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Abstract

Machine learning models face generalization challenges
when exposed to out-of-distribution (OOD) samples with
unforeseen distribution shifts. Recent research reveals that
for vision tasks, test-time adaptation employing diffusion
models can achieve state-of-the-art accuracy improvements
on OOD samples by generating domain-aligned samples
without altering the model’s weights. Unfortunately, those
studies have primarily focused on pixel-level corruptions,
thereby lacking the generalization to adapt to a broader
range of OOD types. We introduce Generalized Diffusion
Adaptation (GDA), a novel diffusion-based test-time adapta-
tion method robust against diverse OOD types. Specifically,
GDA iteratively guides the diffusion by applying a marginal
entropy loss derived from the model, in conjunction with style
and content preservation losses during the reverse sampling
process. In other words, GDA considers the model’s output
behavior and the samples’ semantic information as a whole,
reducing ambiguity in downstream tasks. Evaluation across
various model architectures and OOD benchmarks indicates
that GDA consistently surpasses previous diffusion-based
adaptation methods. Notably, it achieves the highest classifi-
cation accuracy improvements, ranging from 4.4% to 5.02%
on ImageNet-C and 2.5% to 7.4% on Rendition, Sketch, and
Stylized benchmarks. This performance highlights GDA’s
generalization to a broader range of OOD benchmarks.

1. Introduction
Deep networks have achieved unprecedented performance
in many machine learning applications, yet unexpected cor-
ruptions and natural shifts at test time [9–11, 14, 27] still de-
grade their performance severely. This vulnerability hinders
the deployment of machine learning models in the real world,
especially in safety-critical, high-stake applications [32].

Test-time adaptation (TTA) [44, 50] emerges as a new
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Figure 1. Sample OOD data and adaptations via existing diffusion
method and our GDA method. The leftmost column shows OOD
samples under different style changes, including sketch, painting,
and sculpture. The middle column shows samples adapted by tradi-
tional diffusion. The rightmost column shows samples adapted with
our GDA method. The visualization shows that GDA can generate
samples with multiple visual effects, such as re-colorization for
the sketch sample, texture enhancement for the painting sample,
and object highlighting for the sculpture sample. All three GDA-
adapted samples are correctly classified by ResNet50, whereas all
others are misclassified.

branch to improve out-of-distribution robustness by adjust-
ing either the model weights or the input data. The former
assumes that the weights are not frozen, and can be modified
iteratively during test time [40, 44, 50]. It thus requires edit
access to the model and complicates model maintenance
because all adapted model versions need to be tracked. The
latter modifies the input with random noise vectors or struc-
tural visual prompts [25, 41–43] optimized for pre-defined
objectives. The visual prompt design is, however, prone to
overfitting due to the high dimensionality of the prompts.
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Figure 2. The flow of GDA. We guide the diffusion model with our novel structural guidance that includes marginal entropy, style loss, and
content preservation loss. Given the corrupted samples x0, when going through the reverse process at step t, our structural guidance will first
(1) Generate the sample xg

t−1 for the next reverse time step t− 1. (2) Update the xg
t−1 with the gradient calculated from the losses. Our loss

is computed by the reference image x0 and its corresponding denoised image x̂g
0,t conditioned on xg

t at reverse time step t.

Therefore, we focus on a new branch of test-time adapta-
tion, diffusion-based adaptation, that does not need to mod-
ify model weights and provides more structured guidance.
Prior work [2, 5] shows that diffusion is powerful for trans-
ferring style and countering natural corruptions by adding
simple structural guidance, a latent refinement step condi-
tioned on the input of the reverse process (e.g., a sequence
of up-scaling and down-scaling processes). However, the
key performance gain of prior work [5] is shown only in
specific corruption types, such as the Gaussian noise or Im-
pulse noise. The results imply two challenges that limit the
generalizability of diffusion for adaptation: (1) The struc-
tural guidance in prior work can handle only high-frequency
corruption and does not generalize well to other types of
corruption. (2) The diffusion model is fully trained on the
source domain data, which potentially causes learning biases
and can fail to restore the distribution shift in OOD data.

To address these challenges and improve the generalizabil-
ity of diffusion models, we propose Generalized Diffusion
Adaptation (GDA), an efficient diffusion-based adaptation
method robust against diverse OOD shifts at test time, in-
cluding style changes and multiple corruptions. Our key idea
is a new structural guidance for unconditional diffusion mod-
els, consisting of three components: style transfer, content
preservation, and model output consistency. We show sam-
ple OOD data adapted by GDA in Fig. 1 and demonstrate the
schematic in Fig. 2. To let the corrupted sample shift back to
the source domain, GDA incorporates the structural guidance
into the reverse process, which has three components: (1)
The style loss utilizes CLIP model to transfer the image style;

(2) The patch-wise contrastive loss calculated from samples’
features aims to preserve the content information; (3) The
marginal entropy loss calculated on samples and its augment-
ing version for ensuring the consistency of output behavior
on the downstream task. During the reverse process, GDA
iteratively updates the generated samples for every time step
by calculating the gradient from three objectives.

The trade-off between style transfer and content preserva-
tion in the diffusion model has been studied by [48]. How-
ever, the output behavior of the downstream classifier on
the generated samples is still unexplored in the diffusion-
driven adaptation, which is crucial to the robustness. Our
key insights are: (1) Marginal entropy can measure the am-
biguity of the unlabeled data with respect to the target clas-
sifier [7, 50]. (2) The marginal entropy calculated from a
sample without corruption (clean sample) and its augmented
versions is usually lower than a corrupted sample; clean sam-
ples are typically less ambiguous to the target classifier. (3)
The diffusion guided with marginal entropy will move the
sample away from the decision boundary.

Our main contributions are as follows.
• We propose Generalized Diffusion Adaptation (GDA), a

new diffusion-based adaptation method that generalizes to
multiple local-texture and style-shifting OOD benchmarks,
including ImageNet-C, Rendition, Sketch, and Stylized-
ImageNet.

• Our key innovation is a new structural guidance towards
minimizing marginal entropy, style, and content preser-
vation loss. We demonstrate that our guidance is both
effective and efficient as GDA reaches higher or on-par
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accuracy with fewer reverse sampling steps.
• GDA outperforms state-of-the-art TTA methods, includ-

ing DDA [5] and Diffpure [30] on four datasets with re-
spect to target classifiers of different network backbones
(ResNet50 [8], ConvNext [23], Swin [22], CLIP [34]).

• Ablation studies show that GDA indeed minimizes the
entropy loss, enhances the corrupted samples, and recovers
the correct attention of the target classifier.

2. Related Works
2.1. Domain Adaptation

Various types of out-of-distribution data (OOD) have been
widely studied in recent works to show that OOD data can
lead to a severe drop in performance for machine learning
models [9, 14, 24, 26, 27, 35]. To improve the model robust-
ness on OOD data, one can make the training robust by incor-
porating the potential corruptions or distribution shifts from
the target domain into the source domain training data [14].
However, anticipating unforeseen corruption at training time
is not realistic in practice. Domain generalization (DG) aims
to adapt the model with OOD samples without knowing the
target domain data during training time. Existing adaptation
methods [4, 19, 24, 26, 37, 40, 44, 50–52] have shown signif-
icant improvement on model robustness for OOD datasets.

2.2. Test-time Adaptation

Test-time adaptation is a new paradigm for robustness to dis-
tribution shifting [25, 40, 50] by either updating the weights
of deep models or updating the input. BN [20, 37] updates
the model using batch normalization statistics. TENT [40]
adapts the model weight by minimizing the conditional en-
tropy on every batch. TTT [40] attempts to train the model
with an auxiliary self-supervision model for rotation predic-
tion and utilize the self-supervised loss to adapt the model.
MEMO [50] augments a single sample and adapts the model
with the marginal entropy of those augmented samples. Test-
time transformation ensembling (TTE) [33] augments the
image with a fixed set of transformations and aggregates the
outputs through averaging. Input-based adaptation methods
focus on efficient weight tuning [18, 25, 41–43] with prompt-
ing technique, which modify the pixels of input samples by
minimizing the self-supervised loss. Tsai et al. [42] adapt
the input by adding a learnable small convolutional kernel
and optimizing the parameters during the test time. Mao et
al. [25] add an additional vector to reverse the adversarial
samples by minimizing the contrastive loss.

2.3. Diffusion Model for Domain Adaptation

Recent works have shown diffusion models emerge as a pow-
erful tool to generate synthetic samples [29, 36, 39]. A large
body of work has studied high-quality image generation by
diffusion models. Diffusion models can be widely applied

to various computer vision areas, such as super-resolution,
segmentation, and video generation [16, 17, 21, 38, 47]. In
particular, they learn how to reverse the sample from noisy to
clean during the training process and the samples are usually
drawn from a single source domain. Several works study us-
ing diffusion for image purification from out-of-domain data
(e.g., corruption or adversarial attack) [5, 30]. Diffpure [30]
purifies the adversarial samples by diffusion model by solv-
ing the stochastic differential equation (SDE) and calculating
the gradient during the reverse process. DDA [5] applies
diffusion to adapt the OOD samples with multiple corrup-
tion types and shows the diffusion-based adaptation is more
robust than the model adaptation. However, this approach
can only adapt well to noise-type corruption and requires
large number of reverse sampling steps (e.g., 50). ILVR [2]
attempts to generate diverse samples with image guidance
using unconditional diffusion models, but the stochastic na-
ture posed a challenge. In our work, we investigate how to
enlarge the capability of diffusion with a more structured
guidance. DSI [49] improves OOD robustness by linearly
transforming the distribution from target to source and filter-
ing samples with the confidence score. Different from prior
works, GDA applies a new structural guidance conditioned
on style, content information, and model’s output behavior
during the sampling process in diffusion models. Our struc-
tural guidance is target domain-agnostic, meaning we do not
access any ground-truth label or style information of input
samples during test time.

3. Generalized Diffusion Adaptation
We now introduce our generalized diffusion-based adapta-
tion method (GDA). Given an unconditional diffusion model
pre-trained on the source domain XS and an input image
x0 sampled from the target domain XT , the diffusion model
should generate samples x̂0 for x0, and the generated sam-
ples x̂0 should move closer to the source domain XS .

We apply the DDPM in our adaptation. Given an image
x0 sampled from the target domain XT , DDPM first grad-
ually adds Gaussian noise to the data point x0 through a
fixed Markov chain during the forward process for T steps.
Specifically, we sample data sequence [x0, x1, ..., xT ] by
adding Gaussian noise with variance βt ∈ (0, 1) at timestep
t ∈ [1, ..., T ] during the forward process, defined as:

q(xt|x0) =
√
ᾱtx0 +

√
1− ᾱtϵ , (1)

where ϵ ∼ N (0, 1) is the noise we add, αt = 1 − βt, and
ᾱt = Πt

s=1αs. The reverse process then generates a se-
quence of denoised image [xg

t , x
g
t−1..., x

g
0] from timestep

t ∈ [T, ...1]. For timestep t in the reverse process, the de-
noised image can be defined as:

xg
t−1 =

1
√
αt

(
xg
t −

1− αt√
1− ᾱt

ϵθ(x
g
t , t)

)
+ σtϵ , (2)
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Algorithm 1: Generalized Diffusion Adaptation
Input: Pretrained classifier F(·), Augment function setA, OOD images

x0, Diffusion time step T , Objective function
ℓstyle(·), ℓcontent(·), and ℓmarginal(·), target prompt r,
Uncertainty score function H(·)

Output: Class prediction ŷ for adapted sample of x
Inference
xg
T ← q(xT |x0), xg

T ∼ N (1, 0) // forward process
for t ∈ {T, ..., 1} do

x̂g
t−1 = pθ(x

g
t−1|x

g
t ) // reverse process

xg
0,t =

√
1
ᾱt

xg
t −

√
1−ᾱt
ᾱt

ϵθ(x
g
t , t)

ℓguided = ℓcontent(x
g
0,t, x0) // structural guidance

+ℓstyle(x
g
0,t, r) + ℓmarginal(F(A(xg

0,t)))

xg
t−1 = x̂g

t−1 +▽xℓguided(x)|{x=x
g
0,t,x0}

if H(xg
0) < H(x0) then

x⋆ ← xg
0 // confidence filtering

else
x⋆ ← x0

return ŷ ← F(x⋆)

where ϵθ is a trainable noise predictor that generates a pre-
diction for the noise at the current timestep and removes the
noise. σt is the variance of noise. Ideally, the generated
sample xg

0 should be moved forward to the distribution of
the source domain trained for the diffusion model.

Structural Guidance in Diffusion Reverse Process The
trade-off between preserving content while translating do-
mains or style has been studied by DDA [5, 48]. When
the noise variance σ is more extensive, it is challenging to
preserve the content information. Therefore, the structural
guidance allows the diffusion model to generate samples
conditioned on the predefined objectives. In particular, the
structural guidance iteratively refines the latent for the input
images during the reverse process so that the content infor-
mation in the sample can be preserved while translating the
style or shifting the domain.

Due to the sampling process of DDPM being a Markov
chain, it requires all past denoising steps to obtain the next
denoised image. The long stochastic operations can lead
to huge distortion of the content information. To guide the
diffusion more efficiently with structural guidance, we speed
up the sampling process with DDIM [38] by skipping several
reverse steps. The reverse process can be redefined as:

xg
t−1 =

√
ᾱt−1

(
xg
t − xg

0,t

)
(3)

+
√

1− ᾱt−1 − σ2
t ϵθ(x

g
t , t) + σtϵ

where xg
0,t is the predicted denoised image for x0 condi-

tioned on xg
t at the time step t and is defined as:

xg
0,t =

xg
t −

√
1− ᾱtϵθ(x

g
t , t)√

ᾱt
, (4)

Our structural guidance has two steps: (1) At time step
t, generate the sample xg

t−1 for the next step t − 1. (2)

Update xg
t−1 with the gradient calculated from our structural

guidance. To avoid the conflicting with the original reverse
sampling step at each time step in the diffusion, our structural
guidance is computed by the reference image x0 and its
corresponding denoised image xg

0,t at reverse time step t.
The updated process is defined as:

x̂g
t−1 ∼ pθ(x

g
t−1|x

g
t )

xg
t−1 = x̂g

t−1 +▽xℓguided(x)|{x=xg
0,t,x0} (5)

where ℓguided is our objective function for structural guid-
ance, and the inputs of the objective are xg

0,t and x0.

Sampling Strategy In Algorithm 1, we present GDA. Our
proposed structural guidance incorporates the marginal en-
tropy loss into the objective function to ensure the output
behavior of the model has consistent predictions on gener-
ated samples and their augmented version. Inspired by [48],
we combine text-driven style transfer using CLIP and content
preservation using zero-shot contrastive loss. Our objective
function is:

ℓguided(·) = ℓmarginal(·) + ℓstyle(·) + ℓcontent(·) (6)

where ℓmarginal denotes the marginal entropy loss. ℓstyle
and ℓcontent denote the style and content preservation loss.
We further discuss the details for each loss component.

Marginal Entropy Loss We notice the stochastic nature
of the diffusion model in the reverse process, where the noise
ϵ can lead to the distortion of content information in the input
image and cannot correctly generate samples close to the
source domain that diffusion has been trained on. Given a
model fθ which is trained on the source domain, we add
the marginal entropy loss for guiding the diffusion reverse
process. In particular, the loss will force the whole diffusion
process to generate samples that can decrease the model’s un-
certainty for fθ. At timestep t, given a generated sample xg

t

and a set of augmentation functions A = {A1, A2, ..., An},
we augment the sample xg

t by choosing subset of augmen-
tation functions from A. We denote the image sequence
of augmented data as A1(x

g
t ), A2(x

g
t ), ..., Ak(x

g
t ), where

k ≤ n. The marginal output distribution for the given gener-
ated sample xg

t is defined as:

p̄θ(y|xg
t ) ≈

1

k

k∑
i=1

pθ(y|Ai(x
g
t )) , (7)

where pθ is the output prediction of each augmented sam-
ple and p̄θ is the average on all augmented samples. Our
intuition lies in that fθ is trained on the source domain
XS = [x1, x2, ..., xN ] and should learn the invariance be-
tween the augmented samples x̂1, x̂2, ..., x̂N and XS . When
generating a sample xg

t at time step t ∈ [T, ..., 1] from diffu-
sion, if the sample is close to the source domain, the output
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prediction of its augmented versions will be consistent, and
the marginal entropy loss will become small. Thus, we can
utilize this loss to ensure the diffusion process generates
samples close to the source domain. Here, the entropy of
marginal output distribution is defined as:

ℓmarginal = −
∑
y∈Y

p̄θ(y|A(xg
t )) log p̄θ(A(xg

t )) (8)

To better control the sample quality from the dif-
fusion model, the uncertainty estimation on original
and adapted samples is then applied to the sampling
strategy. The uncertainty score function is H(x) =
−
∑

y∈Y pθ(y|x)) log pθ(x), where the input can be the orig-
inal sample x or adapted samples xg

0.

Style and Content Loss To transfer samples from one
style to another without content distortion, prior work pro-
posed guided-loss for the diffusion model [48]. Inspired by
them, We use the CLIP model to calculate the style loss. By
injecting a text prompt related to the source domain (e.g.,
photo-realistic, real), the CLIP model calculates the similar-
ity between the features extracted from the input image and
the text prompt. Our style loss is defined as:

ℓstyle =
Encimg(x

g
0,t) · Enctxt(t)

∥xg
0,t∥ · ∥t∥

, (9)

where Encimg and Enctxt are the image and text encoder
in the CLIP model.

To avoid content distortion, we use patch-wise contrastive
loss to ensure the generated sample’s content information
is consistent with the original sample. In [31], they show
contrastive unpaired image-to-image translation loss can pre-
serve the content information by maximizing the mutual
information between the input and output patches. To com-
pute the content preservation loss, we extract the spatial
features from the UNet component of the diffusion model.
The content preservation loss is:

ℓcontent = − log yi,j
exp(ẑTi zj)/τ∑
k ̸=i exp(ẑ

T
i zk)/τ

, (10)

where ẑ and z are the corresponding patch-wise features of
xg
0,t and x0 extracted from UNet h(·). τ is the temperature

scaling value. yi,j is a 0-1 vector for indicating the positive
pairs and negative pairs. If yi,j is 1, the i-th feature ẑi and
j-th feature zj are at the same location from the xg

0,t and x0

samples. Otherwise, they are from different locations.

4. Experiment
This section presents the details of our experiment settings
and evaluates the performance of our method. We com-
prehensively study multiple types of corruption and style-
changed OOD benchmarks. More analyses are shown in
Section 5 and Appendix, including sensitivity analysis on
different adaptation methods and sample visualization.

4.1. Experimental Setting

Dataset. We evaluate our method on four kinds of
OOD datasets: ImageNet-C [28], ImageNet-Rendition [13],
ImageNet-Sketch [46], and ImageNet-Stylized [15]. The
following describes the details of all datasets.

• Natural OOD Data. ImageNet-Rendition [14] con-
tains 30,000 images collected from Flickr with specific types
of ImageNet’s 200 object classes. ImageNet-Sketch [46]
consists of 50000 sketch images that greatly degrade the
performance on large-scale image classifiers.

• Synthetic OOD Data. The corruption data is synthe-
sized with different types of transformations (e.g., snow,
brightness, contrast) to simulate real-world corruption.
ImageNet-C is the corrupted version of the original Ima-
geNet dataset, including 15 corruption types and five severity
levels. To evaluate our method, we generate the corruption
samples with severity level 3 based on the official GitHub
code [10] for each of the 15 corruption types. ImageNet-
stylized [15] is another synthetic dataset with huge style
change, including eight kinds of styles (e.g., oil painting,
sculpture, watercolor, ... etc.). The local textures are heavily
distorted, while global object shapes remain (more or less)
intact during stylization. We generate the stylized-ImageNet
based on the official code [6]

Model. We use an unconditional 256*256 diffusion model
trained with the original ImageNet dataset [3]. For the down-
stream classification models, we test on several architec-
tures, including traditional CNNs, ResNet50 [8] and Con-
vNext [23]; and state-of-the-art transformer Swin [22].

Baseline Details We compare our method to several base-
lines, including standard models without adaption and
diffusion-based adaption.

• Standard: This baseline uses the three pre-trained
classification models without adaptation.

• DDA [5]: This diffusion-based adaptation method pro-
vides structural guidance by adding a linear low-pass filter
D, a sequence of downsampling and upsampling operations.
We set the reverse step of DDA as 10. The samples will
first go through the reverse process and the latent refinement
step computes the difference between the output of D on
reference image x0 and the generated image.

• Diffpure [30]: This baseline uses the diffusion model
to purify adversarial samples. It provides an ad-joint method
to compute full gradients of the reverse generative process
by solving the SDE. Diffpure and DDA rely on the same
unconditional diffusion model but differ in their reverse steps
and guidance.

• w/o marginal: To understand how every objective
in our method contributes to the optimization, we remove
marginal loss from our method and use only the style and
content preservation loss.
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ResNet50 ConvNext-T Swin-T
Standard 37.30 59.60 54.33

Diffpure [30] 15.83 47.23 35.69
DDA10 [5] 38.90 63.26 49.65
w/o marg. 40.9 59.70 55.86

GDA (ours) 41.70 65.24 59.35

Table 1. Classification accuracy on the ImageNet-C under sever-
ity level 3 for three model architectures. We compare the result
between GDA and the four baselines, including Standard, Diff-
pure [30], DDA [5], and w/o marginal. GDA consistently achieves
the highest accuracy (numbers in bold) .

ResNet50 ConvNext-T Swin-T CLIP-B/16
Rendition

Standard 37.0 49.8 43.6 72.7
Diffpure 29.8 49.4 43.5 71.4
DDA50 42.0 51.8 42.1 70.6
w/o marg. 39.4 50.5 44.2 73.4

GDA (ours) 44.5 52.4 47.6 76.5
Sketch

Standard 23.0 35.4 29.0 50.7
Diffpure 13.9 37.4 27.2 48.9
DDA50 23.5 34.0 27.1 44.9
w/o marg. 23.9 35.7 31.1 51.2

GDA (ours) 25.5 38.5 35.9 55.5
Stylized

Standard 16.5 35.3 27.3 22.4
Diffpure 6.1 19.8 16 22.4
DDA50 19.2 27.8 18.8 21.7
w/o marg. 20.1 36.6 30.9 22.6

GDA (ours) 23.0 41.6 32.3 25.1

Table 2. The classification accuracy on three OOD benchmarks,
including Rendition, Sketch, and Stylized-ImageNet under four
model architectures, including ResNet50, ConvNext-T, Swin-T,
and CLIP-B/16. We set the timestep for DDA as 50. Numbers in
bold show the best accuracy.

Implementation Details We adopt the DDPM strategy on
the forward and reverse sampling process. The total time
step t is set as 50. We replace the step size from T to t, where
t ∈ [0, 50]. Given an input image x0, we obtain the xt at time
step t from the forward diffusion process. We combine the
three loss terms as a joint optimization, with their Lagrange
multipliers as hyperparameters. The hyperparameter values
for each benchmark are shown in Appendix Table 7. For
the augmentation function A in marginal entropy loss, we
use AugMix [12], a data augmentation tool from Pytorch,
which randomly select several augmentation functions (e.g.,
posterize, rotate, equalize) to augment the data.

4.2. Experimental Results

Table 1 shows the results on ImageNet-C. Compared with
the three standard models without adaptation, including
ResNet50, ConvNext-Tiny, and Swin-Tiny, GDA improves
the performance by 4.4% ∼ 5.64%. Compared with DDA [5]
and Diffpure [30], GDA outperforms them by 2 ∼ 4% on
average. Besides, to study the effect of marginal entropy, the
without marginal shows the baseline without guiding with
the marginal entropy loss. Our results show that the diffusion

GDA (ours)
# of Aug. 0 2 4 8 16 32
Rendition 39.4 39.7 40.5 44.2 44.5 44.7

Sketch 23.9 22.8 23.2 24.3 25.5 25.3
Stylized 20.1 19.4 19.6 21.7 23.0 23.5

Table 3. The classification accuracy of GDA with different augmen-
tation numbers on Rendition, Sketch, and Stylized-ImageNet OOD
benchmarks using ResNet50 model architecture. When number
of augmentation is 0, we show the results of GDA w/o marginal
guidance. The accuracy values start to saturate when the number of
augmentations exceeds 16.

model can effectively guide the sample back to the source do-
main with marginal entropy guidance when compared with
no marginal guidance and can improve the accuracy by 5.2%.
Fig. 3 shows the details of the performance for every 15 cor-
ruption types under three model architectures compared with
four baselines. In Table 2, we further demonstrate the perfor-
mance on Rendition, Sketch, and Stylized-ImageNet, which
are more challenging datasets with massive style changes.
For the Rendition, our method can improve by 2.6∼7.4%
robust accuracy compared with three standard model and
outperform state-of-the-art by 0.6%∼5.5%. For the Sketch,
GDA can improve the accuracy by 2.5%∼6.9%. We show
the state-of-the-art DDA and Diffpure do not have any im-
provement on the performance for Sketch dataset. For the
Stylized-ImageNet, we improve the accuracy by 6.4% on av-
erage and outperform the state-of-the-art DDA by 2.7∼5%.
In Appendix 8, we show more experimental results of GDA
on ImageNet-C severity 5, and the comparison with other
model adaptation baselines.

Number of augmentation in marginal guidance In Ta-
ble 3, we show the performance of guiding with marginal
entropy loss under different numbers of augmentation on
three OOD benchmarks, including Rendition, Sketch, and
Stylized-ImageNet. For every step, the marginal entropy
loss is computed based on all augmented samples. We set
the number of augmentations from 2 to 32. Our result shows
that when increasing the number of augmentations to 8 and
16, the performance significantly increases on every bench-
mark. To be more efficient, in our experiment, we set up the
number of augmentation for marginal entropy loss as 16.

5. Ablation Studies
Entropy Loss Measurement We do the quantitative mea-
surement of our method by showing the entropy loss dis-
tribution for different corruptions. Our entropy is defined
as H(x) = −

∑
y∈Y pθ(y|x)) log pθ(x), where it measures

the ambiguity of the data with respect to the given target
classifier. The lower entropy loss means the model has the
higher confidence in the samples. As Fig. 4 shows, the differ-
ent colors represent different adaptation methods. The dark
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(a) ResNet50

(b) ConvNext-T

(c) Swin-T

Figure 3. Comparison of the performance for our method with baselines under 15 types of corruption in ImageNet-C for three model
architectures, including ResNet50, ConvNext-T, and Swin-T. GDA shows better improvement on all corruption types for ImageNet-C.

(a) Frost (b) Gaussian Noise (c) Pixelate

Figure 4. Entropy loss measurement for different corruptions on ImageNet-C. From left to right, the x-axis shows different adaptation
methods. The y-axis shows the entropy loss values. The lower value means the model has higher confidence on the sample. In each subfigure,
from left to right, we show the loss distribution for original sample (green), corrupted samples (orange), samples adapted by Diffpure [30]
(blue), samples adapted by DDA [5] (pink), and samples adapted by our method (light green).

green color represents the original sample and the orange
color represents the loss distribution of corrupted samples.
We show that the entropy loss distribution has a massive
shift between corrupted and original samples, which means
the model has lower confidence in most of the corrupted
samples than the original samples. We then show the entropy
loss of samples after adapting with three diffusion-driven
adaptation methods, including Diffpure (blue), DDA (red),
GDA (light green). As every subfigure in Fig. 4 shows, for
every corruption type, the loss distribution of samples gener-
ated from GDA moves toward the entropy loss distribution

of original samples, which means that our method indeed
shifts the OOD samples back to the source domain. How-
ever, DDA and Diffpure do not have excessive shifting on
the entropy loss distribution.

Sensitivity Analysis on Sampling Steps In Figure 5, we
show the effect of different reverse steps on the performance
of the diffusion model. In our experimental results in Sec-
tion 4, we fix the reverse step number as 10 for every baseline.
Here, we compare different reverse sampling steps for DDA
and ours from small to large (1 to 50). As Fig. 5 shows, GDA
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Figure 5. Sensitivity analysis on the reverse sampling steps. We compare our method with DDA under different sampling steps from 1 to 50.
We evaluate on the ResNet50 model and show the standard accuracy with green color line.

Figure 6. GradCam Visualization on ImageNet-Corruption. For every subfigure, from left to right, we show the original, corrupted, and the
samples after using GDA to adapt at the first row. The second row shows their corresponding GradCAM.

has a more significant improvement under a small number
of reverse steps (e.g., 10) and is more effective compared to
the DDA baseline. When increasing the reverse sampling
steps to 50, GDA slightly improves but still outperforms the
DDA baseline on every OOD benchmark.

Analysis on Structural Guidance To show how our struc-
tural guidance can guide the diffusion model, we visual-
ize the samples generated from GDA and their correspond-
ing gradient classification activation maps (GradCAM). In
Fig. 6, the corrupted images after adaptation are visually
de-corrupted, and the saliency map from GradCAM demon-
strates how our objective function can guide the model dur-
ing the adaptation. In Appendix Fig. 7 and 8, we show the
samples from Rendition and Stylized with wrong predictions
before adaptation and their corresponding adapted models
with correct predictions.

Adaptation Cost v.s. Robustness In Table 4, we show the
adaptation cost under different adaptation methods, includ-
ing DDA, Diffpure, without marginal guidance, and GDA.
For GDA, the run time depends on the number of augmented
samples. Thus, we select the number with the best accuracy
(16) for comparison. Compared to DDA and Diffpure, our
method outperforms them by ∼7% on ImageNet-Rendition
and reduces 3.85x run time.

Diffpure DDA10 DDA50 w/o marg. GDA (Ours)
Run time 31.7 s 2.1s 13.5 s 2.65 s 3.49 s
Acc. (%) 29.8 24.2 42 39.4 44.5

Table 4. Adaptation run time v.s. Robustness. We show the robust
accuracy of Rendition on ResNet50 for every baseline and their
corresponding run time for adapting per sample. Compared to DDA
and Diffpure, our method outperforms them in smaller run time.

6. Conclusion
We propose Generalized Diffusion Adaptation (GDA), a
novel approach for robust test-time adaptation on OOD sam-
ples. As opposed to existing methods that require adjusting
model weights or inputs with additional vectors, GDA uti-
lizes a diffusion model to shift the OOD samples back to the
source domain directly. With our proposed structural guid-
ance based on marginal entropy, style, and content preser-
vation losses, GDA achieves a more generalized adaptation.
Our evaluation results indicate that GDA offers greater ro-
bustness across a variety of OOD benchmarks when com-
pared to other diffusion-driven baselines, achieving the best
accuracy gain on multiple OOD benchmarks. Our work of-
fers fresh perspectives on OOD robustness by employing the
emerging techniques of diffusion models. For the continued
extension of GDA’s applications, future research directions
include: (1) adapting GDA for tasks such as object detec-
tion; (2) investigating a broader range of structural guidance
mechanisms, such as incorporating text prompt guidance for
the diffusion model; and (3) examining alternative guidance
processes to enhance the efficiency of GDA.
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