
to 0.74. Therefore, the output distribution changes signif-
icantly, at least with respect to the bias, even though the
quality of the generated digits does not change much as we
see in Fig. 17. Fig. 19a shows the same trend on BFFHQ as
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using EDM sampler (same experiment as Fig. 13).
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previously observed on Biased MNIST: at low ngeps there
is reduction of bias and at high nyeps the bias is amplified.
Similarly, Fig. 6a shows the same increasing trend of pyodel
in Stable Diffusion. The trend remains when we use other
values of 7 (see Fig. 9¢). Since we do not have pgaaser aS
a baseline, we cannot conclude whether there is bias am-
plification, but we can at least observe that ppege varies
significantly with ngeps (from 0.949 to 0.987), which is a
previously unexplored phenomenon. In Fig. 6a we observe
that although the HPSv2 score initially increases with 7eps,
it plateaus quickly, while ppogel continues to increase.

Time window with fresh noise. The two time windows in
which the injected noise does not significantly change the
generated distribution are [40, 80] and [0, 5]:

* at the highest noise levels comprising [40, 80], the bias
(background color) may not yet be decided, hence the
eventual variations due to stochasticity do not impact the
generated color,

* at the lowest noise levels comprising [0, 5], the charac-
teristic features of the image (its digit and its color) have
already appeared, and it remains only to refine the details.

Looking at the history of the denoised images in Fig. 20, we
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see that it is indeed possible to guess the end color starting
from the time step ¢ ~ 15. However, this might be an ef-
fect specific to Biased MNIST, as we did not replicate the
experiment with other datasets and models.

The bias appears early. Overall, our interpretation of how
the generation process produces biased images is that the
bias already appears in early stages. As such, introducing
noise into the sampling process during these stages can help
reduce the upsurge of bias in generated images. We present,
in Fig. 20, a qualitative visualization of how the denoising
process produces samples in Biased MNIST (since the bias

is the background color, it is easy to visually inspect). In-
deed, the background color is the first generated feature,
which supports our hypothesis. This could inspire more re-
search in the field, notably conditioning generation of non-
biased attributes in the early stages.

Robustness of the bias oracle. Since we use an oracle
to obtain the gender and age labels of generated images on
BFFHQ, we verify that this oracle is reliable by evaluating
its accuracy on the train set. We also estimate the robustness
of our oracle by classifying the noisy versions of the train-
ing data. To inject varying levels of noise, we add Gaus-
sian noise with five different variances in the latent space of
VQ-VAE in Stable Diffusion. The results for the full train
set are shown in Fig. 21a and the group-wise accuracies are
shown in Fig. 21b, where each group corresponds to a pair
of (gender, age) labels. We can see that the gender predic-
tion remains robust to an arbitrary level of noise added in
the latent space. As for age prediction, the overall perfor-
mance remains relatively stable, however, we do observe a
temporary drop in acuracy by ~ 3% for the medium level of
noise. We speculate that the local features in this case might
be affected too strongly, just enough to resemble the fine
lines on the face, but not enough to affect the background.
To support our assumptions, we provide the noised images
for all levels of noise considered in Fig. 22. As a result,
the oracle makes more mistakes in the younger groups. If
we continue to add the noise, the background also becomes
perturbed because the injected noise is too large, and the lo-
cal features are better preserved. We provide examples of
the images generated with CDPM in Fig. 23 for reference.
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obtained by averaging the score prediction over all classes (see Eq. (6)).
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Figure 17. Samples obtained with a model trained on Biased MNIST (pgauasec=0.7) using Karras stochastic sampler with hyperparameters
{Sehum=60, Simin=0.01, Simax=80}. The number at the beginning of each row indicates the number of sampling steps for the row. Each
column corresponds to a single class. All images in the same column were generated starting from the same initial noise. Except for the
samples generated with ngeps=6, there is no noticeable quality difference between the different 7eps.
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Figure 18. Supplementary results on Biased MNIST.
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step. Under the images is the RGB average of the non-white pixels (it can become negative for high noise values). Starting from ¢ = 15.2,
it becomes possible to guess the end color of the image for the 6 first classes by setting the highest values to 255 and the others to 0. It
means that even if the images remain very noisy, the bias has already started to appear.
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Figure 22. Random train samples with all considered levels of noise injected in the latent space of Stable Diffusion.




Figure 23. Examples of the images generated with CDPM. Each column corresponds to one 7' € {500, 600, 700, 800, 900, 100}.
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