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Fig. 1: Qualitative comparisons between unguided (baseline) and perturbed-
attention-guided (PAG) diffusion samples. Without any external conditions,
e.g., class labels or text prompts, or additional training, our PAG dramatically ele-
vates the quality of diffusion samples even in unconditional generation, where classifier-
free guidance (CFG) [14] is inapplicable. Our guidance can also enhance the baseline
performance in various downstream tasks such as ControlNet [41] with empty prompt
and inverse problems such as inpainting and deblurring [6, 30].

Abstract. Recent studies have demonstrated that diffusion models can
generate high-quality samples, but their quality heavily depends on sam-
pling guidance techniques, such as classifier guidance (CG) and classifier-
free guidance (CFG). These techniques are often not applicable in un-
conditional generation or various downstream tasks such as the solving
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inverse problems. In this paper, we propose novel sampling guidance,
called Perturbed-Attention Guidance (PAG), which improves dif-
fusion sample quality across both unconditional and conditional settings,
achieving this without requiring additional training or the integration of
external modules. PAG progressively enhances the structure of samples
throughout the denoising process by generating intermediate samples
with degraded structures and guiding the denoising process away from
these degraded samples. These degraded samples are created by substi-
tuting selected self-attention maps in the diffusion U-Net, which capture
structural information between image patches, with an identity matrix.
In both ADM and Stable Diffusion, PAG surprisingly improves sam-
ple quality in conditional and even unconditional generation. Moreover,
PAG significantly enhances baseline performance in various downstream
tasks where existing guidance methods such as CG or CFG cannot be
fully utilized, including ControlNet with empty prompts and solving in-
verse problems such as inpainting and deblurring. To the best of our
knowledge, this is the first approach to apply guidance in solving inverse
problems using diffusion models.

1 Introduction

Diffusion models [13,27, 33, 35, 36] have gained prominence in image genera-
tion, demonstrating their capability to produce high-fidelity and diverse sam-
ples. Sampling guidance techniques, such as classifier guidance (CG) [9] and
classifier-free guidance (CFG) [14], are crucial for directing diffusion models to
generate higher-quality images. Without these techniques, as shown in Fig. 1 and
Fig. 2, diffusion models often produce lower-quality images, typically exhibiting
collapsed structures. Despite their widespread use, these guidance methods have
drawbacks: they require additional training or the integration of external mod-
ules, often reduce the diversity of the output samples, and are unavailable in
unconditional generation.

Meanwhile, unconditional generation offers significant practical advantages.
It aids in understanding the fundamental principles of data creation and its
underlying structures [5,20]. Furthermore, advancements in unconditional tech-
niques often enhance conditional generation. Importantly, it eliminates the need
for potentially costly and complex human annotations such as class labels, text,
and segmentation maps, which can be a major hurdle in tasks where accurate
labeling is difficult, such as modeling molecular structures [20]. Finally, uncon-
ditional generative models provide powerful general priors, as evidenced by their
use in solving inverse problems [6,7,17,29,30,36,39]. However, the unavailability
of CG [9] or CFG [14] can lead to sub-optimal performance.

Recognizing the importance of unconditional generation, we propose a novel
sampling guidance method called Perturbed-Attention Guidance (PAG).
PAG improves diffusion sample quality in both unconditional and conditional
settings without requiring additional training or the integration of external mod-
ules. Our approach leverages an implicit discriminator to distinguish between
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desirable and undesirable samples. By utilizing the capability of self-attention
maps in the diffusion U-Net to capture structural information [2,11,23,37,38], we
generate undesirable samples by substituting the diffusion model’s self-attention
map with an identity matrix and guide the denoising process away from these
degraded samples. These undesirable samples help steer the denoising trajectory
away from the structural collapse commonly observed in unguided generation.

Extensive experiments validate the effectiveness of our guidance method.
Applied to ADM [9], it exceptionally improves sample quality in both condi-
tional and unconditional settings. We also observe remarkable enhancements,
both qualitatively and quantitatively, when applied to the widely-used Stable
Diffusion [27]. Additionally, combining PAG with conventional guidance meth-
ods such as CFG [14] leads to further improvements. Finally, our guidance pro-
foundly enhances the performance of diffusion models in various downstream
tasks, such as inverse problems [6,30] and ControlNet [41] with empty prompts,
where the lack of conditions renders CFG [14] unusable. Notably, we have opened
new avenues for fully leveraging the generative capabilities of diffusion models
in solving inverse problems.

2 Related Work

Di [udion models. Diffusion models (DMs) [33, 35, 36] have set a high bench-
mark in image generation, achieving remarkable results in both sample quality
and distribution estimation. DDIM [34] improves sampling speed by applying a
non-Markovian process. Latent diffusion models (LDMs) [27] operate in a com-
pressed latent space, balancing computational efficiency and synthesis quality.

Sampling guidance for di[udion models. The surge in diffusion model re-
search is largely attributed to advancements in sampling guidance techniques [9,
14]. Classifier guidance (CG) [9] increases fidelity at the expense of diversity by
adding the gradient of a pre-trained classifier. Classifier-free guidance (CFG) [14]
models an implicit classifier to achieve similar effects as CG. Self-attention guid-
ance (SAG) [15] enhances sample quality in an unconditional framework by
using adversarial blurring to obscure crucial information and then guiding the
sampling process with noise predicted from both blurred and original samples.
Additionally, various guidance methods focus on conditioning [22] or image edit-
ing [3,10].

3  Preliminaries

Di [udion models. In diffusion models [9, 13,14, 36], random noise N (; 1)
is added during forward path to an image X to produce a noisy image X¢ at an
arbitrary timestep t:

P— P
Xe= Xo+ 1 t (1)
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. Q . .
with =1 rand = tS:l s according to a variance schedule 1;:::; .

A denoising network is learned to predict by optimizing an objective
h i
L= Ext n 01) K (Xt;t)kg ; @)

for uniformly sampled t 2 f 1;:::; Tg.
During sampling, the model produces denoised imag&; ; from x; at each
timestep t based on the noise estimation (x;;t) as follows:

Xt 1= P% Xt Pltit (Xe;t) + 1z 3)
wherez N (0;1) and 2 is set to ;. Starting with randomly sampled noise
xr N (0;1), the process is applied iteratively to generate a clean image,.
For the sake of simplicity, throughout the remainder of this paper, we adopt the
notation  (x;) to represent (X;t). Note that noise estimation of the di usion
model can be considered as (X) tf x,. logp(xt) [9, 14,35, 36], wherep(xt)
denotes the distribution of x;.

In addition, using the reparameterization trick, it is possible to obtain the
intermediate prediction of X, at a given timestept as

Ro=(x "1 & o) T @)

Classi er-free guidance. To enhance the generation towards arbitrary class
label ¢, CG [9] introduces a new sampling distribution p (X¢jc) composed with
both p (x¢jc) and the classi er distribution p (cjx¢), which is expressed as

P (xjc) /P (xjo)p (cixe)®; (6)

wheres is the scale parameter. It turns out that sampling from this distribution
with s > 0 leads the model to generate saturated samples with high probabilities
for the input class labels, resulting in increased quality but decreased sample
diversity [9].

CG, however, has a drawback in that it requires a pretrained classi er for
noisy images of each timestep. To address this issue, CFG [14] modies the
classi er distribution p (cjx¢) by combining the conditional distribution p (x;jc)
and the unconditional distribution p (X;):

p (xijo)p (0) °
p (Xt)
= p (xj0) " %p (xe) *: (6)
Then the score of new conditional distribution p (x:jc) would ber y, log p (X:jc)

=1+ s) (X¢;€) s (xt); where denotes true score. By approximating this
score using conditional and unconditional score estimates, we have

P (xj0) / p (xjo)p (Gx¢)° = p (xtjc)

~(X;0)=(1+ s) (Xt;0) s (xt)
= (X;0+ s( (Xt;0) (X)) = (X0 + s ¢ (7)



Self-Rectifying Di usion Sampling with Perturbed-Attention Guidance 5

(a) Diusion sampling without CFG

(b) Diusion sampling with CFG

Fig. 2: Visualization of reverse process w/o and w/CFG [14] . To visualize
the predicted epsilon, we rst convert it into Ro following Eqg. 4. For the guidance
signal ( = (Xt;€) (Xt; ), we apply an absolute value function and calculate

the mean across all channels. We use the same latent and seed for both casega)
Without CFG, di usion models generate samples with collapsed structures. (b) With
CFG, di usion models generate samples that are well-aligned to the prompt. The red
rectangles highlight the distinction between conditional ( (x¢;c)) and unconditional
(" (xt; )) predictions. Without prompt, di usion models lack guidance on what to
generate in the early stages, often leading to the omission of salient features such as
eyes and nose, and thus adding : ampli es features relevant to the prompt. Here the
prompt a corgi with ower crown is used.

In practice, (x¢;c) and (x;) are parameterized by a single neural network,
which is jointly trained for both conditional and unconditional generation by
assigning a null token as the class label for the unconditional model, such
that  (x¢) (Xt; ). The guidance signal { = (X¢;0) (X¢; ) acts as
the gradient of the implicit classi er, producing images that closely adhere to
condition c. In Fig. 2, we visualize  across timesteps and explain its role in
enhancing sample quality. A more detailed exploration of CFG's workings is
available in the Appendix E.2.

4 PAG: Perturbed-Attention Guidance

4.1 Self-rectifying sampling with implicit discriminator

Recently, it has been shown that the sampling guidance of di usion models can
be generalized as the gradient of the energy function, for instance, which can be
a negative class probability of classi er [9], negative CLIP similarity score [24],
any type of time-independent energy [3], the distance between extracted signal
such as pose and edges and reference signal [22] or any energy function which
takes the noisy sample [10].

In this work, we introduce an implicit discriminator denoted D that dier-
entiates desirable samples following real data distribution from undesirable ones
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during the diusion process. Similar to CFG [14] where the implicit classi er
guides samples to be more closely aligned with the given class label, the implicit
discriminator D guides samples towards the desirable distribution and away from
the undesirable distribution. By applying Bayes' rule, we rst de ne the implicit
discriminator as

p(yixe) _ plY)p(xiy).
p(gix)  P(P(X:P)’

wherey and ¥ denote the imaginary labels for desirable sample and undesirable
sample, respectively.

Then similar to WGAN [1,40], we set the generator loss of the implicit dis-
criminator as our energy function, Lg, and compute its derivative as

D(xt) = (8)

rv,La=r1 x, [ logD(xt)]

p(Y)p(Xt]y) P(Xtjy)

=1y log=2ftl = .

fx 100 P p(Xtj¥) Fo 100 p(X¢jy)
= 1 x (logp(xtjy) logp(xtj¥)): ()]

Then, using Eqg. 9, we de ne a new di usion sampling such that

~(Xt)= (X¢)*+ s rxLle
= (Xt) s tr x (logp(xtjy) logp(xtj¥))
= (x)+s( (x) “(x))= (x)+ s’ (10)

Since di usion models already learned the desired distribution, we use the pre-
trained score estimation network (x;) as an approximation of  r 4, logp(xijy).
For the score with undesirable labely, we approximate it by perturbing the for-
ward pass of pretrained network which we denote® (x;). Note that ” (x;) can
embody any form of perturbation during the epsilon prediction process, includ-
ing perturbations applied to the input [15] or internal representations, or both.

Connections to CFG. The formulation in Eq. 10 resembles CFG [14]. In-
deed, it is noteworthy that CFG can be considered a particular instance within
our broader formulation. First, Eq. 10 can also be de ned in class-conditional
di usion models such that

~(X;0 = (X;0+ s( (X;0) " (Xt;0): (11)

In CFG, " (xy;c) isimplemented by dropping the class label, resulting in  (x¢; ),
which in our terminology can be described as gerturbed forward pass. In this
paper, we extend the concept of theperturbed forward pass to be more applicable
even to the unconditional di usion models.

4.2 Perturbing self-attention of U-Net di usion model

In our framework, the perturbation strategies to implement » (x;) can be ar-
bitrarily chosen. However, perturbing the input image or the condition directly
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(@) Sampling process without PAG

(b) Sampling process with PAG

Fig. 3: Visualization of sampling process w/o and w/ PAG. To visualize pre-
dicted epsilon, we rst convert it into R, following Eq. 4. For the guidance signal
"= (x¢) ~(xt), we apply an absolute value function and calculate the mean
across all channels. We use the same latent and seed for both casega) Without guid-
ance, di usion models generate samples with collapsed structures. (b) With our PAG,
di usion models generate improved samples. The red rectangles highlight the distinc-
tion between the original ( (x:)) and perturbed (* (x:)) predictions. With perturbed
self-attention, the di usion model lacks an understanding of the global structure, of-
ten leading to the omission of salient features such as eyes, nose, and tongue. Adding
" thus enhances features that can only be accurately rendered with global structure
information.

can cause the out-of-distribution problem, lead the diusion model to create
incorrect guidance signals, and steer the diusion sampling toward the erro-
neous direction. To overcome this, CFG [14] explicitly trains an unconditional
model. In addition, SAG [15] employs partial blurring to minimize deviation, but
without careful selection of hyperparameters, it often deviates from the desired
trajectory. This behavior is illustrated in Appendix E.4.

On the other hand, some studies have explored manipulating cross-attention
and self-attention maps of the di usion models for various tasks [4,11,18,26,32].
They show that modifying the attention maps has minimal impact on the model's
ability to generate plausible outputs. We target the self-attention mechanism to
design a perturbation strategy applicable to both conditional and unconditional
models.

Another criterion for selecting perturbations involves determining which as-
pects of the samples should be improved during the sampling process. As il-
lustrated in the top row of Fig. 1 and Fig. 2, images generated by di usion
models without guidance often exhibit collapsed structures. To address this, the
desired guidance should steer the denoising trajectory away from the sample
exhibiting a collapsed structure, akin to how the null prompt in CFG is em-
ployed to strengthen class conditioning. Recently, several studies [2,11,23,37,38]
demonstrate that the attention map contains structural information or semantic
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Fig. 4: Conceptual comparison between CFG [14] and PAG. CFG [14] employs
jointly trained unconditional model as the undesirable path, whereas PAG utilizes
perturbed self-at&gzrltion for the same purpose. A corresponds to the self-attention map
Softmax(Q:K{ = d). In PAG, we perturb this by replacing with an identity matrix 1.

correspondence between patches. Thus, perturbing the self-attention map can
generate a sample with a collapsed structure. We visualize the perturbed ep-
silon prediction in Fig. 3 in the same manner as in Fig. 2. Notably, within the
red box in Fig. 3 (b), it can be seen that the generated samples have collapsed
structures compared to the original prediction, while preserving the overall ap-
pearance of the original sample, attributable to the attention map's robustness
to manipulation.

Perturbed self-attention. Recent studies [2,11, 37, 38] have shown that the
self-attention module in di usion U-Net [28] has two paths that have di erent
roles, the query-key similarities for structure and values for appearance Specif-
ically, in the self-attention module, we compute the queryQ,; 2 R(" W) d key
K2 R(M W) d value V; 2 R W) d at timestep t, where h, w, and d refer to
the height, width, and channel dimensions, respectively. The resulting output
from this module is de ned by:

Q K T appg?ﬁnce
SA(Q;; Ki; Vi) = Softmax  —<p—L Vi = A\ (12)

| z—9

structure

where the structure part is commonly referred to as the self-attention map.
Motivated by this insight, we focus on perturbing only the self-attention map
to minimize excessive deviation from the original sample. This perspective can
also be understood from the viewpoint of addressing out-of-distribution (OOD)
issues for neural network inputs. Directly perturbing the appearance component
V; may cause the subsequent multilayer perceptron (MLP) to encounter inputs
that it has not previously seen. This leads to OOD issues for MLP, resulting in
signi cantly distorted samples. We will discuss this further in the experiments.
However, a linear combination of value features, such as using an identity
matrix as a self-attention map that maintains the value of each element, is more
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likely to remain within the domain than direct perturbations to \fg.jherefore, we
only perturb the structural component, A; = Softmax(Q;K ;= d) 2 R™ ",

to eliminate the structural information while preserving the appearance infor-
mation. This simple approach of replacing the selected self-attention map with
an identity matrix 1 2 R™ "™ can be de ned as

PSA(Qt; Ki; Vi) = IVh = Vi, (13)
where we call perturbed self-attention (PSA). More ablation studies on perturb-
ing a self-attention map can be found in the Appendix D.2.

By using SA and PSA mod-
ule, we implement (x;) and
"N (x¢), respectively. Fig. 4 il-

Algorithm 1 Sampling with PAG

Model (x;);Model %x;):
Di usion model with self-attention and

lustrates the overall pipeline of ; .
perturbed self-attention (PSA), respectively.
our method, dubbed Perturbed- s: guidance scale, :: variance

Attention Guidance (PAG ). The xr N (0:1)
input image x; is fed into ()  for tin T;T 1;::1do

and " () and the output of the ¢ Model (x();% Model %x:)
two networks are linearly com- ~ t+s(t %) . Eg. 10
bined to get the nal noise pre- xe 1 N (pi=(xe  P=~); o). EQ. 3

diction ~ (x¢) as in Eg. 10. The end for
pseudo-code is provided in Alg. 1.  Téturn  Xo

4.3 Analysis on PAG

In this section, we explore why our guidance method is e ective. Fig. 3 shows
the sampling process using PAG, with each row (except the last) depictingo at
each timestep using the original epsilon prediction (x;), the perturbed epsilon
prediction " (x{), and the guided epsilon~ (x{). The last row in (b) shows the
guidance signal "y = (x;) ” (x{). This gure highlights how our guidance
term provides semantic cues. The red rectangle in Fig. 3 shows that the perturbed
prediction (row 3 in (b)) misses key features like eyes, nose, and tongue due to a
lack of global structure understanding. The di erence ”; focuses on these missing
features (row 4 in (b)). Adding " to the original prediction  (x;) strengthens
the sample's structure, as shown in the rst row of (b) in Fig. 3.

More analysis is in Appendix E.2 and E.3. We also visualize CFG [14] in
Stable Di usion in Fig. 2, showing how CFG uses an undesirable sampling path
in the unconditional generation to enhance class conditioning. We also discuss
the theoretical explanation for why replacing the attention map with an identity
matrix is highly e ective in Appendix E.1, drawing on the recent connection
between the transformer's self-attention and Hop eld networks.

5 Experiments

5.1 Experimental and Implementation Details

Our work utilizes pretrained models, including ADM [9], Stable Di usion 1.5 [27],
and SDXL [25]. We accessed all necessary weights from their publicly available
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Table 1: Quantitative results on ADM [9] . The best values are in bold.
Model Guidance FID # IS " Precision " Recall "
7 26.21 39.70 0.61 0.63
'mage’\‘e‘d.ge | 256 SAG 20.08 45.56 0.68 0.59
Unconditional PAG 16.23 88.53 0.82 0.51
7 10.94 100.98 0.69 0.63
'magce’\‘%? .256| 256 SAG 9.41 104.79 0.70 0.62
onditiona PAG 6.32 338.02 0.51 0.82
Fig. 5: Unconditional generation samples w/o and w/ PAG. Figures display

sampled images from Stable Di usion [27]. Each set of images shows sampling without
(Top ) and with ( Bottom ) PAG. Samples guided by PAG appear high perceptual
quality and demonstrate semantically coherent structures.

repositories and used the same evaluation metrics as in ADM [9]. For additional
experimental details, please refer to Appendix A.

5.2 Pixel-Level Diusion Models

With pretrained ADM [9], we generates 50K samples on ImageNet [8] 256256
to evaluate metrics. In Table 1, we compare ADM [9] with SAG [15] and PAG
in both conditional and unconditional generation. Table 1 shows that ADM [9]
with PAG outperforms the others with large margin in FID [12], IS [31]. The
contrastive patterns of Improved Recall and Precision [19] in unconditional and
conditional generation in Table 1 are attributed to the trade-o between delity
and diversity [9, 14, 15]. Despite this trade-o , the uncurated samples illustrated
in Fig. 5 exhibit signi cant enhancements in quality, demonstrating PAG's capa-
bility to rectify the di usion sampling path leveraging perturbed self-attention.
A qualitative comparison with SAG [15] is also presented in Fig. 6. For further
exploration, additional samples from ADM [9] are available in Appendix B.1.
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Fig. 6: Qualitative comparison between SAG [15] and PAG . Images are sam-
pled from the ImageNet 256 256 unconditional model using the same seed sequence.
Compared to samples guided by SAG, those guided by PAG exhibit signi cantly im-
proved semantic structures with artifacts removed.

Table 2: Quantitative results on Stable Di usion [27] . The results were obtained
using Stable Di usion v1.5. Sampling was conducted for each with 30K images, and the
results were measured accordingly. For text-to-image tasks, 30k prompts were randomly
selected from the MS-COCO 2014 validation set [21].

Type Condition PAG CFG FID # IS ™
B 7 53.13 16.26
Unconditional 7 3 4757 21.38
7 7 25.20 22.97

7 3 15.00 40.43

Text-to-Image 3 3 7 10.08  33.02

3 3 8.73 36.99

5.3 Latent Diusion Models

Unconditional generation on Stable Di usion. We further explored the
application of our guidance to Stable Di usion [27]. In the Unconditional part
of Table 2, we compared the baseline without PAG to that with PAG for un-
conditional generation without prompts. The use of PAG resulted in improved
FID [12] and IS [31]. Samples from Stable Di usion's unconditional generation
with and without PAG are presented in the right column of Fig. 5 and in the
top row of Fig. 1. Without PAG, the majority of images tend to exhibit seman-
tically unusual structures or lower quality. In contrast, the application of PAG
leads to the generation of geometrically coherent objects or scenes, signi cantly
enhancing the visual quality of the samples compared to the baseline.

Text-to-image synthesis on Stable Di usion. Results for text-to-image
generation using prompts are presented in the Text-to-Image part of Table 2.
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