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Abstract. Classifier guidance is intended to steer a diffusion process
such that a given classifier reliably recognizes the generated data point
as a certain class. However, most classifier guidance approaches are re-
stricted to robust classifiers, which were specifically trained on the noise
of the diffusion forward process. We extend classifier guidance to work
with general, non-robust, classifiers that were trained without noise. We
analyze the sensitivity of both non-robust and robust classifiers to noise
of the diffusion process on the standard CelebA data set, the specialized
SportBalls data set and the high-dimensional real-world CelebA-HQ data
set. Our findings reveal that non-robust classifiers exhibit significant ac-
curacy degradation under noisy conditions, leading to unstable guidance
gradients. To mitigate these issues, we propose a method that utilizes
one-step denoised image predictions and implements stabilization tech-
niques inspired by stochastic optimization methods, such as exponential
moving averages. Experimental results demonstrate that our approach
improves the stability of classifier guidance while maintaining sample di-
versity and visual quality. This work contributes to advancing conditional
sampling techniques in generative models, enabling a broader range of
classifiers to be used as guidance classifiers.

Keywords: DDPM · Diffusion Models · Conditional Sampling · Classi-
fier Guidance · Gradient Guidance.

Reproducibility: The code, the trained model weights and the sup-
plementary material to reproduce the results is available at https://
github.com/philippvaeth/nrCG.
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1 Introduction

Denoising diffusion probabilistic models (DDPM) [9] are state of the art genera-
tive models, modelling an intractable data distribution x0 ∼ pdata via a learned
latent variable model pθ(x0) =

∫
p(xT )

∏T
t=1 pθ(xt−1 | xt) dx1:T . Through a

Markov chain Gaussian forward process (x0 → xT ) with noising transitions
q(xt | xt−1) := N

(
xt;

√
1− βtxt−1, βtI

)
, the data x0 is progressively noised with

a pre-defined variance schedule β1, . . . , βT . The Gaussian Markov reverse pro-
cess (xT → x0) with learned denoising steps pθ (xt−1 | xt) reverses the forward
process from random noise xT ∼ N (0, I) to produce samples following the data
distribution pθ ≈ pdata.

A special property of this type of generative model is the iterative sam-
pling procedure where conditional information can be added without the need
for training a specific conditional model through a procedure known as clas-
sifier guidance [18,4]. For an unconditionally trained DDPM pθ(xt−1 | xt) =
N (xt−1;µθ(xt), Σt(xt)), the mean µθ(xt) of the transitions can be shifted by
the gradients of a classifier trained over the noisy data xt as:

µθ(xt)
′ = µθ(xt) + sΣt(xt)∇xt

log pcl (y | xt) , (1)

where s is a gradient scaling factor controlling the strength of the classifier guid-
ance, and µθ(xt)

′ is the new mean of the reverse transition used for conditionally
sampling the previous sample xt−1.

Classifier guidance is commonly used to add conditional information during
the diffusion reverse process (e.g., in explainability [1], in protein design [7] and
in molecular design [21]). The main limitation of classifier guidance is that the
classifier needs to be robust to noise similar to that added during the diffusion
forward process [4] so that the gradients ∇xt

log pcl (y | xt) in equation 1 are
meaningful. This requires training a guidance classifier for each specific diffusion
model and re-training it if the desired conditioning changes or if the diffusion
forward process definition changes. Extending classifier guidance to classifiers not
trained over the specific DDPM noise (non-robust classifiers) remains a challenge.

A previously proposed solution is to let the classifier decide on a one-step
denoised image from the diffusion model instead of the noisy images directly, re-
ferred to as x̂(xt)

0 -prediction [2,1,20]. We introduce the x̂
(xt)
0 -prediction in detail

in section 2.4 (equation 5), and show that it is not enough to solve the challenge
of non-robust classifier guidance. Based on a detailed analysis of the classifier
gradients including the x̂

(xt)
0 -prediction, we propose in section 2.5 to leverage

methods from stochastic optimization to additionally stabilize the non-robust
guidance gradients further, bridging the gap to the performance of robust clas-
sifier guidance. Finally, we transfer our proposed stabilization method to the
diffusion reverse process in section 3 and show that the stabilization enables
the use of non-robust classifiers for guided sampling. In summary, we provide
a detailed analysis of how non-robust and robust classifiers behave during the
diffusion forward process, and propose a guidance stabilization technique that
allows non-robust classifiers to be used effectively for guidance in the diffusion
reverse process.
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2 Diffusion forward process

We start our analysis by comparing the classifier accuracy over different levels
of noisy data in section 2.1. We then showcase how the logits (section 2.2) and
gradients (section 2.3) of the classifier behave over time t for similar inputs. Fi-
nally in section 2.5, we analyze how the x̂

(xt)
0 -prediction (equation 5) influences

the gradients of non-robust classifiers and, as a result, propose stabilization tech-
niques to further improve non-robust classifier guidance. We conclude section 2
by recommending a stabilization technique for non-robust classifier guidance and
test this on the reverse diffusion process in section 3.

For our analysis, we train two standard MobileNetV3 [11] classifiers on the
CelebA [14] data set with an image size of 64x64 (details in section 3) to detect
the binary attribute female: (1) a non-robust classifier trained on the original
non-noisy data and (2) a robust classifier trained on data augmented by the
forward noising process of the diffusion model. In detail, for a standard training
batch of n images, we draw n time steps from a discrete uniform distribution
t ∼ U{0, T} and run the diffusion forward process for each image as:

q (xt | x0) = N
(
xt;

√
ᾱtx0, (1− ᾱt) I

)
, (2)

with ᾱt :=
∏t

s=1 αs and αt := 1−βt [9]. An increasing βt noise schedule therefore
corresponds to progressively noisier samples xt for a higher t.

For our diffusion model, we train a standard DDPM [9] with a linear noise
schedule (β0 = 0.0001, βT = 0.02), T = 400 diffusion steps, a standard U-Net
architecture [16] for the noise predictor, and the simplified MSE noise prediction
training objective [9]. Our diffusion models are implemented using the open-
source Diffusers toolbox [15] and trained for 1000 epochs (around 3 days on a
single NVIDIA A80 GPU).

2.1 Accuracy of the classifiers on noisy data

In figure 1, we compare the classification accuracy of the robust and the non-
robust classifiers over the noisy validation data set (by applying equation 2)
and see that the non-robust classifier accuracy (red) drops significantly with in-
creasing noise levels added through increasing diffusion steps, up to the point of
random guessing at less than 25% of the total diffusion steps T . This analysis
of the classification performance is a simple way to understand classifier robust-
ness over different noise levels. However, the classification performance analysis
works over the validation set perturbed by different amount of random noise,
disregarding previous time steps (equation 2). In the diffusion forward process,
the dependency on the previous sample is critical for the model definition and
the sampling procedure (Markov property).
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Fig. 1: Classification accuracy comparison of the robust, non-robust, and non-
robust with x̂

(xt)
0 -prediction (eq. 5) classifiers on the CelebA binary attribute

female. The metric is reported as the average over the validation data set.

2.2 Sensitivity of the classifier logits

To further investigate the implications of low classification accuracy in the pres-
ence of noisy data points, we propose to analyze the sensitivity of the classifier’s
output scores (logits) to small changes in input features over time. This approach
allows us to measure how the quantity of noise in the data points affects the de-
cision boundary and robustness of the classifier. Specifically, starting from the
same image x0, we do not sample two adjacent noisy versions xt and xt−1 in-
dependently (equation 2), but instead use the same noise to produce both noisy
images. This results in small changes by construction, where the same features
are perturbed in xt and xt−1 but at different scales based on the β schedule of
the DDPM forward process. This is in line with the diffusion forward process
definition in section 1, in which xt is a more noisy version of xt−1. We consider
a classification function f : X → YD which maps an RGB input image to a
D-dimensional vector of class logits and define the metric Sl as:

Sl(xt,xt−1) =
∥ f(xt)− f(xt−1)∥2

∥xt − xt−1∥2
. (3)

For two noisy data points xt and xt−1 on the same diffusion trajectory (start-
ing from the same x0), small differences between these points should correspond
to small differences in logits for a robust classifier. Note that the metric Sl is
similar to the discrete approximation of derivatives. We compare the score Sl

(equation 3) over the entire diffusion forward process for our classifiers in fig-
ure 2 to analyze the noise sensitivity of classifier logits over time. The results
confirm that the non-robust classifier is indeed much more sensitive to small in-
put changes than the robust classifier. This means that the non-robust classifier
function is not smooth and reacts with different output logits for small input
perturbations, hinting to possibly undesired behavior for the guidance of the
diffusion reverse process based on classifier gradients.
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Fig. 2: Logit sensitivity Sl (log scale) as defined in eq. 3 over time t for the robust,
non-robust, and non-robust with x̂

(xt)
0 -prediction (eq. 5) classifiers on CelebA.

The metric is reported as the average (and std) over the validation data set.

2.3 Stability of the classifier gradients

Going a step further beyond logits, we can directly compute gradients just as
they would be used in the sampling process of the diffusion model to confirm
that unstable logits over time t indeed affect the gradients necessary in classifier
guidance. We run the same experiment, but compare the sensitivity of gradients
over time t instead of logits:

Sg(xt,xt−1) =
∥∇xt

f(xt)− ∇xt−1
f(xt−1)∥2

∥xt − xt−1∥2
. (4)

An alternative interpretation of equation 4 is in terms of geometry. Equation 4
quantifies to what degree the guidance vectors point in similar directions for
adjacent time steps t and t − 1. We note that Sg is connected to the discrete
approximation of second-order derivatives, that is the curvature of the classifica-
tion function over time. In practice, a low Sg score would correspond to gradual
introduction of features during conditional diffusion sampling instead of sudden
feature changes. Based on this intuition, we can quantify through the metric Sg

how informative classifier gradients are for conditional sampling.
In figure 3, we show the metric Sg over time for the same experimental

setup as previously, confirming that the non-robust classifier with unstable logit
outputs (as demonstrated in figure 2), indeed does not have informative gradients
and is therefore not suitable for conditional guidance. On the contrary, the robust
classifier (blue line in figure 3) shows low gradient sensitivity as measured by Sg,
enabling the use of the robust classifier for classifier guidance.
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Fig. 3: Gradient sensitivity Sg (log scale) as defined in eq. 4 over time t for the
robust, non-robust, and non-robust with x̂

(xt)
0 -prediction (eq. 5) classifiers on

CelebA. The metric is reported as the average (and std) over the validation set.

2.4 Informative classifier gradients through x̂
(xt)
0 -prediction

To summarize, we have shown that classifying noisy data points with a classifier
not trained over the same noise results in a loss of accuracy and high sensitivity
of the classifier outputs to such noise. We have also shown that this results in
unstable and therefore non-informative gradients, which are not suitable for the
use in classifier guidance. One approach to resolve this issue is to apply the
classifier not on the noisy diffusion data xt but on an approximation of the fully
denoised image x0 [2,1,20]. We can estimate the x̂

(xt)
0 -prediction via:

x̂
(xt)
0 =

xt√
ᾱt

−
√
1− ᾱt√
ᾱt

ϵθ(xt, t) . (5)

The x̂
(xt)
0 -prediction seemingly resolves the issue of non-robust classifiers for

classifier guidance, supported by the high classification accuracy over noisy data
when applying the x̂

(xt)
0 -prediction before the classification (orange line in fig-

ure 1). In addition to classification accuracy, however, we also consider the gra-
dient sensitivity for x̂

(xt)
0 -prediction:

Ŝg(xt,xt−1) =
∥∇xtf(x̂

(xt)
0 )− ∇xt−1f(x̂

(xt−1)
0 )∥2

∥xt − xt−1∥2
. (6)

We show in figure 3, that the classifier with x̂
(xt)
0 -prediction (orange line)

substantially reduces gradient sensitivity (and hence improves gradient stability),
but does not yet achieve the level of a robust classifier. Hence, we believe that
further improvements, beyond the x̂

(xt)
0 -prediction, are required. We note that

x̂
(xt)
0 -prediction dramatically increases memory cost because gradients need to

be propagated not only through the classifier but also through the diffusion
model at each denoising step.
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2.5 Stable classifier gradients through moving averages

We begin our improvements with the insight that the classifier guidance process
in equation 1 effectively acts as a moving average because the mean of the reverse
sampling process in every step is the sum of the mean of the previous step and
the classifier guidance vector. However, the guidance vectors are computed in-
dependently in each step t, meaning that their directions can drastically change
between time steps as discussed in section 2.3 and shown in figures 2 and 3. Ac-
cordingly, it stands to reason to adjust classifier guidance to explicitly perform
a moving average over the guidance vectors, thus enhancing the gradient stabil-
ity. We explore two stabilization techniques inspired by the two most common
stochastic optimization algorithms, SGD with momentum [17] and ADAM [13].
For a given guidance gradient g, momentum strength β and ϵ > 0, we define:

νema
t (g, β) = β νema

t−1 + (1− β) g , (7)

νadam
t (g) =

νema
t (g, β = 0.9)√

νema
t (g2, β = 0.999) + ϵ

. (8)

We do not include any de-biasing terms into equations 7 and 8 to compensate
for extremely noisy samples with barely any signal in the initial denoising steps
(xT ,xT−1, . . . ), which results in unreliable gradients. We therefore omit these de-
biasing terms deliberately to bias the guidance terms toward zero. In the reverse
process, this will avoid adding unreliable conditioning information early in the
sampling steps, which could potentially break the diffusion sampling process due
to unlikely starting points.

We again experimentally validate on the forward process how these stabiliza-
tion techniques change the gradient stability over time. For this, we apply both
techniques (equations 7 and 8) directly on the gradients in our gradient stability
metric Sg (equation 6). We show the gradient stability over time t in figure 4,
contrasting the robust classifier to the non-robust classifier with x̂

(xt)
0 -prediction

and with the stabilization techniques. For ADAM, the gradient stability deteri-
orates over increasing time t due to the rescaling of the gradients by the running
estimate of the second moment (see equation 8), amplifying differences between
time steps t and t − 1 based on the variance of the gradient (denominator of
equation 8). For exponential moving averaging, the differences between neigh-
boring diffusion time steps become naturally smaller, with a larger window size
(β = 0.99) contributing to even more stability over time. Interestingly, the EMA
stabilization with the large window size reaches the gradient stability of the
robust classifier, especially during the first half of the forward process (t < 200).
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Fig. 4: Gradient sensitivity Sg (log scale) over time t for the robust, non-robust,
and non-robust with x̂

(xt)
0 -prediction (eq. 5) classifiers, as well as multiple sta-

bilization techniques (eq. 7,8). The metric is reported as the average (and std)
over the CelebA validation data set.

Our analysis demonstrates that gradient stability, measured by pairwise dif-
ferences over time, is connected to the classifier accuracy. Additionally, we show
that x̂

(xt)
0 -prediction enhances gradient quality from this perspective. Further-

more, by explicitly enforcing stable feature changes over the diffusion time steps
t through exponential moving averaging of classifier gradients, we can bridge
the gap between the non-robust classifier and the robust classifier in terms of
gradient stability. These observations have so far been on the diffusion forward
process to observe the gradient behavior in isolation without interference of the
diffusion reverse (sampling) process. In section 3, we will translate these findings
to the diffusion reverse process.

3 Diffusion reverse process

In the diffusion reverse process, we apply the techniques from section 2 to diffu-
sion sampling. In algorithm 1, we provide details about the implementation of
our guided sampling setup. The only difference to the standard DDPM classifier
guidance are lines 3 and 4, which is where we apply our stabilization techniques.
We introduce the data sets in section 3.1, define the metrics used to evaluate
the generated samples in section 3.2, and then use algorithm 1 in section 3.3 to
produce conditional samples for our non-robust classifiers.
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Algorithm 1 Guided DDPM Sampling
1: xT ∼ N (0, I), classifier guidance scale s, unconditionally trained DDPM µθ(xt),

DDPM forward process variance Σt(xt), guidance stabilization function ν
2: for t = T, . . . , 1 do
3: g = ∇xt log pcl

(
y | x̂(xt)

0

)
if x̂(xt)

0 -prediction (eq.5), else ∇xt log pcl (y | xt)

4: g = ν(g) if guidance-stabilization ▷ See eq. 7 and eq. 8
5: xt−1 = N (xt−1;µθ(xt), Σt(xt)) ▷ See diffusion reverse transition in sec. 1
6: x′

t−1 = xt−1 + sΣt(xt)∇xt g ▷ See eq. 1
7: end for
8: return x′

0

3.1 Data sets

For the data sets used in conditional sampling, we chose CelebA [14] as a stan-
dard image generation benchmark data set, use the SportBalls data set [19]
as a custom data set specifically created for conditional generations, and use
Celeba-HQ [12] as the real-world high resolution data set with an off-the-shelve
diffusion model. We train a standard MobileNetV3 [11] classifier on all data
sets. We train the non-robust classifier without data augmentation and the ro-
bust classifier with the training data corrupted by the same noise occurring in
the diffusion forward process.

For the CelebA data set (64x64), we train the classifiers on the binary at-
tribute female (58.3% of the total images). This class was chosen based on eas-
ily distinguishable features of the classes and the relatively clear classification
boundary. The classifiers are trained on over more than 160k training images
and evaluated over 20k validation images.

For a synthetic, more controllable, conditional sampling setup we use the
SportBalls data set (64x64). The custom data set is created by randomly se-
lecting one out of three sport balls (multi-class classification) and placing them
at random coordinates on white background with random rotation and scaling.
The data set is carefully created to have similar objects (i.e., scaling, shape, size,
rotation and placement) but with clear semantic differences (i.e., colors and pat-
tern). This data set is specifically constructed for conditional sampling due to
clear class boundaries with balanced classes for the classifier and the white back-
ground for unambiguous generations without artifacts in the images. The goal
for the conditional DDPM sampling is to generate baseballs. The classifiers are
trained on 80k training images and evaluated on 20k validation images.

For the real-world use-case on CelebA-HQ-256 (256x256), we train the same
simple classifier just as for the other data sets, but use the pre-trained DDPM
model from [9]. We use the DDPM model without modification in our stabilized
guided sampling setup to showcase how our contribution translates to third-party
models and higher dimensional data. The class to generate is female (64.1% of
the total images). The non-robust classifier is trained on 28k training images
and evaluated on 2k validation images.
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3.2 Metrics

To evaluate the resulting samples on the CelebA and SportBalls data sets, we
compute all following metrics over 50176 conditionally generated samples for the
different stabilization setups (3-7 hours on a single NVIDIA A80 graphics card).
For Celeba-HQ, we compute the metrics over 1024 samples (4 hours on a single
NVIDIA A80 graphics card) due to computational constraints.

To quantify if the guiding classifier successfully introduced class-conditional
features, we apply the classifier on the final generated samples and compute the
accuracy for the target class. Different stabilization setups and guidance scales
will lead to higher accuracy at the expense of image quality and diversity.

A common metric to quantify the visual quality of generated images is the
Fréchet inception distance (FID) [8], which compares statistics of extracted fea-
tures from a pre-trained network between the training data and generated im-
ages. For this comparison, we randomly draw the same amount of generated
samples from the training data as we generate. A low FID score indicates visual
similarity of the generated samples to the training data. This metric also serves
as a measure for diversity, as generated samples with only class-specific features
are generally less close to the training set with a diverse set of features.

To complement the accuracy and the unconditional FID metric for visual
quality, we compute a class-specific FID score which only operates on the data
of the target class (cFID). In practice, this means we compare the statistics of
the conditionally generated samples not to that of the entire data set but only to
training images of the target class. A low cFID score ensures that the generated
samples are visually close to the ground-truth images of the target class, ignoring
potential features of other classes.

3.3 DDPM sampling with stabilized non-robust classifiers

We start our improved sampling experiments on the CelebA data set and con-
clude the section with experiments on the SportBalls and the CelebA-HQ data
sets. The key hyperparameter in classifier guidance is the scale s (see algorithm 1
and equation 1), known to trade-off class conditioning and sample diversity [4].
We explore the robust classifier and the non-robust classifier with stabilization
techniques, and present the accuracy over different guidance scales in figure 5,
the unconditional FID in figure 6 and the conditional FID in figure 7.

We can observe that for a high enough guidance scale, all classifier setups ex-
cept the non-robust classifier without stabilization techniques produce consistent
class-conditional samples according to the classifier (figure 5). The non-robust
classifier guidance fails without stabilization by offsetting the unconditional dif-
fusion mean by so much that the diffusion reverse process can not recover, ul-
timately not producing any samples. We can see that the ADAM stabilization
requires a much lower scaling than the other stabilization techniques as the
rescaling of the gradients by the variance (equation 8) amplifies the guidance
scale.
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Fig. 5: Accuracy comparison for conditional sampling on CelebA with various
stabilization setups (eq. 7,8). The accuracy is presented as the average over
50176 generated samples.

From the image quality as measured by the FID in figure 6, we can notice
the FID of the robust classifier increases with a higher guidance scale. This is
expected behavior, as the quality of the images measured by the closeness to
the entire data set should decrease if the diffusion model is constrained to gen-
erate features of one class only and therefore loses diversity. The non-robust
classifier with x̂

(xt)
0 -prediction and ADAM stabilization exhibits a more rapid

increase in FID as the guidance scale increases, compared to the robust classi-
fier. The non-robust classifiers with x̂

(xt)
0 -prediction and with x̂

(xt)
0 -prediction

+ EMA stabilization all exhibit similar behavior with an increasing FID just as
the target class accuracy increases. This levels off to a stable FID value even
for very high guidance scales until too much guidance strength (>500 in this
case) eventually increases the FID again. This indicates an optimal range just
before this increase, where substantial guidance strength can be applied without
compromising sample quality or overwhelming the diffusion process.

For the class-conditional FID in figure 7, we observe a decrease in cFID score
with more guidance strength for the robust classifier up to a turning point (here
s > 40) when the cFID score increases again. This means for higher guidance
strength the overall sample quality (FID) decreases due to lower diversity as com-
pared to the complete mixed-class training set, but the class-conditional sample
quality (cFID) increases. However, if the guidance strength is too high, the cFID
reaches a turning point where the conditioning overpowers the diffusion process,
generating samples not coherent with the underlying data distribution. A similar
behavior is shown by all guidance setups, highlighting that the choice of guidance
strength trades-off sample quality and class conditioning. Our proposed guidance
setup, using x̂

(xt)
0 -prediction and EMA stabilization with β = 0.99, achieves the

best cFID score (13.9) while maintaining good overall image quality (FID of
29.37). This guidance setup outperforms even the unmodified robust classifier,
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Fig. 6: Unconditional FID comparison for conditional sampling on CelebA with
various stabilization setups (eq. 7,8). The unconditional FID is calculated over
50176 generated samples.

demonstrating the potential of non-robust classifiers for conditional sampling
when appropriately stabilized. This confirms our findings from the diffusion for-
ward process analysis in section 2. By introducing the x̂

(xt)
0 -prediction into the

classifier guidance, the classifier gradients of the non-robust classifier are more
meaningful. Through exponential moving averaging of the classifier gradients,
we can enforce stable feature changes over the guided reverse diffusion process.
The combination of the x̂

(xt)
0 -prediction and the exponential moving average

of the gradients leads to successful classifier guidance even for the non-robust
classifier. We show generations for our best guidance setup as well as without
guidance in table 1. More images are provided in the supplementary material.

Table 1: Metrics and first 10 samples for unconditional diffusion sampling
(left) and conditional diffusion sampling (right) with the non-robust classifier,
x̂
(xt)
0 -prediction (eq. 5), 0.99-EMA stabilization (eq. 7) and guidance scale of

150.0 on CelebA. Metrics calculated over a batch of 50176 samples. More images
are shown in the supplementary material.

Unconditional Conditional (best)

acc.: 55.67%, FID: 17.68 , cFID: 30.96 acc.: 99.99%, FID: 29.37 , cFID: 13.90



Diffusion Classifier Guidance for Non-robust Classifiers 13

0.0 0.01 0.05 0.075 0.1 1.0 2.5 5.0 7.5 10.0 15.0 20.0 40.0 75.0 150.0 200.0 250.0 500.0

guidance scale

15

20

25

30

35
c
F

ID

Non-robust classifier with x̂(xt)
0

-prediction

Non-robust classifier with x̂(xt)
0

-prediction + 0.9 EMA

Non-robust classifier with x̂(xt)
0

-prediction + 0.99 EMA

Non-robust classifier with x̂(xt)
0

-prediction + ADAM

Robust classifier

Non-robust classifier

Unconditional generations (no guidance)

Fig. 7: Target class FID comparison for conditional sampling on CelebA with
various stabilization setups (eq. 7,8). The class-conditional FID is calculated
over 50176 generated samples.
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(a) Accuracy
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(b) Unconditional FID
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(c) Conditional FID

Fig. 8: Accuracy, FID and cFID metrics for conditional sampling on SportBalls
with stabilization setups (eq. 7,8) calculated over 50176 generated samples.

We repeat the previous experiment on the more controlled multi-class Sport-
Balls data set. We present the accuracy in figure 8a, the unconditional FID in
figure 8b and the conditional FID in figure 8c for the different guidance setups
and scaling strength. Sample images are shown in figure 2. The robust classifier
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generates class-conditional samples, trading off the overall image quality with
the amount of conditioning added to the diffusion reverse process (figure 8c).
All guidance setups improve the guidance mechanism for the non-robust clas-
sifier, with the 0.99-EMA stabilization reaching the lowest cFID score of 18.5
while maintaining good overall image quality with a FID of 69.6. The guidance
by the non-robust classifier fails similarly as on the CelebA data without any
stabilization techniques. The special setup of the data set with clear class bound-
aries and unambiguous class features is visible in the results, where the cFID
decreases drastically when classifier guidance is successfully applied (table 2).

Table 2: Metrics and first 10 samples for unconditional diffusion sampling
(left) and conditional diffusion sampling (right) with the non-robust classifier,
x̂
(xt)
0 -prediction (eq. 5), 0.99-EMA stabilization (eq. 7) and guidance scale of

15.0 on the SportBalls data set. Metrics calculated over a batch of 50176 sam-
ples. More images are shown in the supplementary material.

Unconditional Conditional (best)

acc.: 29.63%, FID: 54.37 , cFID: 155.19 acc.: 91.05%, FID: 69.64 , cFID: 18.52

For our real-world CelebA-HQ data set, we test our best guidance setup on an
off-the-shelve DDPM. We evaluate the metrics on 1024 samples and show the first
10 generated samples as well as the corresponding metrics in figure 3. The sta-
bilized classifier guidance for the non-robust classifier with x̂

(xt)
0 -prediction and

0.99-EMA successfully generates class-conditional samples by achieving > 99%
target class accuracy, reducing the cFID by 7.52 points and trading-off condi-
tioning with overall sample quality (FID increased by 5.1 points). Visually, male
faces are slightly altered towards what the classifier believes are female features.
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Table 3: Metrics and samples for unconditional diffusion sampling (left) and
conditional diffusion sampling (right) with x̂

(xt)
0 -prediction (eq. 5), 0.99-EMA

stabilization (eq. 7) and guidance scale of 10.0 on CelebA-HQ. Metrics calcu-
lated over a batch of 1024 samples. The top row shows the first 5 generations,
the bottom row shows 5 hand-picked seeds for which the unconditional model
produces the class male. More images are shown in the supplementary material.

Unconditional Conditional

acc.: 77.1%, FID: 45.57 , cFID: 49.70 acc.: 99.02%, FID: 50.67 , cFID: 42.18

4 Related Work

Classifier guidance as proposed in [4] requires a classifier, which was trained on
the same noise as introduced in the diffusion forward process. A one-step estimate
of the denoised image from the diffusion model was proposed to apply classifier
guidance to noise-unaware classifiers [2], which we refer to as x̂(xt)

0 -prediction in
our paper. In combination with the x̂(xt)

0 -prediction, a robust classifier restricting
the non-robust classifier gradients can be used in conjunction to enable guidance
on arbitrary classifiers [1]. However, to the best of our knowledge, no paper has
so far specifically addressed the challenge of non-robust classifiers for classifier
guidance without training a specialized classifier or diffusion model. For classifier
guidance with robust classifiers, multiple improvements have been suggested, for
example [5,6].

Classifier-free guidance [10], as the predecessor of classifier guidance, sub-
sumes the auxiliary classifier into a Bayesian implicit classifier in the form of
a conditional diffusion model. Through training a conditional diffusion model,
the unconditional and conditional denoising steps can be traded-off to achieve
conditioning during sampling. We mention this parallel line of work for complete-
ness, but note that classifier-free guidance always requires training a conditional
diffusion model, which therefore does not allow adding arbitrary conditioning
information in the diffusion reverse process without retraining.
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5 Conclusion

In this study, we have extended classifier guidance techniques to non-robust clas-
sifiers within denoising diffusion probabilistic models (DDPMs). By addressing
the inherent limitations of requiring specifically trained robust classifiers for clas-
sifier guidance, we built on top of previously proposed one-step denoised image
predictions to stabilizes guidance gradients during the sampling process. Our
findings demonstrate that incorporating stabilization techniques, particularly
exponential moving averages, enhances gradient stability, bridging the perfor-
mance gap between non-robust and robust classifiers. The experimental results
on the CelebA data set indicate that our approach not only improves classifica-
tion accuracy but also maintains sample diversity and visual quality in generated
images. Future work will focus on refining these methods and exploring their ap-
plicability to other generative models and diffusion samplers. Especially other
techniques from stochastic optimization and dynamic guidance schedules will be
explored.

Limitations Classifier-guidance is sensitive to hyperparameter choices, es-
pecially the guidance scaling. We explored many hyperparameter choices in
this study but did not specifically optimize for state-of-the-art FID scores. We
only explored two stabilization techniques based on SGD with momentum and
ADAM as the two most commonly used methods from stochastic optimization.
This shows stabilization techniques are promising candidates to improve classi-
fier guidance, other techniques not explored in this study may however improve
gradient stability even further. We also use the FID metric as-is with the fea-
ture extractor pre-trained on ImageNet [3]. This results in higher FID values
for CelebA and very high FID values for SportBalls, since the features in the
data sets are different to features extracted on ImageNet. In our analysis, we
used one representative classifier architecture (MobileNetV3). Other architec-
tures may require different hyperparameter choices. The same applies for the
diffusion process, where we only used the standard DDPM setup. Translating
our findings to other diffusion reverse samplers is subject to future work.
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A Supplementary material (compact version)

(a) Unconditional CelebA samples (b) Conditional CelebA samples, s=150

(c) Unconditional SportBalls samples (d) Conditional SportBalls samples, s=15

(e) Unconditional CelebA-HQ samples (f) Conditional CelebA-HQ samples, s=10

Fig. 9: More generations for the different data sets. All conditional samples are
generated with our guidance setup of x̂(xt)

0 -prediction, 0.99-EMA stabilization
and the data set specific guidance scale s. We show the first 256 generations.
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