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Abstract

Ensuring the quality and quantity of labeled training
data has long been a challenge in training deep neural net-
works for discriminative tasks. One solution to this problem
is to use a generative model to augment training data and
learn a discriminative model with it. For image classifica-
tion, with the recent development of diffusion models, it has
become possible to generate a variety synthetic images, and
there are high expectations for their use as training data.
However, to obtain high-quality labeled synthetic images,
the hyperparameters and prompts often need to be manu-
ally tuned, and the accuracy of the trained image classifi-
cation model is highly dependent on them. To address this
issue, this paper proposes diffusion-based generative regu-
larization, a supervised discriminative learning framework
that utilizes a diffusion-based image generation model as a
regularizer to robustly learn discriminative representations
without the need to synthesize images. QOur experiments
using vision transformers and stable diffusion models on
ImageNet-1k demonstrate that the proposed framework im-
proves classification accuracy on both in-distribution and
distribution-shifted data.

1. Introduction

The amount and variety of labeled training data are
among the most important factors in improving the perfor-
mance of deep neural networks for discriminative tasks. It
is known that as the size of the training dataset increases, the
model’s discrimination performance improves [17,94]. For
image classification, training images are typically paired
with ground-truth labels indicating the correct category for
each image. However, the cost of preparing a large number
of these pairs has long been a major challenge in this field.

A recent trend to address this challenge is the use of
labeled synthetic images generated by pre-trained gener-
ative models, such as diffusion-based text-to-image gen-
eration models [18, 65, 68]. Some previous studies have
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Figure 1. Diffusion-based generative regularization. The pro-
posed framework uses a frozen diffusion-based image generation
model as a regularizer to enhance training effectiveness and ro-
bustness in supervised learning scenarios.

reported that synthetic images effectively improve image
classification performance and robustness to distribution
shifts [2,7,27,73,96]. However, there is still a large de-
pendency on manual prompt engineering or hyperparame-
ter tuning, such as adjusting the CFG scale [22, 73], making
it challenging to apply generative models to supervised dis-
criminative learning. Moreover, the generation of synthetic
images may be unsuccessful if there is a discrepancy in the
data distribution between the target task and the training of
the generative model.

Motivated by these studies, this paper investigates
whether generative models can improve supervised discrim-
inative learning without relying on synthetic images. To this
end, we propose diffusion-based generative regularization,
which utilizes an image generation model as a regularizer.
As shown in Figure 1, when training an encoder network
with a discriminative loss, such as the cross-entropy loss
for image classification, the generative regularization loss is
computed simultaneously by feeding the encoder output to
a frozen image generation model as a condition embedding.
This regularization helps in learning more robust discrimi-
native representations for image classification when the im-



age generation model is trained to precisely reflect condi-
tions. For example, when the image generation model is
pre-trained using text embeddings for conditioning, the en-
coder network can learn representations that are regularized
to align with these text embeddings. In this sense, our ap-
proach is related to logit distillation [30, 46, 69], a knowl-
edge distillation technique applied to the encoder outputs.
However, it differs in that there is no loss function bridging
between network outputs, making our approach and inves-
tigation novel.

In experiments, we demonstrate the effectiveness of
generative regularization using the vision transformer
(ViT) [86] and the stable diffusion model in supervised
learning scenarios on the ImageNet-1k dataset [70], and
show three key results. First, we show that image clas-
sification accuracy is improved on both in-distribution
data (ImageNet-1k validation set and ImageNet-V2 [66])
and distribution-shifted data (ImageNet-Sketch [90] and
ImageNet-R [29]). Second, we show that the effect of
generative regularization persists in downstream tasks by
fine-tuning the model on ten image classification datasets.
Finally, we show the superiority of our approach over
other representative approaches including knowledge dis-
tillation from OpenCLIP-ViT/H [13], consistency regular-
ization [76], image augmentation using noisy images, and
training with real and synthetic SD-ImageNet images [27].
Our contributions are summarized as follows.

* We propose diffusion-based generative regularization, a
supervised discriminative learning framework that uti-
lizes a frozen generative model as a regularizer. Specifi-
cally, we propose two regularization loss functions: noise
consistency loss and latent cross-entropy loss. The for-
mer minimizes the distance between sampled and pre-
dicted noise, as done in previous generative learning. The
latter improves the robustness of discriminative represen-
tations through generative latent representations.

* We conduct experiments on ImageNet-1k, ImageNet-V2,
ImageNet-Sketch, ImageNet-R and ten downstream im-
age classification datasets to evaluate the effectiveness of
our framework. We also demonstrate the superiority of
our approach over existing methods that apply loss to the
outputs of the encoder network.

2. Related Works
2.1. Diffusion Model

Diffusion models [31, 75], a type of generative model,
can produce very high quality and diverse samples under
conditioning such as class label and text prompts [32]. In
recent years, they have achieved remarkable results in vari-
ous fields such as image [4,18,57,64,71],3D [47,52,62,82],
audio [34,41,48,67] and molecular conformation genera-

tion [33,92]. The generation algorithm is inspired by the
stochastic diffusion process in thermodynamics. The dif-
fusion model adds Gaussian noise to training data accord-
ing to the time step t = 1,...,7 in the diffusion pro-
cess and learns the target data distribution by gradually de-
noising it in the reverse process. To facilitate the genera-
tion process, a number of sampling algorithms have been
proposed [6, 19,50, 51,77,97,99]. It is also known that
the diffusion model can be considered as a score-based
model [37,78,79,87].

Specifically, using a form of noise-prediction [38], the
denoising learning of the noised sample x; at time step ¢
minimizes the objective function

Lo =Eqy, con0,1).tllle — €a(@e, t,0)|I3], (D

where € ~ AN (0, 1) is the Gaussian noise, €g is the output
of the diffusion model 8, and c is a condition for sample x.
In large-scale text-to-image diffusion models, diffusion and
reverse processes are typically performed in the latent space
for efficiency [9, 10,20,61,68], i.e., minimize Eq. (1) using
the latent variable z of the training sample x obtained from
an encoder such as variational autoencoder (VAE) [39].

2.2. Diffusion Model for Discriminative Tasks

It is known that a well-trained diffusion model, such as
Stable Diffusion, can be used directly for zero-shot image
classification by applying Bayes’ theorem [15,36,45]. In
the classification, each class should have a corresponding
prompt, e.g., “a photo of a {classname}.”. These prompts
are used to calculate the denoising loss in Eq. (1), and the
class corresponding to the prompt with the lowest loss is se-
lected as the estimated class. This means that a well-trained
diffusion model is expected to have better denoising per-
formance if the input image is properly conditioned. Al-
though the diffusion model is only trained to generate im-
ages, it has comparable zero-shot image classification abil-
ities as a discriminative model such as CLIP [63]. The dif-
fusion model also outperforms CLIP on Winoground [83],
a benchmark that measures visual-linguistic compositional
reasoning ability, indicating its superior ability to capture
the relationships between objects in an image. It is also
shown that the diffusion model is robust to adversarial per-
turbations when applied to image classification tasks [12].

From an alternative perspective, numerous works have
explored whether the high performance of the diffusion
model in vision tasks can be used to improve discrimi-
native models. The most dominant method for this pur-
pose is training models using synthetic images [23, 24, 28,

, 84,85,93]. In the field of image classification, train-
ing models with synthetic images has been demonstrated
to improve robustness to distribution-shifted data such as
ImageNet-R [5, 100]. It is known that training with syn-
thetic images generated by off-the-shelf diffusion models



does not significantly enhance the accuracy of the target
dataset [5,27]. Therefore, fine-tuned Imagen [71] was em-
ployed to generate synthetic images in [46] for the purpose
of further enhancement. However, further training of the
diffusion model is a computationally expensive process. In
addition, the optimal prompt and CFG scale should be se-
lected for the generation of the synthetic image. Despite
this, several studies [22, 73] have demonstrated that the per-
formance of image classification models trained on syn-
thetic images highly depends on the prompt and CFG scale
used during generation. As a result, training image clas-
sifiers on synthetic images requires a lot of trial and er-
ror. Li et al. [45] improved performance for discrimina-
tive tasks by pre-training CNNs with knowledge distillation
from diffusion models without generating synthetic images.
However, its algorithm is highly dependent on CNN-based
architectures and is therefore unsuitable for training ViTs.
Moreover, recent studies [21, 26, 49, ] have employed
Transformer-based architectures, such as DiT [60], for the
diffusion model itself in order to achieve greater scalabil-
ity. Our method aims to improve the performance of image
classifiers by exploiting the insight of the diffusion model
into the vision task without additional training of the dif-
fusion model, prompt engineering, selecting CFG scale, or
dependence on the architecture.

2.3. Regularization

Regularization is commonly used to improve the perfor-
mance of discriminative models. Data augmentation is one
of the most common regularization methods in deep learn-
ing, and recent models are trained using multiple data aug-
mentations on training data. A more advanced regulariza-
tion method that utilizes training data is consistency regu-
larization [3,44,72]. In this method, the model is given a
clean training image and an image with some perturbation,
such as adding noise. The discriminative model training is
regularized to produce consistent representations for both
images. Consistency regularization is often used in semi-
supervised learning because it does not require supervised
labels [1,8,35,76,80]. Tarvainen et al. [81] used exponen-
tial moving averages of the model parameters to compute
the consistency loss. The perturbations to the training im-
age can be the same as common data augmentations such
as geometric or color transformations and Mixup [89,91].
Consistency regularization also helps to stabilize and en-
hance the generative model [53, 74, 95]. Zhao et al. [98]
proposed an improved consistency regularization for adver-
sarial generative networks (GANs) [25]. In the context of
self-supervised learning, Ko et al. [40] improved the local
semantics of the generated images by learning the consis-
tency between patches of randomly cropped real images
with a discriminator of GANs.

3. Proposed Method

This section introduces diffusion-based generative reg-
ularization, a simple yet effective learning framework that
utilizes a diffusion-based image generation model as a reg-
ularizer to improve supervised discriminative learning. As
shown in Figure 2, the framework incorporates a frozen im-
age generation model on top of a learnable encoder net-
work to regularize its discriminative representations. Note
that this work focuses on investigating whether generative
models can improve supervised learning, without relying
on synthetic images or prompt tuning. This is challenging
because methodologies effective for supervised and self-
supervised learning are often different, but we show that it is
possible to design an approach that leverages the strengths
of generative models in supervised learning scenarios.

3.1. Diffusion-based Generative Regularization

Notation and settings. Let Dyyn = {(zi,9:)}Y, be
a labeled training dataset that consists of training images
x; € X and corresponding ground-truth labels y; € Y for
1=1,2,---, N, where X is a set of images, ) is a discrete
set of one-hot vectors indicating labels, and N is the number
of images. This paper considers supervised discriminative
learning, where the goal is to train a discriminative function
F : X — ) that can accurately predict the labels y € ) for
unseen images € X. To explore the usefulness of gener-
ative models in this scenario, we assume that a pre-trained
generative model G : X x T x C — X is given, which de-
scribes an image generation process based on a conditional
reverse diffusion process. Specifically, we assume that the
image sampling process is given by

21 = G(m(t),t, c) + ou, 2)

where t € 7T is a timestep, ¢ € C is a condition embed-
ding, o; is a scheduled variance, and u is a Gaussian noise.
Here, £(© indicates a clean image, x® indicates a noisy
image at timestep ¢ > 0, 7 is a discrete time space, i.e.,
T =1{0,1,2,--- ,T}" with T' € Nxq. For example, text-
to-image models such as the stable diffusion model [68]
that feed a condition embedding ¢ € C = R¥%9 (o the
cross-attention modules of the conditional U-Net can be
used as G.
Framework. Figure | shows an overview of the proposed
framework, which utilizes two loss functions: a discrimina-
tive loss Lgis and a generative regularization loss L.

The discriminative loss is defined over a labeled training
dataset as follows:

1 N

Las(0) = 5 > bais(Gi 1), 3)
=1

yi = h92 (f91 (mz))a “4)

IExtension to continuous time step 7~ = [0, 1] is straightforward.
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Figure 2. Overview of the proposed framework. A diffusion-based image generation model is used as a regularizer to efficiently train
discriminative models. The encoder output is fed into a frozen image generation model GG as conditioning features through a connector
module. By minimizing the generative regularization loss Lgcn, the encoder acquires more robust representations for image classification.
The architecture of the connector module is designed for the vision transformer encoder and the stable diffusion image generation model.

where y; is a predicted label, fp, : X — R? is an encoder
network that maps images into d-dimensional vectors, hyg, :
R? — RIYI is a linear classification head, ;, 05 are sets of
learnable parameters, and {45 is a discriminative loss such
as cross entropy loss for discrete classification problems.
Note that ' = hy, o fp, is the discriminative function to be
trained.

The generative regularization loss is also defined over the
labeled training dataset as follows:

N T
1 .
,Cgen(a) = NT g E Ereg(xl(t), xI;, €, yz); (5)

=1 t=1
& = G(x", t, ho,(fo, (), ©6)
2l = Vaga; + V1 age, (7)

~(t) - . . t) . . .
where wg ) is a denoised image, acg )is a noisy image at

timestep ¢, oy is a scheduled hyperparameter for mixing
clean images with noise, € is a Gaussian noise, and £;cs is a
loss for regularization.

In Eq. (6), the discriminative representation fp, (x;) €
R? is fed into the generative model as a condition embed-
ding through a learnable small module hyg,, which we refer
to as a connector module. This regularizes the represen-
tations to align with the condition embeddings of the im-
age generation model, potentially resulting in more robust
representations for classifying objects in images if the im-
age generation model is trained to precisely reflect condi-
tions. For example, if the original condition embeddings
are given by text embeddings, the ideal condition embed-
ding ¢* € C corresponding to an image « would be the em-
bedding of the sentence that most appropriately describes

the image’s contents. Therefore, the generative regulariza-
tion loss potentially predisposes the discriminative model to
learn representations that satisfy hg, (fo, (x;)) ~ c*, effec-
tively embedding image’s contents for classification, even
if the training labels are provided for only a single object
per image. We discuss the definition of £, in the following
subsections.

3.2. Regularization Loss

We propose two types of loss definition for £, in Eq. (5):
a noise consistency (NC) loss, and a latent cross entropy
(LC) loss. The former is a generative loss inspired by previ-
ous studies on diffusion models. The latter is a cross entropy
loss applied to the latent generative representations, aiming
to improve the robustness of discriminative representations.

3.2.1 Noise Consistency Loss

The NC loss minimizes the distance between sampled noise
€ and predicted noise € following previous generative learn-
ing approaches. Specifically, we define the loss function £;cq
as follows:

ch(égt)vxiveayi) = d(eaé)7 (8)

reg
L (1)

—(x; — V), 9

(i - vl ©)
where d is a distance-based function. We choose squared
L, distance for d, i.e., d(a,b) = ||a — b||3. In practice, if
the image generation model uses a network (e.g., U-Net) to
directly predict noise, € can be obtained from the output of
the network.

é:
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classifier g.

For latent diffusion models, we measure the distance in
the latent space. More specifically, the flow of loss calcu-
lation is shown in Figure 3a. First, given a clean image
x;, the clean latent representation z; is computed via the
encoder of the image generation model. Second, a Gaus-
sian noise € is applied z; to obtain noisy latent representa-
tion zi(t) = /atz; + /1 — aze with a uniformly sampled

timestep t. Third, the denoised latent representation zAgt)

and estimated noise € are obtained via the image generation
model. Finally, the NC loss is computed.

3.2.2 Latent Cross Entropy Loss

Since our goal is to improve discriminative representations,
minimizing the NC loss between noises that improves de-
noising performance does not directly address the main ob-
jective. From this perspective, there is still room for im-
provement in the loss definition for /., particularly by uti-
lizing the training label information.

In image classification scenarios, learning robust repre-
sentations is crucial, but training labels are often limited
to a single object per image. For example, when training
the “cat” category with the image in Figure 4, other cat-
egory labels such as “whiskers”, “sniffing” and “folower”
are often missing, even though some of them are relevant
to the cat category and could help in learning robust dis-

* Cat :l Ground-truth label

* Whiskers | peatures relevant for cat
* Stripes image classification

* Flower
* Sniffing

Figure 4. Example of cat image for training.

criminative representations. To address this problem, we
propose to learn discriminative representations while simul-
taneously learning a condition embedding minimizes cross
entropy loss over latent generative representations. Specifi-
cally, we introduce the LC loss:

0020 2 e, yi) = Las(Giyi)s T = 9(2) (10)

where ¢ is a latent classifier that predicts the label from the
denoised latent representation 25”, and /g is a discrimina-
tive loss used in Eq. (3). We expect that this loss contributes
to improved discrimination performance on distribution-
shifted images, such as sketch images, because classify-
ing latent representations helps to find more semantically
meaningful decision boundaries, such as whether a cat has
whiskers or not.

The flow of loss calculation is shown in Figure 3b. Here,
the latent classifier g is assumed to be pre-trained on a train-
ing dataset and is frozen. This allows a fair comparison of
the NC and LC losses in the sense that the number of learn-
able parameters when training the discriminative function F'
is the same. We investigate two architectures for the latent
classifier, ViT-based and VAE-decoder-based architectures,
detailed in Section 4.1.

4. Experiments

In this section, we demonstrate the effectiveness of
diffusion-based generative regularization in supervised im-
age classification scenarios.

4.1. Experimental Settings

Discriminative model. We chose the vision transformer
base (ViT-B) as the encoder network fp,. It consists of
twelve transformer encoder blocks, producing d = 768 di-
mensional outputs. The classification head hg, in Eq. (4)
is a learnable linear layer. The connector module hg, in
Eq. (6) is a small feed-forward network that consists of a
patchwise convolution layer followed by two linear layers,
as detailed in Figure 2. It outputs an embedding with a size
of 77 x 1024.

Generative model. The Stable Diffusion v2.1 is used as the
image generation model G. It is a latent diffusion model
consisting of a pair of VAE-based encoder and decoder, and
a conditional U-Net that accepts text embeddings as con-
ditions, where the condition embedding space is given by



Loss Latent ImageNet-1k ImageNet-V2 ImageNet-Sketch ImageNet-R
classifier | Top-1 (%) Top-5 (%) | Top-1 (%) Top-5 (%) | Top-1 (%) Top-5 (%) | Top-1 (%) Top-5 (%)
Lgis (baseline) - 81.8 95.6 70.4 89.0 32.0 50.3 304 44.5

Lais + LNS

gen

Lais + L LC

gen

Lais + L3S

VAE dec.
ViT

82.0 (+0.2) 95.6 (+0.0)
82.2 (+0.4) 95.8 (+0.2)

71.0 (+0.6) 89.2 (+0.2)
71.3 (+0.9) 89.8 (+0.8)

82.2 (+0.4) 95.8 (+0.2)

71.0 (+0.6) 89.5 (+0.5)

31.0(-1.0) 49.0 (-1.3)
32.7 (+0.7) 51.8 (+1.5)
33.2 (+1.2) 52.3(+2.0)

30.3 (-0.1) 44.6 (+0.1)
31.2 (+0.8) 45.5 (+1.0)
31.8 (+1.4) 46.3 (+1.8)

Table 1. Comparison of top-1/top-5 accuracies on ImageNet and distribution-shifted datasets. Eglig and LZ;“CE use the NC and LC loss for
generative regularization, respectively. The method using the LC loss shows performance improvement on all datasets.

Latent classifier #Params. Topl (%) Top 5 (%)
VAE decoder 25.2M 69.3 88.3
ViT 5.6M 66.0 87.0

Table 2. Accuracies of pre-trained latent classifiers on ImageNet-
1k. Although the performance is lower than that of the baseline in
Table 1, these classifiers helped improve performance.

C = R77x1024 The parameters of this model is frozen. The
NC and LC losses are computed in the latent space.

Latent classifier. The latent classifier takes as input a latent
representations with four channels and a size of 28 x 28.
The architecture is based on either a ViT or a VAE decoder.
The ViT-based architecture consists of twelve transformer
encoder blocks each with three attention heads and a hid-
den dimension of 192. The patch size is set to 4. The VAE-
decoder-based architecture uses the first block of the VAE
decoder of the stable diffusion model. These latent classi-
fiers are pre-trained on ImageNet- 1k independently, and are
frozen. Either one of them is used to compute the LC loss.
Noise schedule. At each training iteration, a noise is ap-
plied to clean latent generative representations with a sched-
uled hyperparameter «;. Specifically, a; is defined by
o = Hi:O(l — B2) where $3; is a linearly scheduled pa-
rameter from /8.5 x 10~% to /1.2 x 10~2 according to
timestep 7 = {0,1,2,--- ,T}, where T' = 1000.
Training details. Unless otherwise noted, follow the train-
ing setting used in [86]. Specifically, the AdamW opti-
mizer is used for 300 epochs with an initial learning rate
of 1.0 x 107° and a batch size of 1024. The learning rate
was gradually increased to 5.0 x 10~% according to the co-
sine scheduler [56]. The weight decay (L2 penalty) of 0.05
is used. The latent classifiers are trained for 100 epochs.
Datasets and metrics. The ImageNet-1k dataset [70]
is used as a training dataset. It consists of 1.2 million
labeled images for 1,000 objects. For testing, we use
its validation set and three distribution-shifted datasets:
ImageNet-V2 [66], ImageNet-Sketch [90] and ImageNet-
R [29]. These datasets help evaluate the robustness be-
yond the original ImageNet dataset. We also evaluate fine-
tuning performance on ten datasets: CIFAR-10 (CF10) [43],
CIFAR-100 (CF100) [43], Oxford Flowers-102 [58], Stan-

ford Cars [42], Oxford-IIIT Pets [59], Food-101 [11],
DTD [14], STL10 [16], iNaturalist18 (iNat18), and iNatu-
ralist19 (iNat19) [88]. These datasets help evaluate whether
the effect of generative regularization remains in down-
stream tasks. We use accuracy as the evaluation metric.

4.2. Experimental results

4.2.1 ImageNet Evaluation

ImageNet-1k. Table | compares training with and without
generative regularization loss. On the ImageNet-1k valida-
tion dataset, the top-1 accuracy was improved by 0.2 points
with the NC loss and by 0.4 points with the LC loss, regard-
less of the choice of the latent classifier. This demonstrates
that both NC and LC losses are effective when the training
and testing domains are the same.

Robustness. The results on the three datasets for evaluat-
ing robustness are also summarized in Table 1. As shown,
the NC loss improved performance on ImageNet-V2 but de-
creased performance on ImageNet-Sketch and ImageNet-R.
This result suggests that training robust discriminative rep-
resentations using image generation models is not straight-
forward and that minimizing the distance between sampled
noise and predicted noise during training can lead to over-
fitting to the training image distribution. This problem was
adequately addressed by the LC loss. As shown, it improved
performance on all datasets. This is because training with
the latent classifier using cross-entropy loss enhanced train-
ing of more robust discriminative representations as dis-
cussed in Section 3.2.2.

Latent classifier. To analyze the behavior of the latent
classifiers, Table 2 shows the performance of the two pre-
trained latent classifiers on ImageNet-1k. As shown, both
underperformed compared to the baseline in Table 1, which
learns a classifier directly from clean images. Neverthe-
less, incorporating these latent classifiers into the genera-
tive regularization loss enhanced supervised discriminative
learning. These results contrast with knowledge distillation,
which requires a high-performance classifier as a teacher.
Furthermore, while the VAE-decoder-based latent classifier
has more parameters and achieves higher performance than
the ViT-based one, the LC loss using the ViT-based latent



Pre-training loss | Latent cls. | CF10 CF100 Flowers Cars Pets Food DTD STL10 iNatl8 iNatl9 | Avg.

Lgis (baseline) - 99.0 91.0 96.4 92.0 950 914 733 99.4 72.7 77.3 | 88.8
+0.008  +0.1 +0.3  £0.05 +0.1 £0.05 +0.2 Fgo1  +0.06 +0.3

Lais + L'gl\iﬁ - 99.2 91.3 97.0 92.1 95.2 91.5 73.7 99.3 73.1 77.8 | 89.0
+0.02  +0.01 +0.2 +0.08 +02 +0.05 +05 +0.04 +0.1 +0.2

Lais + EgLeﬁ VAE dec. | 99.0 91.1 97.0 92.1 950 914 73.0 99.4 73.0 77.3 | 88.9
£0.008  +£0.08 101 T0.05 +0.06 +0.08 +0.5 G001 0.1 +0.3

Lais + Eée% ViT 99.2 91.2 96.5 92.0 95.1 91.5 73.3 99.3 73.5 77.7 | 89.0
30.02 +0.06 +0.3 +0.1 +0.02 T 0.4 40.02 30.04 +0.4 I

Table 3. Fine-tuning Top-1 accuracy (%) on ten image classification dataset. The effect of generative regularization in pre-training on

ImageNet persists even after fine-tuning.

Approach ImageNet-1k  ImageNet-V2 ImageNet-Sketch ImageNet-R
Baseline 81.8 70.4 32.0 304
KD (OpenCLIP-ViT/H image encoder) 81.6 (-0.2) 70.7 (+0.3) 32.9 (+0.9) 31.5 (+1.1)
KD (OpenCLIP-ViT/H text encoder) 81.9 (+0.1) 70.9 (+0.5) 32.2(+0.2) 31.2 (+0.8)
Data augmentation 81.7 (-0.1) 70.9 (+0.5) 32.3 (+0.3) 31.4 (+1.0)
Consistency regularization 77.8 (-4.0) 65.4 (-5.0) 26.7 (-5.3) 25.0(-5.4)
Training with real & synthetic images 81.9 (+0.1) 70.8 (+0.4) 33.1 (+1.1) 31.9 (+1.5)
Generative regularization (ours) 82.2 (+0.4) 71.0 (+0.6) 33.2 (+1.2) 31.8 (+1.4)
w/ KD (OpenCLIP-ViT/H text encoder) 83.0 (+1.2) 2.4 (+2.0) 34.3 (+2.3) 32.9 (+2.5)

Table 4. Comparison with other representative approaches. Our method is compared with knowledge distillation (KD) using OpenCLIP,
consistency regularization, data augmentation using noisy images, and training with real and synthetic SD-ImageNet images.

classifier performed better, particularly on the distributed-
shifted datasets (ImageNet-Sketch and ImageNet-R) in Ta-
ble 1. This also indicates that a high-performance latent
classifier does not necessarily yield better results in terms
of robustness.

4.2.2 Fine-tuning Evaluation

We evaluated whether the effect of generative regulariza-
tion persists in downstream tasks by fine-tuning the model
obtained in Section 4.2.1 for the ten image classification
datasets. For all datasets, the SGD optimizer is used with
an initial learning rate of 0.01 and momentum of 0.9, for
1,000 for Flowers and Stanford Cars, and for 300 for the
other datasets. A weight decay of 1 x 10~% is used for the
fine-tuning experiments. The learning rate scheduler and
other hyperparameters are the same as those in Section 4.1.
Fine-tuning was conducted five times for each dataset, and
the average accuracy is reported. The fine-tuning results are
shown in Table 3. For all datasets, the highest accuracy was
achieved by models trained using the proposed method. In
contrast to the findings on the ImageNet evaluation, the NC
loss performed comparable with the LC loss.

4.2.3 Comparison with other approaches

This subsection compares our approach with existing meth-
ods that apply loss to the outputs of the encoder network or

utilize a diffusion model. In all experiments, we used the
same hyperparameters as described in Section 4.1.
Comparison with knowledge distillation using CLIP.
The Stable Diffusion model we used in the above experi-
ments is a text-to-image translation model conditioned by
text prompts encoded by the text encoder of OpenCLIP-
ViT/H [13]. This raises the question of whether learning
representations with knowledge distillation, using the en-
coder of OpenCLIP-ViT/H as a teacher, is reasonable. To
investigate this, we trained a model with an Lo loss be-
tween learnable representations fy, (x;) and a teacher en-
coder s(x;) on ImageNet, where s is either the image or
text encoder of the OpenCLIP-ViT/H. For the text encoder,
we used the prompt “a photo of a {classname}”.

The results are shown in the second and third rows of Ta-
ble 4. As shown, both encoders improved accuracy, except
for the image encoder on ImageNet-1k. The text encoder
was more effective than the image encoder on ImageNet-1k
and ImageNet-V2, while the opposite is true on ImageNet-
Sketch and ImageNet-R. Overall, our approach surpassed
both. This shows the effectiveness of our generative regu-
larization loss. Furthermore, it is worth noting that our ap-
proach and knowledge distillation are complementary and
benefit each other. As shown in the last row of Table 4,
combining our approach with knowledge distillation sig-
nificantly improved the classification accuracy across all
datasets.

Comparison with data augmentation. It is known that



adding diffusion-like noise to the training image makes the
image classifier more robust [36]. From this perspective,
we added noise to the images as data augmentation while
training the image classifier on ImageNet and compared the
results with those of our approach. In this experiment, noise
is added to 5% of the total training images. The image clas-
sifier is trained with only Lg;s loss.

The results are shown in the fourth row of Table 4.
Adding noise improved robustness for the distribution-
shifted datasets but slightly reduced accuracy on ImageNet.
In contrast, our method demonstrated superior performance
across all datasets compared to data augmentation via noise
addition. These results indicate that the proposed method is
effective beyond noise-based data augmentation.
Comparison with consistency regularization. Another
potential regularization method that employs noise is con-
sistency regularization. This approach utilizes both clean
image x; and noisy image wz(-t). This is analogous to the
NC loss in the proposed method, which regularizes the im-
age classifier by ensuring consistency between the input
and predicted noise. To compare this approach with our
method, we regularized the image classifier training with
an Lo loss between a clean logit hg, (fo, (x;)) and a noisy
logit hg, (fo, (mgt))) on ImageNet.

The results are shown in the fifth row of Table 4. Con-

sistency regularization reduced the accuracy on all the
datasets, while regularization with our NC loss improved
the accuracy on ImageNet.
Comparison with training using real and synthetic im-
ages. As discussed in Section 2, adding synthetic images to
the training dataset is the most prevalent method for train-
ing image classifiers with generative models. We prepared
SD-ImageNet [27], a synthetic dataset created using Stable
Diffusion, whose images correspond to the ImageNet class
categories. The image classifier was trained on both real and
synthetic images. A total of 240,000 synthetic images were
created, representing approximately 20% of the number of
images in ImageNet.

The results are shown in the sixth row of Table 4.
Training with real and synthetic images improved perfor-
mance on all datasets. Our method outperformed train-
ing with synthetic images on the in-distribution dataset and
two distribution-shifted datasets. As mentioned above, our
method does not require prompt engineering, which is the
main bottleneck in synthetic image generation.

4.3. Analysis

Distributional discrepancy. To analyze the effectiveness
of our method when the distribution of training images de-
viates from that of the generative model, we conducted digit
classification experiments using the SVHN dataset [54],
which consists of street view digit images. ViT-Ti and ViT-S
are used for the encoder network fp, . The results are shown

Method VIiT-Ti  ViT-S

Baseline 96.0 96.8
Training with real & synthetic images 93.6 94.7
KD w/ OpenCLIP-ViT/H text encoder 95.6 96.8

Lais + Ly (Ours) | 962  97.0
Table 5. Digit classification accuracy (%) on the SVHN dataset.

Loss SD version  ImageNet Top-1 (%)
2.0 81.5
_ NC
Lais + Lyen 2.1 82.0
2.0 82.0
) LC
Lais + Lgen 2.1 82.2

Table 6. Results using different versions of Stable Diffusion.
Higher performance is shown when using a newer version of SD.

in Table 5. Interestingly, our method improved the accu-
racy, while the other methods did not. This demonstrates
the capability of our method to enhance performance even
in the presence of distributional discrepancies.

Diffusion model selection The effect of different versions
of Stable Diffusion, which is used to train ImageNet in the
image classifier, was examined. The results are shown in
Table 6. Regardless of whether the NC loss or LC loss
was used, higher accuracy was achieved when using Sta-
ble Diffusion V2.1. This finding is convincing because a
more trained diffusion model is likely to provide a more
comprehensive understanding of the vision task. As image
generation models continue to advance in the future, the ef-
fectiveness of our method is expected to further improve.

5. Conclusion and Future Work

We proposed diffusion-based generative regularization,
a framework to train discriminative models using a pre-
trained generative model. We introduced two loss functions,
the noise consistency loss and the latent cross-entropy loss,
which improve discriminative representations without the
need for generating synthetic images. Experiments on Ima-
geNet showed that our framework improves image classifi-
cation accuracy and robustness to distribution shifts.
Limitation and future work. The computational cost of
the proposed method increases with the size of the diffu-
sion model used for regularization. The efficiency of train-
ing with large diffusion models is an important issue for
the future. In addition, this paper does not discuss the per-
formance of the proposed method when utilizing diffusion
models other than Stable Diffusion. Our method is applica-
ble to arbitrary conditioned diffusion models, but its evalu-
ation is future work.
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