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Abstract

Inspired by recent advances in diffusion models, which
are reminiscent of denoising autoencoders, we investigate
whether they can acquire discriminative representations for
classification via generative pre-training. This paper shows
that the networks in diffusion models, namely denoising dif-
fusion autoencoders (DDAE), are unified self-supervised
learners: by pre-training on unconditional image genera-
tion, DDAE has already learned strongly linear-separable
representations within its intermediate layers without auxil-
iary encoders, thus making diffusion pre-training emerge as
a general approach for generative-and-discriminative dual
learning. To validate this, we conduct linear probe and fine-
tuning evaluations. Our diffusion-based approach achieves
95.9% and 50.0% linear evaluation accuracies on CIFAR-
10 and Tiny-ImageNet, respectively, and is comparable to
contrastive learning and masked autoencoders for the first
time. Transfer learning from ImageNet also confirms the
suitability of DDAE for Vision Transformers, suggesting
the potential to scale DDAEs as unified foundation models.
Code is available at github.com/FutureXiang/ddae.

1. Introduction
Understanding data with limited human supervision is a

crucial challenge in machine learning. To cope with mas-
sive amounts of data with scarce annotations, deep learning
paradigms are shifting from supervised to self-supervised
pre-training. Regarding natural language processing (NLP),
self-supervised models such as BERT [31], GPTs [43, 44, 8]
and T5 [45] have achieved outstanding performance across
diverse tasks, and large language models like ChatGPT [40]
are showing a profound impact beyond the machine learn-
ing community. Among these, BERT uses masked language
modeling (MLM) as a pretext task to train encoders while
which cannot generate full text samples. In contrast, GPTs
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(a) Denoising networks in pixel-space and latent-space diffusion models.
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(b) Evaluating DDAEs as self-supervised representation learners.

Figure 1. Denoising Diffusion Autoencoders (DDAE). Top: Dif-
fusion networks are essentially equivalent to level-conditional de-
noising autoencoders (DAE). The networks are named as DDAEs
due to this similarity. Bottom: By linear probe evaluations, we
confirm that DDAE can produce strong representations at some in-
termediate layers. Truncating and fine-tuning DDAE as vision en-
coders further leads to superior image classification performance.

and T5 have shown capabilities in generating long para-
graphs autoregressively (AR). Moreover, they prove that
decoder-only or encoder-decoder models can acquire deep
language understandings via generative pre-training, with-
out the need of training an encoder intentionally. With the
rise of AI-Generated Content (AIGC), GPTs and T5 have
been garnering more attention compared to pure encoders,
which unify the generative (e.g. translation, summarization)
and discriminative (e.g. classification) tasks [44, 45].

In computer vision, self-supervised learners have not yet
achieved similar feats as GPTs in bridging the gap between
generation and recognition. While generative adversarial
networks (GAN) [20, 30, 7] and autoregressive Transform-
ers [55, 19, 47] can synthesize high-fidelity images, they do
not offer significant benefits for discriminative tasks. For
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recognition, contrastive methods [11, 12, 21, 9] build fea-
tures through pretext tasks on augmented images. Masked
autoencoders [23, 3, 60] introduce BERT-like masked im-
age modeling (MIM) pre-training for Vision Transformers
[16], but they seem not natural and practical for convolu-
tional networks. Note that although MIM-based methods
can recover masked image tokens, they are problematic in
synthesizing full images, mainly because the complete data
distribution is not directly modeled. These methods are not
referred to as unified generative-and-discriminative models.
Instead, we denote them as “semi-” generative for their par-
tial similarities to full generative models (Table 1).

Theoretically, it is more practical to extend generative
models for discriminative purposes and gain the benefit of
both ways. Recently, we have witnessed the flourish of AI-
generated visual content due to the emergence of diffusion
models [26, 53], with state-of-the-art results reported in im-
age synthesis [13, 29, 41], image editing [24] and text-to-
image synthesis [46, 48, 50]. Considering such capability,
versatility, and scalability in generative modeling, we ask:
whether diffusion models can replicate the success of GPTs
and T5, in becoming unified generative-and-discriminative
learners? We regard them as very promising alternatives in
the visual domain, based on the following observations:

(i) It has been demonstrated that discriminative image or
text encodings can be learned through end-to-end genera-
tive pre-training [10, 36, 38], i.e. “analysis-by-synthesis”.
Intuitively, the full generation task should contain, and be
more challenging than the semi-generative masked model-
ing, suggesting that image (or language) generation is com-
patible with visual (or language) understanding, but not vice
versa. The generative pre-training paradigm supports dif-
fusion as a meaningful discriminative learning method.

(ii) Diffusion networks are trained as multi-level denois-
ing autoencoders (DAE, Figure 1(a)). The idea of denoising
autoencoding has been widely applied to discriminative
visual representation learning [56, 57, 6]. More recently,
masked autoencoders (MAE) [23] have further highlighted
the effectiveness of denoising pre-training, which can also
be inherited by diffusion networks — likewise, recovering
images with large, multi-scale noise is nontrivial and may
also require a high-level understanding of visual concepts.

(iii) The benefits of diffusion-based representation learn-
ing are evidenced. DDPM-seg [4] confirms that diffusion
can capture pixel-wise semantic information, indicating the
feasibility. Besides, previous attempts in GANs and Trans-
formers, i.e. BigBiGAN [15] and iGPT [10], find that better
image generation capability can translate to improved fea-
ture quality, suggesting that diffusion is even more capable
of representation learning as the state-of-the-art generative
model. Diffusion-based representation learners can also be
facilitated by large AIGC projects if the learned knowledge
can be conveniently transferred from pre-trained models.

Model Pre-training
target and method

(i) Generative
pre-training

(ii) Denoising
autoencoding

Natural Language Processing
BERT [31] Encoder-only, MLM Semi- Masked
GPT [43] Decoder-only, AR Full –
T5 [45] Enc-dec, MLM+AR Full Masked
Computer Vision
MAE [23] Encoder-only, MIM Semi- Masked
iGPT [10] Decoder-only, AR Full –

DDAE (ours) Enc-dec, Diffusion Full Multi-level
Gaussian

Table 1. A summary of self-supervised learners. DDAE takes full
advantage of generative pre-training and denoising autoencoding.

Driven by this analysis, we investigate whether diffusion
models, which incorporate the best practices of generative
pre-training and denoising autoencoding (as summarized in
Table 1), can learn effective representations for image clas-
sification. Our approach is straightforward: we evaluate dif-
fusion pre-trained networks, namely denoising diffusion au-
toencoders (DDAE), as feature extractors by measuring the
linear probe and fine-tuning accuracies of intermediate ac-
tivations (Figure 1(b)). For linear probing, we pass noised
images with specific scales (or timesteps) to DDAE and ex-
amine the activations at different layers. For fine-tuning, we
truncate DDAE at the best representation layer as an image
encoder and fine-tune it without additional noising.

We confirm that via end-to-end diffusion pre-training,
DDAEs do learn strongly linear-separable features, which
lie in the middle of up-sampling and can be extracted when
images are perturbed with noises. Moreover, we validate the
correlation between generative and discriminative perfor-
mance of DDAEs through ablation studies on noise config-
urations, training steps, and the mathematical model. Eval-
uations on CIFAR-10 [33] and Tiny-ImageNet [34] show
that the diffusion-based approach is comparable to super-
vised WideResNet [63], contrastive SimCLRs [11, 12] and
MAE [23] for the first time. The transfer ability has also
been verified on ImageNet [49] pre-trained models, includ-
ing the ones constructed by pixel-space UNets and latent-
space Vision Transformers such as DiT [41].

Our study highlights the underlying nature of diffusion
models as unified vision foundation models. The revealed
duality of DDAEs as state-of-the-art generative models and
competitive recognition models may inspire improvements
to vision pre-training and applications in both domains.
With the insightful elucidation and observations presented
in this paper, it is highly likely to transfer powerful discrim-
inative knowledge from large-scale pre-trained AIGC mod-
els like Stable Diffusion [48] in the near future.

2. Related work
Diffusion models are becoming the most popular gen-

erative paradigm due to their high-fidelity performance and
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the ability to synthesize complex visual concepts [26, 53,
29, 48, 46, 50], without unstable adversarial training, mode
collapse issues or architecture constraints. With improve-
ments to computational efficiency [48], training [29], sam-
pling [51, 39, 29] and guidance [13, 27], diffusion mod-
els become the state-of-the-art on unconditional CIFAR-10
[33], class-conditional ImageNet [49], and text-to-image on
MS-COCO [35]. AIGC projects such as Stable Diffusion
[48] and ControlNet [65] have achieved broad social im-
pacts. Recent work on diffusion with ViTs [16, 2, 41] fur-
ther explores diffusion models with scalable backbones.

Representation learning with generative models is a
long-standing idea since they model the data distribution in
an unsupervised manner. While VAEs [32, 54] can learn
meaningful representations, they have proven more useful
in generation than recognition. BigBiGAN [15] learns dis-
criminative features from large-scale GANs [7] with jointly
trained encoders [17, 14]. However, the feature quality may
be compromised since GANs naturally capture less data di-
versity. iGPT [10] models next pixel prediction with Trans-
formers and achieves competitive results with contrastive
methods, but the lack of inductive bias for images makes its
downstream applications restricted and inefficient.

Representation learning with diffusion models. A
number of studies [42, 66] introduce auxiliary encoders to
extract representations following GAN Inversion [59], but
they focus on attribute manipulation rather than recognition.
Other methods learn linear-separable features with modified
diffusion frameworks [1, 37], while they underperform con-
trastive baselines by large margins. Training diffusion mod-
els with classification objectives has been explored [61], but
it fails to rival pure recognition models and hurts genera-
tive performance heavily. Diffusion-based conditional like-
lihood estimation [67] is also straightforward, but its accu-
racy on CIFAR-10 is still below ResNet. In contrast, our
approach is comparable to typical self-supervised and su-
pervised models without modifying diffusion frameworks.
Our study is partially inspired by DDPM-seg, which stud-
ies DDPM [26] on single super-class datasets for segmenta-
tion. However, we are the first to explore various diffusion
models for classification on complex multi-class datasets.

3. Approach

3.1. Background: DDAEs as generative models

Diffusion models [26, 53, 29] define a series of data cor-
ruptions which apply Gaussian noise to data x0. Given
timestep t = 1, ..., T which indicates noise levels, the cor-
ruption is defined as q(xt|x0) = N (αtx0, σ

2
t I), where αt

and σt are hyper-parameters controlling the signal-to-noise
ratio. When T is large enough, data will be approximately
corrupted to xT ∼ N (0, I). With the reparameterization
trick, a noised version of x0 at an arbitrary level of t can be

obtained, by sampling ϵ ∼ N (0, I) and taking:

xt = αtx0 + σtϵ (1)

Diffusion models aim to invert the corruption and recon-
struct samples. Specifically, a random xT is drawn from
N (0, I), and the model samples xt−1 ∼ q(xt−1|xt) itera-
tively until getting x0. Diffusion models employ trainable
networks to approximate the transitions with pθ(xt−1|xt) =
N (µθ(xt, t),Σ

2
t I), whose mean µθ(xt, t) is predicted by

networks and variance Σ2
t is a constant. By simplifying the

maximize likelihood objective, networks are equivalently
trained with the denoising autoencoder objective [29]:

Ldenoise = ∥Dθ(xt, t)− x0∥2 (2)

where Dθ(xt, t) is a function of xt and µθ(xt, t). Therefore,
a denoising network trained by diffusion modeling can be
seen as a multi-level and level-conditional version of DAEs,
specifically Denoising Diffusion Autoencoders (DDAE).

DDPM [26] proposes the “Variance Preserving” param-
eterization, where αt =

√
Πt

i=1(1− βi) and α2
t + σ2

t = 1.
β1...T are determined by a linear schedule from βmin to
βmax. The network is trained to minimize the noise predic-
tion error ∥ϵθ(xt, t)−ϵ∥2, which is a re-weighted version of
Eq. 2, since the denoiser can be derived from Dθ(xt, t) =
xt−σtϵθ(xt,t)

αt
. DDPM uses a UNet with 35.7M parameters,

and achieves competitive performance on CIFAR-10.
EDM [29] proposes to use the “Variance Exploding” pa-

rameterization, where αt = 1 and σt is sampled by an im-
proved schedule. Based on score-based stochastic differen-
tial equations [53], which extend the corruptions to infinite
timesteps, EDM yields state-of-the-art results on CIFAR-10
using a larger DDPM++ network [53] with 56M parameters.

Apart from the mathematical formulation improvements,
some studies explore efficient and scalable architectures for
DDAEs. In particular, Latent Diffusion Models (LDM) [48]
perform diffusion modeling within the compressed VAE
latent space and outperform pixel-space models on high-
resolution text-to-image synthesis. DiT [41] explores scal-
able backbones under the LDM framework, which replaces
UNets with Vision Transformers and achieves state-of-the-
art results on class-conditional ImageNet generation.

In this paper, we consider (i) the original DDPM UNet,
(ii) DDPM++ trained by EDM, and (iii) latent-space DiT
as representative DDAE implementations. DDPM(++) uses
UNets with timestep embeddings to parameterize ϵθ(xt, t)
or Dθ(xt, t). DiT uses latent-space ViTs with timestep and
label embeddings to learn ϵθ(xt, y, t) for conditional gener-
ation, and jointly learns an unconditional model ϵθ(xt,Ø, t)
to achieve classifier-free guidance [27] sampling.

3.2. Evaluating DDAEs as discriminative learners

Extracting meaningful and discriminative representa-
tions from DDAEs is not trivial. Although determinis-
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tic inference methods like DDIM [51] are able to derive
uniquely identifiable encodings, the contained information
is not compact enough for classification. There also exists
a trend to employ additional encoders to learn represen-
tations for attribute manipulation [42, 66] or classification
[1, 37]. In contrast, inspired by iGPT [10] and DDPM-seg
[4] which evaluate learned features in autoregressive Trans-
formers and diffusion UNets, we propose to directly take
the intermediate activations in pre-trained DDAEs. This ap-
proach does not require modification to common diffusion
frameworks and is compatible with all existing models.

Drawing from the connections with denoising autoen-
coders, it is possible that DDAEs can produce linear-
separable representations at some implicit encoder-decoder
interfaces, resembling MAE. Driven by this, we extend pre-
vious investigations on GPTs and DDPM [10, 4] to various
network backbones (UNets and DiT) under different frame-
works (DDPM and EDM). Considering that UNet with skip
connections has been the de-facto design, we avoid split-
ting the encoder-decoder explicitly to prevent diminishing
the generation performance. However, the best layer to ex-
tract features remains unknown. Additionally, to prevent the
gap between pre-training and deploying, images have to be
noised by certain scales for linear evaluations. Considering
both the aforementioned facts, we investigate the relation-
ship between feature qualities and layer-noise combinations
through grid search, following DDPM-seg.

To apply noise, we randomly sample ϵ and use Eq. 1
to obtain xt, since no obvious differences can be observed
between random and deterministic noising. Linear probe
accuracies on the features after global average pooling are
examined, as illustrated in Figure 1(b). Figure 2 shows that
layer depths and noising scales affect feature quality jointly
as a concave function, whose global maximum point can
be found empirically. For the resolution of 322 pixels, the
best features lie in the middle of up-sampling, rather than
at the lowest resolution as in common practices. Further-
more, we find that perturbing images with relatively small
noises improves the linear probe performance, especially on
DDPM++ trained by EDM, which achieves 95%+ linear
probe accuracy and surpasses classical AE or VAEs [1].

These properties have been verified across different
datasets and models, but the optimal layer-noise combina-
tion may vary under different settings. In the remainder of
this paper, linear probe accuracies are reported as the high-
est found in grid search. For fine-tuning, clean images are
passed to DDAE encoders, which are truncated at the opti-
mal layers. The timestep inputs are also fixed to the optimal
values. Note that this may not perform best for fine-tuning,
since we find the fine-tuning accuracy can be further im-
proved if more layers are used, and it is less sensitive to
timestep inputs. However, we keep the layer-noise setup
consistent with linear probing to reduce notation overhead.
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Figure 2. Feature quality depends on layer depths and nois-
ing scales. Best features in DDAE UNets lie in the middle of the
up-sampling stage on CIFAR-10, when images are perturbed with
small noises. Top: DDPM. Bottom: DDPM++ trained by EDM.

3.3. Label-free monitoring for layer selection

Although DDAE learns high quality representations for
discriminative tasks, it may rely on probing with annotated
data to search for proper configurations. Therefore, it would
be valuable if label-free metrics can indicate the best per-
forming layers at training. Inspired by feature distribution
analysis [58] in contrastive learning, we normalize the fea-
tures from each layer to be on the unit hypersphere and in-
vestigate their alignment and uniformity [58] properties.

In the context of contrastive learning, the alignment loss
directly evaluates the distance between positive pairs, while
the uniformity loss aims to measure the distribution unifor-
mity on the unit hypersphere:

Lalign = E(x,y)∼ppos
[∥f(x)− f(y)∥22]

Luniform = logE
x,y

i.i.d.∼ pdata
[e−2∥f(x)−f(y)∥2

2 ]

To apply them to DDAEs, we need to define the posi-
tive pairs (x, y) ∼ ppos properly. Considering that the fea-
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Figure 3. Alignment and uniformity metrics of features from different layers. Dots and trend lines represent the training progress. The
layers that produce strong linear probe results also obtain good and balanced alignment and uniformity, and the metrics are consistently
getting optimized during the training progress. Left to right: DDPM, DDPM++ trained by DDPM, and DDPM++ trained by EDM.

ture extraction method proposed in Section 3.2 does not rely
on deterministic noising, we assume that the representation
should be independent to the noise sample ϵ used in Eq. 1.
To this end, we adapt these two metrics as:

Lalign(t) = Ex∼pdata,ϵ1,ϵ2 [∥ft(x
ϵ1
t )− ft(x

ϵ2
t )∥22] (3)

Luniform(t) = logE
x,y

i.i.d.∼ pdata,ϵ
[e−2∥ft(xϵ

t)−ft(y
ϵ
t )∥

2
2 ] (4)

where ft(·) is the DDAE encoder, xϵ
t denotes the noised

image using ϵ, and ϵ1, ϵ2 are independently sampled noise.
We present the metrics with respect to selected layers

in Figure 3, to validate whether they align with the fea-
ture quality. We evaluate three DDAE implementations on
the CIFAR-10 training set: DDPM, DDPM++ trained by
DDPM, and DDPM++ trained by EDM. For each model,
t is fixed to the respective optimal value, and we monitor
the trajectories of metrics during training. Figure 3 shows
that overall, Lalign and Luniform agree with the linear probe
results (near lower left corners). Moreover, features from
the well-performing layers show consistent improvements
to both metrics during training. These results indicate that
diffusion training may share similarities with contrastive
representation learning, and selecting layers by metrics may
mitigate the layer searching issue.

4. Experiments
We firstly examine the impact of some core designs

in diffusion models on both generative and discriminative
performance through ablation studies. We then compare
the results with counterparts on CIFAR-10 [33] and Tiny-
ImageNet [34] datasets under linear probing, fine-tuning
and ImageNet [49] transfer settings.

All models are retrieved or trained from official (or
equivalent) codebases. For image classification, we do not
use regularization methods such as mixup [64] or cutmix
[62], and only employ lightweight augmentations. Imple-
mentation details as well as optimal layer-noise settings are
provided in the code repository and the appendix.

4.1. Main properties

Previous research has demonstrated that in Transform-
ers, better generative performance links to better represen-
tations, as measured by log-likelihood and linear probe ac-
curacy [10]. Accordingly, we propose to investigate the
correlation between generative and discriminative capabili-
ties of DDAEs by plotting evaluation accuracy as a function
of image quality calculated on 50k samples. In particular,
the widely applied Fréchet Inception Distance (FID) [25] is
used as the metric for generation quality. We conduct ab-
lation studies from two perspectives: (i) denoising autoen-
coding, and (ii) generative pre-training, which correspond
to the two sides of DDAEs as discussed in Section 1.

4.1.1 Denoising autoencoding

Diffusion models can be viewed as multi-level denoising
autoencoders. Based upon the findings in Figure 2 that
DDAEs learn strongly linear-separable features in an unsu-
pervised manner, we explore what design in the multi-level
denoising makes DDAEs stronger representation learners
than classical AEs, VAEs [1] and DAEs. In particular, we
consider two key factors in DDPM [26] that may contribute
to improved denoising pre-training: (1) the number of noise
levels (T ) and (2) the range of noise scales (β1...T ).

To investigate the effect of noise levels, we reduce the de-
fault T = 1000 to T = 512, 256, and 64. We opt not to de-
crease it further as DDPM cannot generate meaningful im-
ages when T = 64. For each configuration, the noise sched-
ule β1...T is linearly spaced in the range of [βmin, βmax],
where βmin = 10−4 and βmax = 0.02, following DDPM
default. Additionally, we examine the effect of the noise
scales by using the larger half and the smaller half of de-
fault [βmin, βmax] schedule range. We keep T = 1000 in
these two scenarios for fair comparison. Figure 4(a) shows
the influence of the noise configurations and training steps,
and Figure 4(b) provides an illustration of ablated noising
configurations. DDPM with the maximum number of noise
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Figure 4. Correlation between generative and discriminative capabilities of DDAEs. We ablate DDPM on CIFAR-10 from the per-
spective of denoising autoencoding. We observe that before over-fitting, better generative model learns better representations. Reduction
on noise levels (shown in green), noise ranges (shown in brown) and training steps (denoted by dots) will weaken both performances.

levels and the broadest noise scale coverage, achieves best
performance in both image generation and recognition.

Noise level and range. Reducing noise levels or nar-
rowing the noise range weakens both generative and dis-
criminative performances. Training handicapped diffusion
models with only T = 256 levels or the larger scales leads
to more significant performance declines. Interestingly, we
observe that the recognition ability seems to depend less on
a dense and wide noise configuration than generation. As
shown in Figure 4(a), while generation FID may suffer huge
decreases, the highest linear probe accuracy drops slightly
by less than 3%. The model with T = 64 even produces
stronger features than other handicapped models, despite its
inability to generate meaningful images.

We attempt to explain these intriguing properties from
a contrastive learning angle. Since the denoising objective
(Section 3.1) demonstrates that DDAEs are forced to predict
the very same x0 given different versions of xt (Eq. 1), there
exists an underlying constraint of alignment on these vari-
ous noised versions. In other words, the time levels and ran-
dom noises serve jointly as data augmentations, and differ-
ent xts are positive views of x0. Consequently, a denser and
wider noise configuration can increase the diversity of pos-
itive samples and improve the representation quality. The
high accuracy in the model with T = 64 suggests that more
noise levels could be an overkill for recognition-only pur-
pose, but they still contribute significantly to generation.
Unfortunately, such diversity may require longer training
duration — Figure 4(a) shows that models with half level
counts or ranges can be well-trained at around 1000 epochs,
while the full model requires 2000 epochs for this simple
CIFAR-10. EDM [29] even relies on a 400 A100 GPU days

training to reach state-of-the-art results on 642 ImageNet.
Due to the revealed duality of generation and recognition,
we hope the best practices in discriminative representation
learning (e.g. self-distillation methods such as BYOL and
DINO [21, 9]) will inspire future improvements to train-
ing efficiency in diffusion models beyond sampling, so that
the scaling of diffusion models can be explored more ef-
ficiently. Introducing feature-level constraints to DDAEs
could be helpful to accelerate training and boost discrimi-
native performance, and we leave it to future work.

Training step. By tracking checkpoints throughout the
training duration, it can be observed that better generative
model learns better representations. Moreover, we observe
that while linear probe accuracy tends to overfit after 1000
epochs in DDPM training, the generation performance con-
tinues to improve, indicating that it has not saturated. Simi-
lar observations can be found in other curves (Figure 4(a)),
that recognition tends to overfit earlier than generation.

Since diffusion training is a pixel-to-pixel task, it is rea-
sonable to assume that DDAEs firstly learn high-level un-
derstandings from the noised input xt at the deeper layers,
and gradually learn to predict the exact pixels through de-
coding. Consequently, models may focus on fitting some
imperceptible details after learning saturated semantic rep-
resentations. These properties somewhat provide support
for the theory of relationship between image generation and
understanding, as claimed intuitively in Section 1.

In summary, by evaluating various checkpoints with dif-
ferent denoising pre-training setups, the positive correlation
between the generative and discriminative capabilities of
DDAEs is confirmed, aligning with the findings in iGPT.
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(a) DDAEs in DDPM and EDM trained on CIFAR-10.
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(b) DDAEs in DDPM and EDM trained on Tiny-ImageNet.

Figure 5. Generative and discriminative performance on multi-class datasets. We evaluate DDAEs in two representative unconditional
diffusion models. With improved training practice and network backbones, EDM-based DDAEs show better generative performance and
promising linear probe accuracies. After fine-tuning, EDM-based encoders surpass supervised WideResNets. “Scratch” denotes the same
truncated encoders trained from scratch, which are incompetent vision backbones and may have encumbered discriminative performance.

4.1.2 Generative pre-training

To dive deeper into improved generative pre-training for
recognition, we compare the basic 35.7M DDPM UNet with
DDPM++ trained by EDM. With a larger network capacity,
framework improvements, and data augmentation (CIFAR-
10), we consider EDM as a better generative model, and
examine whether it performs better in recognition similarly.
Figure 5 shows the accuracies with respect to FIDs on two
datasets. Note that the networks and hyper-parameters for
Tiny-ImageNet are far from optimal, since the best prac-
tice is too expensive, that it may cost 32 A100 GPU days to
train a ADM network [13] on Tiny-ImageNet, according to
EDM. Therefore, our goal is to provide confirmation of the
observations, rather than optimizing performances.

Recognition accuracy. Figure 5 demonstrates that EDM
outperforms DDPM on both generative and discriminative
metrics. On CIFAR-10, the linear probe accuracy increases
dramatically from 88.5% to 95.9%. After fine-tuning, EDM
achieves 97.2% accuracy, surpassing WideResNet-28-10
[63]. This superior classification performance confirms
diffusion as a meaningful self-supervised pre-training ap-
proach. On Tiny-ImageNet, observations are similar. While
the FID has limited improvements between DDPM and
EDM, the recognition rates increase more significantly by
3.2% (linear probe) and 5.3% (fine-tuning). The fine-tuned
EDM also slightly surpasses supervised WideResNet. The
results suggest that improving diffusion models for better
generation performance will naturally lead to better recog-
nition models due to the effective generative pre-training.

Network backbone issues. Although the DDPM++ net-
work in EDM has a larger model size than DDPM, their

truncated versions fail to benefit from scaling when trained
from scratch on both datasets (see “Scratch” in Figure 5).
Moreover, even though we tune hyper-parameters and train
them longer, these truncated UNets fail to reach compara-
ble accuracies as ResNets and are often unstable to train.
These results suggest that truncating diffusion UNets at
up-sampling and appending global pooling are not optimal
practices for classification. These incompetent backbones
for recognition may have encumbered the performance of
DDAE. Using general-purpose vision backbones without
up-sampling (e.g. ViTs) or designing novel networks with
explicit encoder-decoder split may overcome this issue.

However, ViT-based diffusion models are mainly operat-
ing in the latent space to achieve promising performance.
We conduct preliminary experiments to compare pixel-
space and latent-space image classification, and we find that
the latter performs consistently worse on CIFAR-10 (96.3%
v.s. 96.0%) and Tiny-ImageNet (69.3% v.s. 65.3%), sug-
gesting that latent compression may lose information for
recognition. Moreover, it may be an obstacle for down-
stream tasks such as object detection. We leave the explo-
ration for unified pixel-space backbones to future work.

4.1.3 Noise-conditional classifier

Classifier guidance is a common manner to enhance condi-
tional models [53, 13], which relies on a noise-conditional
classifier log pt(y|xt) to obtain the conditional gradients
∇xt log pt(xt|y) = ∇xt log pt(xt) + ∇xt log pt(y|xt), or
perturbed mean µ̂(xt|y) = µ(xt|y)+s ·Σt∇xt

log pt(y|xt).
Since the DDAE features are extracted with noise pertur-
bation, our approach can naturally serve as such classifier.
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Figure 6. Accuracies of noise-conditional classifiers over differ-
ent noise scales. The two-layer classifier based on DDAE features
achieves promising accuracies on noised image classification, and
surpasses supervised models. Top: DDPM and WideResNet (VP
perturbation). Bottom: EDM and WideResNet (VE perturbation).

Specifically, we extract features in the same way as linear
probing, and attach a two-layer MLP as the classifier head:

pt(y|xt) = g(y|ft(xt) + τ(t)) (5)

where ft(·) is the frozen DDAE encoder, g(·) is the two-
layer classifier, and τ(t) denotes the timestep embedding.

Figure 6 shows the accuracies of noise-conditional clas-
sifiers based on DDPM UNet and EDM-trained DDPM++.
Following [53], we train noise-conditional WideResNets on
CIFAR-10 as supervised baselines and compare them to our
DDAE-based approach. The curves show that a two-layer
MLP head on frozen DDAE features can achieve promising
accuracies, and outperforms supervised models over almost
all noise scales. Most importantly, our simple approach can
simultaneously obtain ϵθ (or Dθ, µθ) and the classification
logits in one single forward pass, reducing the time over-
head in sampling caused by external classifiers.

4.2. Comparison with previous methods

We compare EDM and DiT models with other diffusion-
based representation learning methods and self-supervised
discriminative methods. Since the generative performance

Method Evaluation Generation
FID

Acc.
%

on CIFAR-10
WideResNet-28-10 [63] Supervised N/A 96.3
DRL/VDRL [1, 37] Non-linear ∼3.0 <80.0
HybViT [61] Supervised 26.4 95.9
SBGC [67] Supervised * 95.0
DDAE (EDM) Linear 2.0 95.9
DDAE (EDM) Fine-tune N/A 97.2

on Tiny-ImageNet
WideResNet-28-10 [63] Supervised N/A 69.3
HybViT [61] Supervised 74.8 56.7
DDAE (EDM) Linear 19.5 50.0
DDAE (EDM) Fine-tune N/A 69.4
* Negative log-likelihood (NLL) of 3.11 is reported. Similar model [53] achieves

2.99 NLL and 2.92 FID, for reference.
Table 2. Comparisons with other diffusion-based representa-
tion learning methods on CIFAR-10 and Tiny-ImageNet. We
compare DDAEs with unsupervised DRL/VDRL, supervised hy-
brid model HybViT, and supervised likelihood model SBGC. All
results for other methods are retrieved from their original papers.

is our first priority, we select checkpoints with the lowest
FID for DDAEs, despite the recognition rates may overfit.

Comparison with diffusion-based methods. Table 2
shows that EDM-based DDAE outperforms all previous su-
pervised or unsupervised diffusion-based methods on both
generation and recognition. Moreover, our DDAE can be
seen as the state-of-the-art hybrid model [61] on CIFAR-
10, which can generate and classify (through linear clas-
sifier) with a single model. On Tiny-ImageNet, our self-
supervised EDM yields significantly better generation FID
than the supervised HybViT, despite a lower linear probe
accuracy. After fine-tuning, DDAE catches up with super-
vised WideResNet and surpasses HybViT by large margins.

Comparison with contrastive learning methods. Ta-
ble 3 presents the evaluation results on CIFAR-10. For lin-
ear probing, EDM-based DDAE is comparable with Sim-
CLRs considering model sizes. After fine-tuning, EDM
achieves 97.2% (w/o transfer) and 98.1% (w/ transfer) ac-
curacies, outperforming SimCLRs with comparable param-
eters, despite underperforming the scaled 375M SimCLR
model by 0.5%. Table 4 presents results on Tiny-ImageNet.
Our EDM-based model significantly outperforms SimCLR
pre-trained ResNet-18 under both linear probing and fine-
tuning settings. However, DDAE is not as efficient as Sim-
CLR on this dataset, that a slightly larger ResNet-50 can
surpass our linear probe result with fewer parameters.

Transfer learning with Vision Transformers. To ver-
ify the transfer ability on scalable ViTs, we transfer the DiT
model, which is pre-trained on 2562 ImageNet, to CIFAR-
10 and Tiny-ImageNet. Since the DiT codebase only pro-
vides the largest DiT-XL/2 checkpoint for class-conditional
generation, we use it in an unconditional manner by drop-
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Method Evaluation Params
(M)

Acc.
%

on CIFAR-10
WideResNet-28-10 [63] Supervised 36 96.3
DDAE (EDM) Linear 36 95.9
SimCLR Res-50 [11] Linear 24 94.0
SimCLRv2 Res-101-SK [12] Linear 65 96.4
DDAE (EDM) Fine-tune 36 97.2
SimCLRv2 Res-101-SK [12] Fine-tune 65 97.1

on CIFAR-10, with ImageNet transfer
DDAE (EDM) Linear 36 91.4
SimCLR Res-50 [11] Linear 24 90.6
SimCLR Res-50-4x [11] Linear 375 95.3
DDAE (EDM) Fine-tune 36 98.1
SimCLR Res-50 [11] Fine-tune 24 97.7
SimCLR Res-50-4x [11] Fine-tune 375 98.6
DDAE (DiT-XL/2)† Linear 314 84.3
MAE ViT-B/16 [22] Linear 86 85.2
DDAE (DiT-XL/2)† Fine-tune 314 98.4
MAE ViT-B/16 [22] Fine-tune 86 96.5
† Trained as class-conditional model but evaluated in an unconditional manner.
Extra VAE encoder is used.

Table 3. Comparisons with other self-supervised methods on
CIFAR-10. We compare DDAEs with contrastive SimCLRs, and
masked autoencoders (MAE). Results for SimCLRs are retrieved
from the original papers, and MAE’s are reported by [22]. For
DDAE and MAE, only encoder parameters are taken into account.

ping label to null [27]. Although this may not be strictly fair
due to the scale and supervision difference, we mainly aim
to confirm the scalability of ViT-based DDAEs.

Table 3 and Table 4 show that the scaled DiT-XL/2 out-
performs the smaller MAE ViT-B/16 under all settings by
large margins except for linear probing on CIFAR-10. It
also catches up with the 375M SimCLR and achieves 98.4%
accuracy on CIFAR-10 after fine-tuning. These results indi-
cate that similar to pixel-space ViTs, latent-space DiTs can
also benefit from scaling and pre-training on larger datasets.
However, diffusion pre-trained DiTs may not be as efficient
as MAE pre-trained ViTs on recognition tasks, since the for-
mer is specifically designed for advanced image generation
without optimizing its representation learning ability.

5. Discussion and conclusion

We propose diffusion pre-training as a unified approach
to simultaneously acquire superior generation ability and
deep visual understandings, which potentially leads to the
development of unified vision foundation models. However,
as the first study to investigate diffusion for recognition at
scale, there remain some limitations and open questions.

Backbone issues. Truncating DDAEs in the middle is
not an elegant and optimal practice for encoders, and our
approach relies on probing to find the best layer. Though
the metric-based method works well on CIFAR-10, it may

Method Evaluation Params
(M)

Acc.
%

on Tiny-ImageNet
WideResNet-28-10 [63] Supervised 36 69.3
DDAE (EDM) Linear 40 50.0
SimCLR Res-18 [18] Linear 12 48.8
SimCLR Res-50 [5] Linear 24 53.5
DDAE (EDM) Fine-tune 40 69.4
SimCLR Res-18 [5] Fine-tune 12 54.8

on Tiny-ImageNet, with ImageNet transfer
DDAE (DiT-XL/2)† Linear 338 66.3
MAE ViT-B/16 [22] Linear 86 55.2
DDAE (DiT-XL/2)† Fine-tune 338 77.8
MAE ViT-B/16 [22] Fine-tune 86 76.5
† Trained as class-conditional model but evaluated in an unconditional manner.

Extra VAE encoder is used.
Table 4. Comparisons with other self-supervised methods on
Tiny-ImageNet. We compare DDAEs with SimCLR and MAE.
Results for SimCLR are reported by [18, 5] which are the highest
in literature without cherry picking, and MAE’s are from [22].

fail on more complex datasets where features are less
linear-separable. In constrast, ideal DDAE backbones may
have explicit encoder-decoder disentanglement. Moreover,
whether latent-based networks can rival pixel-space models
on more recognition tasks needs more exploration.

Efficiency issues. Although DDAEs can achieve compa-
rable accuracies to some pure recognition models, they rely
on larger model sizes and are not efficient. Besides, diffu-
sion models require longer training duration to achieve op-
timal generative performance, making them costly to scale.

Relation to other self-supervised methods. We hy-
pothesize that the alignment between different images along
the noising trajectory may implicitly contribute to the dis-
criminative properties, which operates similarly to positive-
only contrastive learning. The concurrent study named
Consistency Models [52], which shares similarities to self-
distillation-based contrastive learning [21, 9], has already
exploited this idea on denoising outputs. Moreover, we be-
lieve there exists another possibility of integrating such con-
sistency or self-predictive constraints to DDAE features, re-
sembling studies combining MAEs with contrastive meth-
ods [28]. It may also mitigate the previous issues by ag-
gregating discriminative features on a designated encoder-
decoder interface, and improving the learning efficiency.
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