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Figure 1. Current diffusion models contain a signal leakage, creating a mismatch between training distribution g(zr) and inference
distribution g(&7). This leakage is pronounced when the diffusion model is tuned on a specific subset of images (middle column), but
also exists in the original model (left column). We propose (right column) to realign the inference distribution ¢(&r) with the training
distribution ¢(x ), by modeling the distribution of the signal leak via o ~ g(xo). (For visualization purposes, the plots consider images
as 1D data points, their data distributions g(xo) are chosen arbitrarily, and the noise schedule used here accentuates the discrepancy.)

Abstract

There is a bias in the inference pipeline of most diffu-
sion models. This bias arises from a signal leak whose
distribution deviates from the noise distribution, creating a
discrepancy between training and inference processes. We
demonstrate that this signal-leak bias is particularly sig-
nificant when models are tuned to a specific style, causing
sub-optimal style matching. Recent research tries to avoid
the signal leakage during training. We instead show how we
can exploit this signal-leak bias in existing diffusion models
to allow more control over the generated images. This en-
ables us to generate images with more varied brightness,
and images that better match a desired style or color. By
modeling the distribution of the signal leak in the spatial
frequency and pixel domains, and including a signal leak
in the initial latent, we generate images that better match
expected results without any additional training.

1. Introduction

Denoising diffusion models [9] employ a sequential de-
noising process to generate visually appealing images from
noise. During training, real images are corrupted with white
noise, and the diffusion model is tasked to denoise the cor-
rupted images back to their uncorrupted versions. During
inference, the trained diffusion model is given white noise,
which it progressively denoises to generate realistic images.

Interestingly, during training, images are corrupted to
various degrees, but in the case of most currently available
models, if not all, images are never corrupted down to com-
plete noise [7, 15]. Even at the last timestep, when the noise
level is maximal, corrupted images contain a signal leak,
i.e. they are not composed only of noise but still contain a
part of the original real images [15]. Only a limited num-
ber of studies examine whether the inference process actu-
ally matches the training process [14, 15,22,33], and only
a few [7, 14, 15] explicitly mention this issue. Following
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this observation, we argue that starting denoising from only
noise at inference time is not aligned with the training pro-
cess and often results in a signal-leak bias.

For instance, images generated with Stable Diffu-
sion [28] tend to always have a medium brightness [7, 15].
This bias occurs because the model learns to utilize the
brightness of the signal leak to infer the brightness of the
real image. At inference time, starting denoising from white
noise is biased toward generating images with medium
brightness, because white noise, which the model interprets
as the signal leak, has a medium brightness. Likewise, sam-
pling the initial latent from white noise also biases the gen-
erated images to have medium low-frequency components
in general, i.e. colors and brightness tend to be similar in
different areas of the image. More importantly, we notice
that the signal-leak bias prevents models tuned on specific
styles from faithfully reproducing the desired styles.

Aware of the existence of this bias, recent research [7,15]
proposes to fine-tune the diffusion models to reduce or re-
move the signal leak during training, hence generating im-
ages with more varied brightness. We, on the contrary, pro-
pose to exploit the signal-leak bias to our advantage. In-
stead of fine-tuning or retraining models to eliminate the
bias, our approach consists in estimating the distribution of
the signal leak with a simple distribution ¢p = ¢(x¢). This
is done by computing statistics on a small set of target im-
ages, for instance, the mean and covariance of their low-
frequency content, or the mean and element-wise variance
of the pixel values. During inference, rather than denoising
from a latent made only of white noise, we start denoising
from a latent composed of both white noise and signal leak,
exactly like during the training of the diffusion model.

Figure 1 visually depicts the source of the signal-leak
bias. The middle column shows intuitively the discrepancy
between training and inference caused by the signal leakage
when the model is tuned for a specific style. Our approach
shown in the right column, mitigates this discrepancy, by in-
troducing a signal leak \/@rE, Z ~ ¢y in the initial latents
Z7 during inference, hence mirroring the training distribu-
tion.

Our contributions are thus as follows:

* We provide an analysis of the signal-leak bias, with new
insights on its origin and its implications. (Section 3)

* We propose a novel approach to include a signal leak in
the sampling of the initial latents, instead of sampling
them from noise only, biasing the generated images to-
wards generating specific features. (Section 4)

We show in this paper how to use this approach and leverage
the signal-leak bias to our advantage to:

* significantly enhance the outcome of models tuned on
images of a specific style, without any additional fine-
tuning. (Section 5.1)

* generate images in a particular style with Stable Diffu-

sion [28] without any fine-tuning. (Section 5.2)

* obtain more diverse images with Stable Diffusion [28],
fixing the issue of generated images having a medium
brightness, and this without any training. (Section 5.3)

* provide greater control over the generated images, al-
lowing to generate images with specific mean color,
without any training. (Section 5.4)

2. Background and related work
2.1. Denoising Diffusion Probabilistic Models

Diffusion models [9] learn to denoise corrupted versions
x; of images &y ~ ¢(xp). The noising diffusion process
comprises 7' timesteps, typically 7' = 1000. At the first
timestep ¢ = 1, the image x; is a slightly noisy version
of xy. At the last timestep ¢t = T, the image x7 is almost
indistinguishable from noise. Transitions from x( to  are
parameterized by a noise schedule, i.e. a function o of the
timestep ¢. For any timestep ¢ € [1, T, the noisier version
x; of x;_1 is obtained from the conditional distribution:

q(x|xi_1) = N(xp; Vg1, (1 —a)I) (1)
ie. Ty = \/OTtmtfl +V1—oaie, €~ Dnoise = N(O7I)

This describes a first-order Markov chain. Using the nota-
tion @; = []._, a,, we have by the chain rule:

q(xi| o) = N (245 Varxo, (1 — ay)I) 2
ie.x; = /ouxo+ V1 — aue,

Diffusion models are trained to reverse the forward pro-
cess described in Equations 1 and 2. Namely, a neural net-
work gg ¢(x,—1|x,) with learnable parameters ¢ is trained
to predict (the distribution of) x;_; from a sample x;. With
some reparametrizations, the neural network can be trained
to predict (the distribution of) € knowing x;, o know-
ing x4, or \/aze — /1 — &;xo knowing x;. These corre-
spond to epsilon-prediction [9], sample-prediction [33], and
velocity-prediction [33], respectively.

Assuming epsilon-prediction, one training iteration of
the neural network eg ;(x;) is as follows. An image g
of the dataset, a random timestep ¢ ~ U/([1,77]) and a noise
€ ~ Dnoise are sampled. A noise-contaminated image x; is
built according to Equation 2. The neural network is given
x, and ¢, and outputs a predicted noise e¢ ¢(x;). The loss
for epsilon-prediction is typically set as the mean square er-
ror [|eg.q(@:) — e]f3.

At inference time, an initial latent & is sampled from:

q(j:T) = Pnoise = N(O, I) (3)
ie. X =€,

€ ™~ Pnoise

€ ™~ Pnoise
and iteratively denoised. For any timestep ¢ € [1,T:

qo(Tr—1) = fq(iT)HST:tQG,s(i"s—l|fis)di"t:T )
thus, to sample each &;_1, we use &; and gp +(£¢—1|%+)
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Instead of denoising through all the timesteps of the
model to generate an image &, accelerated sampling algo-
rithms have been proposed [16,37], reducing the number of
forward passes through the neural network gy ; by orders of
magnitude, e.g. from 1000 to 50 [16]. In such cases, the first
denoising iteration does not always start denoising from the
highest timestep t = 1000, but for instance ¢ = 981 (see de-
tails in Section 3.3. of [15]). Without loss of generality, we
can assume in such a case that the model was only trained
with 7" = 981 timesteps and that the inference process al-
ways starts denoising from the last timestep 7.

A commonly used diffusion model is Stable Diffusion,
which generates high-quality images conditionally on a tex-
tual prompt. Stable Diffusion is a Latent Diffusion Model
(LDM, [28]), meaning the images are represented in a la-
tent space instead of the pixel space. The equations above
still hold if we consider x( to be an image represented by
a latent code. In particular, latent codes in LDMs still have
channels and two spatial dimensions. We thus keep the ter-
minology pixel to refer to an element of the latent code.

2.2. Fixing the training of diffusion models

Sampling the initial latents from noise only (Equation 3)
is not totally aligned with the training process (Equation 2),
where images are not corrupted up to complete noise [7],
but always contain a signal leak \/arxo from a real image
x [15]. In the case of Stable Diffusion, for which the sig-
nal leakage is particularly important [15], this leads for in-
stance to generated images with medium brightness [7, 15].
To eliminate this issue, recent research [15, 33] trains dif-
fusion models enforcing ar = 0, effectively training the
last timestep from white noise, i.e. without signal leakage.
Guttenberg [7] proposes to modify the noise distribution,
such that the brightness of the real image cannot be de-
duced from the signal leak anymore. The signal leakage
also leads to difficulties in generating style-specific images.
To overcome this, Everaert et al. [4] propose to finetune Sta-
ble Diffusion on a new noise distribution that approximates
the distribution of the style images. While not focusing on
the signal leakage, Ning et al. [22] propose adding an extra
perturbation term during training to make the model more
robust to training and inference distribution changes. All of
these require retraining/finetuning the models to remove or
reduce any signal leakage.

Our approach, on the contrary, can be used directly with
any existing diffusion model. It leverages the signal leak-
age instead of retraining or fine-tuning models. Rather than
finetuning to realign the training distribution with the infer-
ence distribution, i.e. the distribution of initial latents, we
focus on realigning the inference distribution with the train-
ing distribution, by adding a signal leak /&1 to the noise
€ in the initial latents 7.

3. Signal-leak bias

3.1. Discrepancies between training and inference
distributions in diffusion models

The reverse diffusion (i.e. denoising) process described
in Equation 4 inputs the neural network gy ; with some data
x; to obtain x;_;. However, &; is obtained either from
previous predictions of the model when ¢ < T or, if t =
T, from white noise. This differs from training, where x;
is a corrupted version of a real image xy. In both cases,
t < T and t = T, the inference distribution differs from the
training distribution.

Exposure bias: The diffusion model gy, is trained us-
ing noise-corrupted versions of images (Equation 2), rather
than with the predictions of the latter timesteps as done dur-
ing inference (Equation 4). This creates a discrepancy be-
tween training and inference, which can cause error accu-
mulation during the iterative denoising process to generate
images [14, 22], similarly to the exposure bias [27,35] in
text-generation models.

Due to the signal leakage, a significant “error” often al-
ready exists at the last timestep (7"), as we explained below.
This error will be accumulated forward through the image
generation process, and hence should not be ignored.

Signal-leak bias: At inference time, the model is given
white noise as initial latent £ (Equation 3). However, we
can deduce from Equation 2 that the model was trained at
the last timestep with samples @7 from g(x):

xr ~ q(xr) & TP =arxy+ V1 —are, (5

xo ~ q(x0), €~ Dnoise

The two distributions ¢(&7) and g(xr) differ, creating a
discrepancy between training and inference distributions.
Following Lin et al. [15], we can quantify the importance
of the signal leakage by a signal-to-noise ratio (SNR):

SNR = ar/(1 — ar) (6)

This SNR depends on &, and hence on the choice of the
function «; [15]. The function o is defined according to a
[-schedule. The function 3; = 1 — ay is typically chosen
to be a linear schedule in S-space [9], a squared capped
cosine schedule in $-space [19,20], a linear schedule in \/B-
space [28], or a sigmoid schedule in 3-space [42]. The SNR
is particularly high with Stable Diffusion [15], which uses
the linear schedule in /B-space. Lin et al. [15] also link
the signal leakage to the fact that Stable Diffusion always
generates images with medium brightness.

We notice that this linear schedule in +/3-space is not
only used in Stable Diffusion, but is commonly employed
in many variants of LDM [28] as well, e.g. [2,38,39].
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3.2. Mismatch between noise and signal leak distri-
butions

The source of the signal-leak bias: The strength of the
signal leakage depends on ar. If @r = 0, then there is
no signal leakage at the last timestep 7', as can be deduced
from Equation 2. This is rarely the case [15,33].

When ap # 0, the signal leakage exists, but does not
necessarily imply a bias at inference time. As seen by
the high quality of the images generated by LDMs [2, 28,
38,39], the existence of the signal leak can have little im-
plication in practice. In LDMs, &r is high, leading to
xr = 0.068265 - g + 0.997667 - € [15]. Even though
ar is high, the training distribution ¢(xr) and inference
distribution ¢(&r) are relatively aligned because the noise
distribution pyise and the image distribution ¢(x) are sim-
ilar. Indeed, in LDMs [28], the diffusion happens in a nor-
malized VAE latent space [13], where images x( are rep-

Training Inference
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Figure 2. The first row shows values for xo, 500, 1000, and
Z1000- The second row contains their 2D-DCT components, show-
ing that natural images mostly contain low-frequency components,
unlike white noise, which is equally spread across all frequencies.
As shown in the third and fourth rows, we can recover some low-
frequencies components of the original image xo from xs500 or
partially from x1000. By eliminating all frequencies except the
lowest one (third row) or the 3 lowest ones (fourth row), we suc-
cessfully recover the low-frequency information of &y shown in
the first column, third and fourth rows. The noise introduced dur-
ing the diffusion process does not affect these low-frequency com-
ponents; thus allowing the model to learn not to alter them during
denoising, with the result of generating images with similar low-
frequency content as white noise, e.g. medium brightness. My
refers to the mask of the NV lowest-frequencies and ® symbolizes
element-wise multiplication. IDCT refers to the Inverse Discrete
Cosine Transform. We used the same [3-schedule as LDM [28].

resented by their VAE latent codes. The VAE makes the
distribution of images ¢(x() relatively similar to the noise
distribution pyeise = N(0,I). The signal leak /arxg is
then almost indistinguishable from noise, leading to almost
no bias when the initial latents are sampled from noise only.

However, whenever the signal leak has a distribution that
differs from the noise distribution, sampling the initial latent
from only noise creates a bias. At inference time, the model
expects to find a signal leak /g in the initial latent &1
to deduce information about the real image xy. Sampling
the initial latents from noise only biases the generated im-
ages, because the model interprets noise as being the signal
leak. This is especially noticeable when trying to gener-
ate images in a specific style: the model expects to find an
initial latent from a distribution that is different from white
noise (see the middle column of Figure 1).

Why Stable Diffusion always generates images with
medium brightness: In Stable Diffusion, the distribution
of images q(xo) does not exactly match pyoise = N(0,I).
For example, the mean of the pixels of a sample from ppise
always has a medium value, but the mean of pixels of a real
image will be more varied, depending on the brightness of
the image. This causes images generated with Stable Dif-
fusion to always have a medium brightness [7, 15]. We dis-
cuss here the mismatch between g(xg) and pyoise from a
frequency domain point of view. Natural images tend to be
smooth and exhibit an average power spectrum that declines
witha f~ relatlonshlp [1,5,29,41], indicating a concentra-
tion of signal power at the lowest spatial frequencies. On the
other hand, the white noise N(0, I) is equally distributed
across all frequencies, meaning noising mostly affects high-
frequency components [3]. Rewriting the Equation 6 for a
specific spatial frequency (u,v), we obtain:
dTEwo ~q(x0) ((Xu’v)z)

SR ) = e Eenon (@)
= 1= Eaomaton (X5)?)

where X" denotes the (u,v)-th term of the 2D-DCT of
an image x,. Note that £“", the (u, v)-th term of the 2D-
DCT of a noise sample € ~ N (0, I), also follows N (0, I).
Because of the prevalence of low spatial frequency content,
Eq, ((X(")?) is high when u and v are small, and negli-
gible for high frequencies. The SNR is then high for the
lowest frequencies and almost O for the remaining frequen-
cies. These observations can be visualized as in Figure 2.
Note that the mean color of the image x, i.e. the signal
Xy -0 is thus the least affected by the noise. The dlffusmn
model then learns to . the mean color X0 of the
image o from the one XT of 7. When & is sampled
from A(0, I), then X%O ~ 0, thus generated images &g
always result in Xg O~ 0, i.e., a medium brightness.
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Limitation of Stable Diffusion after tuning on a style:
Fine-tuning Stable Diffusion to a specific style usually does
not work as intended. Generated images do not match the
colors or backgrounds of the style, as illustrated in the first
rows of Figures 3a, 3b, and 3c. Even when fine-tuned on a
single solid black image, Stable Diffusion is unable to pro-
duce a black image [7]. Everaert et al. [4] show that training
with style-specific noise instead of white noise leads to bet-
ter style adaptation. We then argue that, when fine-tuning
for a specific style with white noise, there is a significant
mismatch between noise and image distributions in the pixel
domain. The distribution of images of a specific style is lo-
cated in a specific part of the image space. Hence ¢g(x)
cannot be considered similar to A/(0, I') anymore. Because
of the signal leakage, the training distribution g(xr) is far
from the inference distribution g(&7 ). Images generated by
a diffusion model tuned to a specific style thus do not look
as good as they potentially could.

4. Method
4.1. Exploiting the signal-leak bias

As discussed in Section 2.2, previously proposed solu-
tions mainly focus on eliminating the signal-leak bias by
setting a7 = 0 [15,33], on adding noise perturbations [22],
or on modifying noise distribution [4,7]. Essentially, these
methods attempt to realign the training distribution with the
inference distribution. This comes at the cost of re-training
or fine-tuning a model. To our knowledge, only Li et al. [ 14]
propose a solution to realign the distributions at inference
time, without re-training. At each denoising iteration, they
propose to find the best timestep ¢’ at which to denoise the
current ;. However, while efficient for the exposure bias,
this cannot work for the signal-leak bias - there is simply no
timestep ¢’ trained with samples from A/ (0, I).

Our solution to exploit the signal-leak bias in diffusion
models is much simpler than these previous solutions. We
focus on realigning the distribution of initial latent q(&T)
with the training distribution q(xr). This has the advan-
tage of not requiring any additional training of the diffusion
model. The key idea of our solution is to simply sample the
initial latents 7 from the training distribution (Equation
5) instead of from only white noise. Although the distri-
bution ¢(x) is unknown, we can approximate it by com-
puting statistics from a set of target images. Our approach
then consists of obtaining an approximate distribution gy of
q(xo). At inference time, we simply sample the initial la-
tents in the same way as during training (Equation 2), i.e.
with a random signal leak /ara:

&7 = arz ++1 - are (8)

T ~ qo, Eanoise:N(OaI)

Note that no other operations are needed and we then

just follow the usual process of generating images with dif-
fusion models. Equation 8 has similarities with the image-
editing work SDEdit [18], which samples intermediate la-
tents &y, as &tom(g) + /1 — Qt,€,€ ~ Dnoise (i-e. Equa-
tion 2), where 29 is an image to be edited. SDEdit [18]
focuses only on image editing and uses ty ~ 0.37 to 0.67.
Note that in our work, unlike SDEdit, we generate images
starting from the timestep 7.

4.2. Modeling the distribution of the signal leak

The current image generation process of diffusion mod-
els, which samples &7 from N(0, I), is equivalent to us-
ing Equation 8 with gy = N(0, I). We now discuss better
choices for ¢y. Following our previous insights, we con-
clude that the signal leak mismatches the noise distribution
either in the pixel domain or in the frequency domain.

We provide here two models for the distribution of the
signal leak. The first one estimates the distribution of the
signal leak in the pixel domain. We use it in Sections 5.1
and 5.2. The second one, used in Sections 5.3 and 5.4, es-
timates the distribution of the signal leak in the frequency
domain and in the pixel domain, for the low-frequency (LF)
and high-frequency (HF) contents, respectively. To be more
specific, we provide the dimensions of the elements for Sta-
ble Diffusion V1, where latent codes of images have 4 chan-
nels and 64 x 64 pixels, i.e. xg € R64x64x4  Thege values
are to be adapted to the model being used and do not imply
that our approach requires specific architectural changes.

4.2.1 Pixel-domain model

We first model the approximate distribution ¢y as
N (p,diag(0?)), a Gaussian distribution with diagonal co-
variance. The location p and covariance diag(o?) are ob-
tained from statistics of the target images.

(H)i7j,k — Meanmo iBé’j’k (9)

(0)"7F = Stdg, " (10)
ne R64><64><4 oc R64><64><4
)

These equations have similarities with prior research [4,

]. However, we only use this distribution to model the
signal leak \/arxg, instead of training the model with it.
As we show in Sections 5.1 and 5.2, this pixel-domain
model of the signal leak is effective for style adaptation of
diffusion models. Yet, because the distribution of natural
images in LDMs [28] is already approximately A(0, I),
this pixel-domain model does not help to generate images
with more varied brightness.

4.2.2 Frequency and pixel domain model

As mentioned before, the training distribution of diffusion
models on natural images differs from the inference distri-
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bution mostly in the lowest frequencies. We can thus explic-
itly model the N lowest frequencies of the signal leak by
computing the mean and covariance of the low-frequency
components from a small set of natural images. The re-
maining, i.e. the components with higher frequencies, are
modeled in the pixel domain as in the previous paragraph.
To model the N lowest frequencies, we compute the DCT
X of each target image x. We obtain a multivariate Gaus-
sian distribution ¢y p with location g1 r and covariance Xy p
by computing statistics from the DCTs X. With the nota-
tion Xo1r = My © X, the location and covariance are
estimated as follows:

dorr = N (prr, Xir) (11)
uk u,v,k
(Lp)™"" = Meang, XO,LF
k k 1,k 2,k
(S ket ks = Covg, (Xgi™, X3 ")

JLF c R4N, ZLF c R4NX4N

The high-frequency components zour = IDCT(X, —
Xo,Lr) are modeled with a pixel-domain distribution oy
as in Section 4.2.1. The signal leak /a7 & that we add in
the initial latent at inference time is sampled such that:

& ~ gy < & =IDCT(Xr) + Zur, (12)

with X ~ gorr and Zur ~ Joyrp

By combining the two components LF and HF, we cre-
ate a distribution ¢y that encompasses a broader range of
colour and brightness variations than N'(0, I'). Sampling
initial latents as in Equation 8 with this estimation gy en-
ables the generation of images with more diverse bright-
ness and colours than with A(0, I), as we show in Sec-
tion 5.3. The value of N is chosen empirically, for instance,
N = 3. While we present results obtained with DCT, note
that different approaches to model frequency components
could also be used, such as PCA or Fourier Transform.

5. Results

We experiment with Stable Diffusion, which has a sig-
nificant signal leakage [15]. Following current evaluations
of diffusion models [24, 28, 32], we compute FID (lower
is better, [8]) and CLIP (higher is better, [26]) scores from
the TorchMetrics library [21]. Metrics are computed using
200 generated images. Wherever a CLIP score is reported
(Figures 3a, 3b, 4a, 4b, and 5), the 200 images are gen-
erated from the textual prompts of the DrawBench bench-
mark [32], with a guidance scale of 7.5 [10]. In the other
cases (Figures 3c, 4c), the 200 images are generated with-
out classifier-free guidance [10]. We compute two versions
of the FID, FIDg4 and FIDyg4s, using the 64-th or 2048-th
InceptionV3 [40] feature layers, respectively. All images
are generated with 50 PNDM denoising steps [16].

5.1. Improved style for style-specific models

We apply our pixel-domain approach from Section 4.2.1
to different existing fine-tuned versions of Stable Diffusion,
covering different styles and fine-tuning strategies. Note
that the fine-tuning has already been done: we do not do any
additional fine-tuning with our approach. Our results for
three such models are shown in Figure 3. Figure 3a shows
the results of the Pokemon-LoRA model [11, 31, 34]. For
this style, we use the first 50 images of the Pokemon BLIP
captions dataset [25] to obtain our signal leak distribution
Var&, T ~ qo, but use all 833 images to compute the FID
metrics. The results obtained with the current inference pro-
cess (first row) do not correctly match the expected style, as
seen qualitatively and with the FID scores. In particular,
the generated images do not have a white background, as

e 33 B

(a) Pokemon-LoRA model [34] fine-tuned from Stable Diffusion v1.4 on
the Pokemon BLIP captions dataset [25] with LoRA fine-tuning [11,31].

Original
FIDg4 = 35.0
FID2048 = 392 .‘
CLIP = 27.5 ) -

Ours

FIDgyq = 2.7 2 4’»‘ :
FID2048 = 371 { ﬁ

CLIP = 27.1

Original
FIDg4 = 26.9
FID2p48 = 156
CLIP = 294

,,ﬂ
3
SIS
’_=

Ours
FIDgq = 1.2
FID2op48 = 120
CLIP = 27.4

(b) Stable Diffusion v1.4 model. The concept of “line-art style” [12] was
learned with Textual Inversion [6], from 7 line-art images [12].

Original
FIDg4 = 8.4
FID2g4s = 274

Ours
FIDgs = 3.8
FID2g48 = 156

(c) NASA-space model [ 1 7] fine-tuned with DreamBooth [30] from Stable
Diffusion v2 on 24 images of astronomical phenomena [17].

Figure 3. When using white noise as initial latent, existing fine-
tuning strategies lead to sub-optimal style-matching, as illustrated
in the first row of each subfigure 3a, 3b and 3c. In each of the
second rows, images are generated with the same prompts and the
same models, which we did not additionally fine-tune. In this sec-
ond row, images are generated with our proposed approach, sam-
pling a signal leak \/ar@ from our pixel-domain estimation, to
generate images that better match the target style. Please check
the style of the target images in references [12,17,25].
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opposed to those used in training the model [25, 34]. Sam-
pling the initial latents with a signal leak \/ar& generates
images matching the expected style (second row). Similar
observations are made in Figure 3b for the “line-art” style
tuned with Textual Inversion [6], and in Figure 3c for the
“Nasa-space” style tuned with DreamBooth [30]. For these
two styles, we use all the target images (respectively 7 and
24 images) to obtain our estimated distribution of the sig-
nal leak and to compute the FID scores. The FIDg4 score is
improved significantly, indicating, accordingly to the qual-
itative assessment, that the images generated with our ap-
proach reproduce more faithfully the style of the target im-
ages. Note that the CLIP score remains high, which implies
that our approach does not affect how well the generated
images match their textual prompt.

5.2. Improving style for non-style-specific models

We additionally experiment with exploiting the signal-
leak bias directly in the original diffusion model, without
using a tuned version of the model. Simply describing a
desired style in the textual prompt is often insufficient to
generate images in the desired style [4]. However, when
we combine the style description with our approach of ex-
ploiting the signal-leak bias, the generated images seem to
match well the desired style. This suggests that fine-tuning
the model for a specific style may not always be necessary,
as shown in Figure 4. It is possible to generate images in
a particular style by exploiting the signal-leak bias without
any fine-tuning. By putting a signal leak /ar®, & ~ g
into the initial latent, we bias the denoising process toward
generating images that look like . Our strategy here takes
only a few seconds to estimate the distribution ¢, all with-
out any compromise on the inference time to generate an
image, for instance as opposed to guidance [23]. Limita-
tion: Some specific styles may not be easily described in
words and may correspond to characteristics not captured
by our pixel-domain model. We design such an example in
Section 2.4 of the supplementary material. For such styles,
fine-tuning or a different model for ¢y, would be required.

5.3. Generating more varied images

As mentioned earlier, images currently generated with
Stable Diffusion tend to have medium low-frequency com-
ponents, e.g. medium brightness and little variation of col-
ors between different areas of an image. This observation
is noticeable in the top rows of Figure 5. To generate im-
ages with more varied low-frequency components, we ap-
ply our approach from Section 4.2.2 by estimating the dis-
tribution of the signal leak in both frequency and pixel do-
mains. Especially, we use 323 images from the LAION-6+
dataset [36] to model the 3 lowest-frequency components,
i.e. avalue N = 3 following the notation in Section 4.2.2.
We use the same 323 images to compute the FID scores.

Original
FIDg4 = 44.0
FID2p48 = 194
CLIP = 31.3

Ours
FIDgs = 1.7
FID204s8 = 164
CLIP = 31.0

(a) Targeting the style of the Pokemon BLIP captions dataset [25], gener-
ating images with the prompt “[text] In the style of Satoshi Tajiri, white
background.”

Original
FIDg4 = 105
FID2p4g = 423
CLIP = 29.6

Ours

FlDes — 5.6 \

FID204s — 380
CLIP = 29.8 //

(b) Targeting the style of the 7 line-art images [12], generating images with
the prompt “[text] In the style of line art, pastel colors, white background.”

Original
FIDg4 = 12.7
FIDgg48 = 313

Ours
FIDgs = 7.7
FID204s = 223

(c) Targeting the style of the 24 images of astronomical phenomena [17],
generating images with the prompt “A photo of the sky made by the
NASA”

Figure 4. When using white noise as initial latent, describing the
style in the textual prompt is insufficient to generate images that
match the desired style, as illustrated in the first row of each subfig-
ure 4a, 4b and 4c. In each of the second rows, images are generated
with the same prompts and model using our proposed approach,
sampling a signal leak /a7 @ from our pixel-domain estimation.
We used the same approach as in Section 5.1 to estimate the distri-
bution in the pixel domain for the three styles. All images here are
generated with standard Stable Diffusion 2.1, without fine-tuning
for specific styles.

We visualize in Figure 5 the effect of using our method
to sample the initial latents instead of sampling them from
white noise. The effect is slight, but noticeable on the
8 randomly-picked images of this figure. Images gener-
ated by sampling from a distribution containing a signal
leak with more varied low-frequency components also have
more varied low-frequency components. This not only
solves the issue of generating “only” medium-brightness
images but, also results in more natural variances of colors
inside each image; this all without extra training, as opposed
to previous solutions [7, 15].

The FID scores are slightly improved, suggesting, ac-
cording to our visual assessment, that images better match
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the distribution of low-level features of natural images.
The CLIP score worsens only very slightly, suggesting our
approach has almost no impact on the content and high-
frequency alignment of the generated images. Limitation:
The signal leak \/arx, T ~ gy is sampled randomly with
our approach. One advantage of prior work based on re-
training [7, | 5] is that the brightness of the generated image
matches the textual prompt instead of being random.

Original
FIDg4 = 2.65, FIDgg4s = 192, CLIP = 32.2

FIDg4 = 2.64, FID204s8 = 187, CLIP =31.8

Figure 5. We generated 8 images from Stable Diffusion 2.1, at the
default resolution 768 x 768 with 8 prompts from DrawBench [32],
in the top starting from white noise (i.e. the default behavior), and
in the bottom from our distribution realigned with the distribution
of natural images, as explained in Sections 4.2.2 and 5.3. Be-
low each generated image, we show a low-pass filtered version of
it. We observe, as expected from our analysis, that images gen-
erated by taking into account the signal leak have more varied
low-frequency components, as in natural images. Images in the
top tend to be greyish, with medium brightness and little varia-
tion of colors inside each image. Images in the bottom have more
varied colors and brightness across images. They tend to be less
greyish and to have more variation of colors inside each image.
This all comes without any additional training of Stable Diffusion.
Quantitative comparisons of average pixel values, contrast, and lu-
minance are provided in the supplementary Section 3.2.

5.4. Explicit influence on low-frequency attributes

Instead of randomly sampling the signal leak /arx,
its low-frequencies components can be manually selected
by the user. This provides explicit control over the gener-
ated image atop the textual prompt, without needing any
target images. Following the notations of Section 4.2.2,
we set N = 1 and use 323 images from the LAION-6+
dataset [30] to obtain goyp. Instead of sampling  as in
Equation 12, we manually select a value for XLF and sam-
ple & as IDCT(X ) + Zup, With Exp ~ gopp. As we show
in Figure 6, it is easy to interpret the effect of the different
values of Xip. We can consistently bias the generation of
images towards a specific brightness or desired colors.

Figure 6. Explicit control on the mean color of the generated im-
ages. Instead of sampling the signal leak /a7 & from the com-
puted distribution, we can manually set its low-frequency com-
ponents Xir and randomly sample only the high-frequency com-
ponents ur ~ qgogg- This provides a specific bias towards gen-
erating images with desired low-frequency components, here, the
mean color of the image. In this figure, images are generated from
the prompt “A glass on the beach” with Stable Diffusion 2.1 by
setting Xir € RYt00, except for one of the four channels, for
which we set the value indicated at the bottom of each column.
The four rows correspond to the 4 channels in Stable Diffusion’s
latent space.

6. Conclusion

In this paper, we show that the signal-leak bias in dif-
fusion models is not only caused by a non-zero SNR dur-
ing the training of the last timestep, but also a discrepancy
between the noise and the data distributions. When gen-
erating natural images, the discrepancy between the noise
and the data distributions lies in the frequency domain, ex-
plaining why generated images always tend to have medium
low-frequency values, including medium brightness. When
diffusion models are tuned to a specific style, the discrep-
ancy between the noise and the data distributions lies in
the pixel domain, explaining the unsatisfactory outcomes
of style adaptation of diffusion models.

We propose a simple way to exploit this signal-leak bias
to our advantage to solve these issues. By injecting a sig-
nal leak in the initial latent at inference time, we can bias
the image generation toward a desired specific color distri-
bution or a specific style. This simple step does not require
any fine-tuning making it much simpler than existing ap-
proaches for style or color-specific image generation.

We encourage future research to account for training and
inference distribution gap when training or fine-tuning dif-
fusion models, and to include a signal leak in the initial la-
tents at inference time as well, in order to mirror the training
process and achieve visually more pleasing results.
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