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Abstract

Image classification serves as the cornerstone of computer
vision, traditionally achieved through discriminative models
based on deep neural networks. Recent advancements have
introduced classification methods derived from generative
models, which offer the advantage of zero-shot classification.
However, these methods suffer from two main drawbacks:
high computational overhead and inferior performance com-
pared to discriminative models. Inspired by the coordinated
cognitive processes of rapid-slow pathway interactions in the
human brain during visual signal recognition, we propose the
Diffusion-Based Discriminative Model Enhancement Frame-
work (DBMEF). This framework seamlessly integrates dis-
criminative and generative models in a training-free manner,
leveraging discriminative models for initial predictions and
endowing deep neural networks with rethinking capabilities
via diffusion models. Consequently, DBMEF can effectively
enhance the classification accuracy and generalization capa-
bility of discriminative models in a plug-and-play manner.
We have conducted extensive experiments across 17 preva-
lent deep model architectures with different training meth-
ods, including both CNN-based models such as ResNet and
Transformer-based models like ViT, to demonstrate the ef-
fectiveness of the proposed DBMEEF. Specifically, the frame-
work yields a 1.51% performance improvement for ResNet-
50 on the ImageNet dataset and 3.02% on the ImageNet-
A dataset. In conclusion, our research introduces a novel
paradigm for image classification, demonstrating stable im-
provements across different datasets and neural networks.

Code — https://github.com/ChunXiaostudy/DBMEF
Extended version — http://arxiv.org/abs/2412.09063

1 Introduction

Image classification stands as a foundational problem in
computer vision, typically tackled through either discrim-
inative model-based (LeCun et al. 1998; He et al. 2016;
Touvron et al. 2021) or generative model-based (Rish et al.
2001; Cheng and Greiner 2013; Han, Zheng, and Zhou
2022) approaches: the former directly models the posterior
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Figure 1: The process of the human brain handling visual
signals is a dynamic interactive procedure. The rapid path-
way transmits visual signals to the higher cortex to complete
overall recognition, then assists the slow pathway in com-
pleting a “guess-verify-guess-verify” cognitive linkage. The
rapid pathway of the brain can be regarded as a discrimi-
native process, proposing several possible guesses regarding
the visual signals. The slow pathway’s verification of these
guesses can be approximately considered as the reclassifica-
tion process of a generative model under given conditions.

probability p(y|x) for image classification, while the latter
first learns the joint distribution p(«, y) of the data and then
leverages Bayes’ theorem to convert it to p(y|x).

In research on applying discriminative models for image
classification, numerous meticulously designed network ar-
chitectures have been proposed, such as VGG (Simonyan
and Zisserman 2014), ResNet (He et al. 2016), ViT (Doso-
vitskiy et al. 2020), DeiT (Touvron et al. 2021), and others.
A well-trained ViT model can even achieve an astonishing
accuracy of up to 88.59% on ImageNet. However, this ap-
proach provides predictions in a single-step process, which
means it lacks the capability to re-evaluate and refine un-
certain predictions as humans do. This limitation potentially
hinders further performance improvements for the model.

The task of image classification based on generative mod-
els is challenging because it requires modeling the condi-
tional likelihood of each label for the images. Early work
has explored the potential of generative models based on



energy-based models (Zhao, Jacobsen, and Grathwohl 2020)
or score-based models (Song et al. 2020; Zimmermann
et al. 2021; Yoon, Hwang, and Lee 2021) for image clas-
sification tasks; however, due to the greater demand for
data and resources, such methods are primarily applied to
smaller datasets like CIFAR-10, and there remains a signifi-
cant gap in their widespread application. The recent emer-
gence of large-scale text-to-image diffusion models (Ho,
Jain, and Abbeel 2020; Rombach et al. 2022) has greatly
enhanced text-based image generation capabilities, inspir-
ing researchers (Clark and Jaini 2024; Li et al. 2023a; Chen
et al. 2023) to use density estimation from diffusion models
for zero-shot classification without additional training. To
be specific, they perform conditional denoising across vari-
ous categories on the test image, selecting the category that
yields the best denoising outcome as the image’s label. Al-
though these methods can be applied to higher-resolution
images, they still suffer from two drawbacks: their perfor-
mance significantly lags behind discriminative models, and
the application of diffusion models in classification is time-
intensive. Even with accelerated sampling methods, classi-
fying a single image from ImageNet of 512 x 512 pixels
may take up to two hours to complete.

In response to the shortcomings of existing image clas-
sification approaches, we pose a question: Can we leverage
the strengths of both discriminative and generative models
to better accomplish the task of image recognition? This pa-
per answers this question by drawing inspiration from the
human brain’s process of image recognition. As shown in
Fig. 1, when the brain receives visual signals, the image in-
formation of objects is rapidly transmitted to the higher cor-
tex through a rapid pathway, where a guess is made (Sillito,
Cudeiro, and Jones 2006). The result of the guess is then
cross-verified with new inputs through feedback connec-
tions. The rapid pathway recognizes the object as a whole,
and its results assist the slow pathway in recognizing lo-
cal information of the object. Through such a repetitive
process, the object is recognized. When faced with uncer-
tain visual signals, the brain undergoes an alternation of
information uploading and downloading, continuously en-
gaging in a “guess-verify-guess-verify” cycle(Sillito, Cud-
eiro, and Jones 2006; Chen et al. 2014) until a definitive
result is obtained. Therefore, in this paper, inspired by the
brain’s signal recognition process that intricately combines
the rapid and slow pathways for synergistic effect, we pro-
pose the Diffusion-Based Discriminative Model Enhance-
ment Framework (DBMEF). This approach utilizes diffu-
sion models to endow discriminative models with the ability
to re-evaluate uncertain predictions. Specifically, within this
framework, discriminative models first make a preliminary
prediction on the test input, akin to the brain’s rapid pathway.
If the uncertainty of the prediction is low, it is considered the
final output. However, if the prediction’s uncertainty is high,
the test sample is fed into the diffusion model. Through the
generative model’s powerful image understanding capabil-
ities, the test sample undergoes a rethinking process, mir-
roring the brain’s slow pathway. This methodology not only
simulates the human brain’s process of dealing with visual
signals but also significantly enhances the classification ac-
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curacy of various discriminative models (e.g., ResNet, VGG,
DeiT, ViT).
The contribution can be summarized as follows:

e We propose a plug-and-play framework called Diffusion-
Based Discriminative Model Enhancement Framework
(DBMEF), which is inspired by the coordinated cogni-
tive processes of rapid-slow pathway interactions in the
human brain during visual signal recognition.

e Experimental results have demonstrated that DBMEF
can significantly enhance the classification accuracy and
generalization capability of deep neural networks. The
framework notably increases the performance of ResNet-
50 by 1.51% on the ImageNet dataset, and by 3.02% on
the ImageNet-A dataset.

e We provide an extensive and detailed ablation study on
the proposed framework, uncovering that an overly inten-
sified negative control factor A adversely impacts the effi-
cacy of the framework and our proposed method outper-
forms other diffusion-classifiers with significantly fewer
time-step samplings.

2 Related Work

Diffusion models(Ho, Jain, and Abbeel 2020; Song, Meng,
and Ermon 2020; Rombach et al. 2022; Karras et al. 2022)
have garnered significant interest for their exceptional gen-
erative abilities, especially in image generation, where they
have outperformed GAN models(Goodfellow et al. 2020) in
producing high-quality images. In 2021, OpenAl introduced
Classifier Guidance Diffusion(Dhariwal and Nichol 2021),
a technique that facilitates gradient adjustment of images in
the generation phase by diffusion models, thus permitting
conditional generation based on specified categories. Fol-
lowing this, in 2022, Google unveiled Classifier-Free Guid-
ance Diffusion(Ho and Salimans 2022), a method that elim-
inates the need for training a separate explicit classifier and
instead integrates conditional guidance within the training
phase, resulting in enhanced generative capabilities. The la-
tent diffusion model(Rombach et al. 2022) maps images to
a latent space for both the noising and denoising processes,
significantly reducing training expenses and expanding the
potential applications and generative capabilities of diffu-
sion models. This approach has laid a crucial foundation for
the development of Stable Diffusion, showcasing the ver-
satility and adaptability of diffusion models across various
domains (Xu et al. 2023; Tang et al. 2024; Zhao et al. 2023).

In this context, utilizing diffusion models for image clas-
sification introduces a novel approach. SBGC(Zimmermann
et al. 2021) employs score-based generative models to es-
timate the conditional likelihood P(x|y), which is then uti-
lized for image classification(Li et al. 2023a; Clark and Jaini
2024; Chen et al. 2023) and further enhanced by integrating
diffusion models into these task. RDC (Chen et al. 2023)
leverages diffusion models to evaluate its adversarial robust-
ness in comparison to traditional discriminative classifiers.
Li et al. (Li et al. 2023a) approximates the log probabil-
ity log pe(x|c) through EBLO and identifies the optimal
condition ¢ by analyzing noise predictions in the denois-
ing phase, demonstrating notable zero-shot classification ca-



pabilities. Furthermore, a diffusion-based classifier applied
to the DiT-XL/2 model (Peebles and Xie 2023), trained on
the ImageNet dataset for supervised classification, achieved
a notable accuracy of 79.1% on the ImageNet validation
set. Nevertheless, this performance level does not yet meet
the benchmarks established by leading contemporary super-
vised deep networks on ImageNet, such as ViT-Base, DeiT-
Small, and DeiT-Base, all of which can experience signif-
icant improvements in classification performance through
our methodology. In (Clark and Jaini 2024), the authors sim-
ilarly utilize a diffusion model as a classifier. The distinction
between these two papers lies that (Clark and Jaini 2024) in-
troduces learnable time-step sampling weights and shifts the
loss function focus from measuring the discrepancy between
predicted noise and added noise, to quantifying the differ-
ence between denoised image and original image. Despite
accelerating the sampling process(Li et al. 2023a; Clark and
Jaini 2024), the inference duration for a single image from
ImageNet can extend to two hours on a GeForce RTX 4090
GPU, which significantly limits the practical application of
diffusion models in real-world scenarios despite their inno-
vative use.

In our work, we challenge the conventional belief that
“discriminative models typically perform better in image
classification tasks” by synergizing diffusion models with
discriminative models through confidence protector and pos-
terior probability adjustment. This research significantly en-
hances the accuracy of discriminative models across various
architectures, while reducing the inference time to merely
1% of that of existing diffusion-based classifiers.

3 Framework

In this section, we introduce the Diffusion-Based Discrimi-
native Model Enhancement Framework (DBMEF). We first
provide an overview of the diffusion model in Sec. 3.1, and
we introduce the overall process of DBMEF in Sec. 3.2. In
Sec. 3.3, we introduce the confidence protector and diffu-
sion model classifier. In Sec. 3.4, we present two effective
methods to further improve the performance. The Pytorch-
like pseudo algorithm of DBMEF is given in Appendix. A.

3.1 Preliminary Knowledge on Diffusion Models

The diffusion model (Ho, Jain, and Abbeel 2020; Song,
Meng, and Ermon 2020; Rombach et al. 2022) consists of
two processes: forward diffusion with adding noise and in-
verse diffusion with denoising. In the forward process, a
small Gaussian noise is gradually added to a true data distri-
bution &y ~ ¢(x). The distribution eventually converges to
an isotropic Gaussian distribution. The mean and variance
of the added noise are determined by parameter 3;, then we
get:

gy |xio1) =N (iCt; mmt—hﬂﬂ)

st.0< By < 1.

ey

In the reverse process, the original data is recovered from
Gaussian noise 7 ~ AN(0,I). In (Ho, Jain, and Abbeel
2020), the posterior probability Py is approximated using a
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time-conditioned deep model, yielding:

P9 (wt—l | a:t) = N(H@ (gjt?t) ’ 29 (1315, t)) )
T

Py(xo.r) = p(zr) [ | Po(me1lze).

t=1

2

The conditional diffusion model (Ho and Salimans
2022) utilize the ELBO as an approximation to the class-
conditional log-likelihood as:

Py(zo.T, y)} )

log Py(x > E,(z.. lo
g 9( |y) = q( ().T) |: g q(ﬂSl;T‘:Bo)

By reparameterizing the right half of Eq. (3), similar to
(Ho, Jain, and Abbeel 2020), we can obtain the following
equivalent relationship:

PH(wO:Tay)] —

E 1
q(zo.T) [og q(w1;Tlﬂco)

“)
_EtN[l,T],m,st [Hgt — &9 (.Tt,t,y)H2} :

3.2 DBMEF Overview

Fig. 2 illustrates the overall architecture of DBMEF, which
comprises two critical components: confidence protector
and diffusion model classifier. We further introduce two
strategies to enhance the framework’s performance: combin-
ing positive and negative text conditions and a voting mech-
anism. The DBMEEF process is outlined as follows:

e An input image « is first processed through a deep dis-
criminative model to extract its top-k labels. These labels
are subsequently inputted into a confidence protector that
employs a protection threshold to ascertain the necessity
of further re-evaluation via a diffusion model.

o If the re-evaluation is required, both positive and negative
text conditions are generated based on the top-k labels.
Thereafter, the image x, in conjunction with these text
conditions, is introduced into a diffusion model classifier.

e Within this classifier, denoising is conducted under the
governance of text condition controls. The denoising out-
come is modulated by a negative control factor A, which
amalgamates the results from both positive and negative
sets of text conditions to identify the label demonstrating
the best predicted noise.

e Based on practical considerations, DBMEF can also flex-
ibly extend from single-sample prediction of noise to
multiple-sample prediction, further enhancing its effec-
tiveness through consensus voting on the predictions.

3.3 Confidence Protector and Diffusion Classifier

The utility of the Confidence Protector is to emulate the
human brain’s determination of confidence when recogniz-
ing visual signals. Images that do not evoke enough con-
fidence necessitate rethinking, while those recognized with
sufficient assurance bypass the “guess and verify” process.



Text Conditioning

Positive prompt Negative prompt { Q M

TOP 1 Pred Class | promp sative promp i elemﬂ?mse K|

The photo of The features of i summation cross attention i

{Class c} {Class 1, ... c-1, i i

ce {1,2,..,K} ctl,...,K} . a] i

Confidence switch control factor  /
~ —

Protector

i Text
| | : Encodell' :

e

J3poduy]

\ Image x

—— argminlL; (g, &)
c

New Pred Class

uassion noise £

Figure 2: An overview of the Diffusion-Based Discriminative Model Enhancement Framework. For an input image «, it first
passes through a deep neural network to obtain its top-k labels. Then, a confidence protector determines the need for further
analysis through a diffusion model. If required, positive and negative text conditions, derived from the top-k labels, are gener-
ated. These conditions, alongside «, are then fed into the diffusion model. The label with the best denoising outcome is selected

as the new predicted label.

For the protection threshold (Prot) within the Confidence
Protector, we conduct a hypothesis test on the following is-

sue: for an input image x, is the output after processing by
f(-) reliable?

Hy : f(x)isreliable vs Hj : f(x) is not reliable (5)

Here the null hypothesis Hy implies that the test input & can
be reliably classified.

Regarding the determination of whether to reject the null
hypothesis (Hy), we propose to derive a test statistic based
on correctly classified samples within the training set where
the discriminative model provides reliable predictions, as
suggested in (Zhu et al. 2022). Given an f(-), an input image
x, assuming there are C' categories, we can formulate the
maximum probability of the model output as:

P (@)
G€lC] Y exp (fi(zr))

S(wk) = (6)

Then, we can obtain a set of the maximum
probability for the correctly classified images S:
{S(x1), S(x2),...,S(xN)}, where S(x;) represents

the maximum probability of the model output for the i-th
correctly classified image. We regard the lower « percentile
of S as S, as our test statistic and construct the rejection
region for the null hypothesis Hy as:

R={x:5(x) < S,}, @)

For any test input x, the null hypothesis is rejected if €
R. It is noteworthy that the « represents the significance
level and also represents the maximum probability of the test
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making a Type I error which means the mistaken rejection
of an actually true null hypothesis Hy. Protecting the null
hypothesis H) is crucial in this hypothesis test, this leads to
the introduction of Prot:

Prot=1-a, ()

as a crucial parameter for the Confidence Protector.

Therefore, in order to reduce the probability of Type I er-
rors, for preliminary discriminative models already exhibit-
ing high accuracy, a higher Prot is required while for a
weaker discriminative model the Prot should be appropri-
ately smaller. In general, the range of Prot is the open inter-
val (0,1). When Prot is 0, it means that all images need to
undergo DBMEF. Conversely, when Prot = 1, it signifies
that no images require re-thinking via DBMEF.

The diffusion model classifier transforms the con-
ditional denoising outcomes of the diffusion model
into an estimation of the posterior probability. In
the Diffusion Model Classifier, the test dataset is set
to {(z',y'),....(@",y")}, for a given x, y €
{C4,Cy,...,Ck} represents the top-K possible labels out-
put by the preliminary discriminative model. We transform
the posterior probability P(y = C; | «) using Bayes’ the-
orem and the reclassification results of the diffusion model
are defined as follows:

§ = argmaxPy (y = C; | x)
C;
Py (xz|y=0Cy)
X, Ply=C))Py(z|y=0Cy)

= argmax
C;



To simplify the problem, we assume equiprobable classes
and have P (y = C;) = . Thus,

9 = argmaxlog Py(x | y = C;).

i

(10)

Then we use the reparameterized ELBO in Eq. (4) to replace
Py(z | y = C;) in Eq. (10) as:
Po(zo.r,y = Ci):l

@ ~ argmaXEq(a:o;T) |:1Og q(ml.T‘ZB())

i

Y

. 2
= argming (1 7). [l = 20 (e, t,C)I?]

the loss function is usually used to reparameterize the
variational lower bound (VLB) as follows:

(1.1 | ®0)

q
L =F (p. 1 12
VLB a(@o:T) {og Py (o : T) } ) (12)
Lsimple = Etw[l,T],m,at |:||5t — €9 (wta t7 Cl)||2i| . (]3)
Therefore, ¢ can be written as:
Q ~ argmianimple (213, yCz)
(14)

= argminB 7)., [lee = 20 (.8, Co) ]

i

3.4 Negative Combination and Voting

The negative text conditions represent a reverse se-
lection from the perspective of elimination. For each
of the k alternative classes {Ci,...,Cy} for im-
age x, we construct the negative text conditions N;
for the i-th alternative class C; as follows: N;
{The features of Cy,- -+ ,C;_1,Ci41,- -+ ,Ci}. Under
these negative text conditions, the predictive results of the
diffusion model classifier in Eq. (14) can be reformulated
as:

9 = argmaxBy 1o, [l — 20 (@t NIP] . 019)

Negative and positive text conditions serve as dual meth-
ods for articulating the same label. Therefore, combining
both in a specific ratio is a natural approach. By integrating
both, we anticipate an enhancement in label differentiation,
which in turn is expected to elevate the model’s precision.
Following the (Dhariwal and Nichol 2021), after process-
ing the positive and negative texts through the identical text-
encoder, which generates distinct noises, the predicted noise
for these divergent text conditions is merged in an element-
wise summation at a predetermined ratio named the negative
control factor A ,as shown in the equation below:

(A>1).
(16)
Moreover, voting ensemble (Dietterich 2000) is a com-
mon method to improve model accuracy. In our work, we
have chosen a voting method that balances computational
resources and performance, selecting the number of mod-
els participating in the vote as 5. Each model involved in
the voting has the same hyperparameters and is a result of
combining positive and negative text conditions within the
DBMEFR.

Noise = Noisepeq + AN oisepos — Noiseneg)
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4 Experiments

This section provides extensive experiments to answer the
following questions:

e Does our framework support various architectures of
deep discriminative models with different training meth-
ods? See Sec. 4.1.

e Does our framework maintain its effectiveness under sce-
narios of distribution shifts and low-resolution condi-
tions? See Sec. 4.2 and Sec. 4.3.

e What roles do the individual components of the frame-
work play in enhancing model performance and how hy-
perparameters affect framework performance? See Ap-
pendix. B and Appendix. C.

4.1 Performance across Different Models

Baseline: We choose 17 discriminative models based on var-
ious training methods, datasets, and architectures. The se-
lection comprises nine models employing supervised learn-
ing techniques, including DeiT-Base (DeiT-b), DeiT-Small
(Deit-s), ViT-Base (ViT-b), ViT-Small (ViT-s), ResNet50,
ResNet18, VGG16, MobileNetV3(Howard et al. 2019), and
TinyNet(Han et al. 2020); six models that utilize self-
supervised training methods and are fine-tuned on the linear
layers with ImageNet2012 training set—specifically ViTb-
MAE(He et al. 2022), ViTI-MAE, ViTs-DINOv2(Oquab
et al. 2023), ViTb-DINOv2 and ResNet50-SimCLR(Chen
et al. 2020), ResNet101-SimCLR; and two models using
contrastive learning with fine-tuned linear layers: ViTb-
CLIP(Radford et al. 2021), and ViTh-CLIP. The pretrained
weights of nine supervised backbone models and ViTb-
CLIP, ViTh-CLIP, as well as the image preprocessing meth-
ods used during inference, were sourced from the TIMM
library . The weights for the MAE model and the DINOv2
model are sourced from the official open-source repositories
of Facebook and Google, respectively.

Set up details: Regarding the diffusion model, we adopt
the most popular and mature architecture — Stable Dif-
fusion V1-5. For the impact of other versions and types
of diffusion models on DBMEEF, please refer to Appendix.
B. For DeiT-b, ViTh-CLIP, ViTb-CLIP, ViTb-MAE, ViTI-
MAE, ViTb-DINOvV2, we set Prot at 0.99, while for other
models, Prot is set at 0.95. The time steps is set to 30, A
is fixed at 1.1, and the number of sub-models participating
in voting is set to 5. In the hyperparameter experimentation
section(see Appendix. B), we will investigate the impact of
these key parameters on the potential for framework effec-
tiveness enhancement. The evaluation experiments are con-
ducted on the ImageNet2012-1k validation set. We fix the
random seed and repeat the process five times, using the av-
erage as the reported result.

Results: Tab. 1 presents the performance enhancements
of 17 deep discriminative models following their integra-
tion with DBMEEF. The accuracy improvements on the Im-
ageNetlk validation set ranged from 0.19% to 3.27%. No-
tably, to maintain a balance between accuracy and infer-
ence time, all models were configured to 30 timesteps, with-

"https://github.com/huggingface/pytorch-image-models



Training-method \ Model topl w/op p+neg  p-+pos p+c p+c+v A

DeiT-b 81.98% 66.37% 82.02% 82.41% 82.45% 82.67% 0.69%

ViT-b 80.93% 64.98% 81.35% 81.40% 81.43% 81.73% 0.80%

DeiT-s 79.86% 64.88% 80.18% 80.35% 80.42% 80.78% 0.92%

supervised learning ResNet50 76.15% 64.39% 76.68% T11.22% 77.40% 77.66% 1.51%
on backbone model ViT-s 75.99% 63.95% 76.72% 77.02% 77.10% 77.64% 1.65%
VGG16 71.58% 6398% 72.78% 73.39% 73.52% 73.96% 2.38%

ResNet18 69.76% 63.44% 71.16% 71.85% T1.98% 72.41% 2.65%

Mobilenetv3 67.64% 63.68% 69.55% 70.27% 70.40% 70.79% 3.15%

Tinynet 66.96% 63.44% 68.87% 69.65% 69.72% 70.23% 3.27%

ViTb-MAE 83.63% 6597% 83.90% 83.95% 83.98% 84.12% 0.49%

ViTI-MAE 85.92% 66.15% 86.09% 86.14% 86.21% 86.29% 0.37%

self-supervised learning ViTs-DINOv2 79.11% 65.14% 79.71% 79.95% 80.14% 80.35% 1.24%
+ finetuning ViTb-DINOv2 82.01% 64.96% 8221% 82.48% 82.52% 82.69% 0.68%
ResNet50-SimCLR  76.31% 64.51% 77.35% 7744% 71.53% 71.71% 1.40%

ResNet101-SimCLR  78.22% 65.03% 78.41% 78.75% 78.82% 79.03% 0.81%

contrastive learning ViTb-CLIP 8521% 65.66% 8533% 8536% 8538% 85.46% 0.25%
+ finetuning ViTh-CLIP 88.59% 65.81% 88.60% 88.61% 88.65% 88.78% 0.19%

Table 1: The method proposed in this article brings performance gains across different model architectures. We have compared
the impact of various strategies for augmenting classification models with generative models. Here, topl denotes the model’s
baseline accuracy. w/o p indicates using a strategy similar to that in (Li et al. 2023a), where the original task of selecting 1
out of 1000 is simplified to selecting 1 out of 5 without confidence protection. p+neg means the model has been processed
by the confidence protector and only uses negative text as the text condition. p+pos indicates the model has been processed
by the confidence protector and only uses positive text as the text condition. p+c represents the model being processed by
the confidence protector and combining positive and negative text conditions. p-+c+v signifies a voting process involving five
p-+c combinations, that is the most comprehensive DBMEEF. A represents the improvement in the original top1 accuracy of the
model achieved by applying DBMEF.

out optimizing other hyperparameters for optimal settings. The fifth column(p + neg) of Tab. 1 shows the results
Consequently, the full potential of the framework to boost when applying both the Confidence Protector and solely
the performance of deep discriminative models may not be the negative text condition, achieving classification accuracy
entirely captured in these results. Nevertheless, the frame- that surpass the baseline top1 performance. However, its im-
work has demonstrated substantial improvements across the provement is not as significant as when the Confidence Pro-
board, including for the highly advanced ViTh-CLIP model, tector and only positive text condition are applied. The ac-
which was derived from CLIP and trained and fine-tuned on curacy in sixth column(p+pos) far exceeds that of without
LAION-2B and ImageNet-12K, further fine-tuned on Ima- protector (w/o p) in the third column, highlighting the cru-
geNetlk training set and the more modest TinyNet, under- cial role of the Confidence Protector.

scoring its universal applicability. In the seventh column(p+c) of Tab. 1, the effect achieved

by combining both the positive and negative text conditions
using A surpasses that of using either individual text condi-
tion alone, thereby demonstrating the effectiveness of em-
ploying ) to integrate these conditions. Moreover, as shown
in the eighth column(p + ¢ + v) of Tab. 1, the classification
performance can be further enhanced by applying a voting
mechanism to p+c. Ultimately, without additional hyperpa-
rameter tuning and only choosing small timesteps, DBMEF
enhances the performance of these deep models by 0.19%-
3.01%, fully demonstrating the excellent performance and
potential of our framework.

The fourth column(w/o p) of Tab. 1 displays the results of
directly reclassifying the top 5 labels from the discriminative
model through the diffusion model without the protection
step. This approach is similar to the traditional method of
classification using diffusion models, simplifying the selec-
tion from 1 out of 1000 to 1 out of 5. Although its accuracy is
higher than the performance in the previous works (Li et al.
2023a; Clark and Jaini 2024) on ImageNet, it is still signifi-
cantly lower than the accuracy of the discriminative models
themselves. This demonstrates that the unprotected method
leads to inferior outcomes because re-evaluating all test in-
put images might misclassify some of the results that the

preliminary discriminative model had accurately predicted. 42 Performance against Distribution Shifts

This action lowers the overall performance of image recog- Baseline: We use the accuracy of the aforementioned four
nition, thereby illustrating the essential role of confidence pre-trained deep discriminative models—ViT-Base, DeiT-
protector operations. More intuitive visualization results are Small, ResNet50, VGG16 on ImageNet-S, ImageNet-A,
presented in Appendix C. ImageNet-V2, ImageNet-E (background), and ImageNet-E
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(position) as the baseline.

Set up details: We utilize the complete Diffusion-Based
Discriminative Model Enhancement Framework, which in-
cludes 5 submodels for voting formed by positive and neg-
ative text condition combinations. The diffusion model se-
lected in the framework is Stable Diffusion V1-5, with a
Prot 0.95 and time steps 30. A is set to 1.1. The deep
discriminative models chosen within the framework in-
clude ViT-b, Resnet50, VGG16, and DeiT-s. The pretrained
weights are sourced from the TIMM library. We select the
ImageNet-A (Hendrycks et al. 2021), ImageNet-V2(Recht
et al. 2019), ImageNet-S(Gao et al. 2022), and Imagenet-
E(Li et al. 2023b) datasets to assess the robustness of our
proposed framework against distribution shifts. Addition-
ally, the category labels of these datasets are subsets of the
ImageNetlk labels, so no additional training is required.

Model S A V2 E-bg E-pos
ViT-b 29.79% 27.23% 77.23% 67.55% 75.39%
ViT-b* 30.47% 27.41% 77.37% 68.61% 75.92%
Resnet50 24.08% 0.00% 72.30% 62.22% 65.17%
Resnet50* 25.82% 3.02% 72.98% 63.35% 65.31%
VGG16  17.54% 2.57% 68.14% 56.71% 61.21%
VGG16* 19.70% 3.84% 69.29% 57.92% 61.92%
DeiT-s 29.42% 18.68% 76.42% 61.14% 70.29%
DeiT-s*  31.01% 19.34% 77.02% 62.22% 70.74%

Table 2: Results of the Distribution Shift Experiment. S, A
and V2 denote ImageNet-S, ImageNet-A and ImageNet-V2
respectively. The asterisk (*) indicates enhanced classifier
using our proposed DBMEEF, while metrics without an as-
terisk represent vanilla classifier. The best results are high-
lighted in Bold.

As shown in Tab. 2, the DBMEF demonstrates stable im-
provement capability when facing different types of distri-
bution shift datasets, including real images misclassified by
ResNet50, new images with the same ImageNetlk labels,
sketch images, and edited versions of original ImageNet
images with altered backgrounds and object poses, with
the most significant improvements observed for ImageNet-
S and ImageNet-A. Notably, on ImageNet-A, DBMEF im-
proved the performance of Resnet50 from 0.0% to 3.02%,
indicating that DBMEF endowed the model with the ability
to reconsider, thereby enhancing accuracy in more adversar-
ial conditions.

4.3 Classification on Low-Resolution Datasets

Set up details: We selected the deep discriminative models
ResNet18, ResNet34 and ResNet50. Additionally, we chose
the CIFAR-10 and CIFAR-100 datasets for our experiments.
These two datasets contain 10 and 100 categories, respec-
tively, with each category’s images having a resolution of 32
x 32 pixels(Krizhevsky, Hinton et al. 2009).

Baseline: We use the classification accuracy of ResNet18,
ResNet34 and ResNet50, which have been fine-tuned 20
epochs on the CIFAR-10 and CIFAR-100 training sets with
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weights pre-trained on ImageNet, on their respective test
sets as the baseline. The parameter settings for the DBMEF
are identical to those described in Sec. 4.2.

DataSet |CIFAR10 CIFAR100

ResNetl8 | 95.16%  80.94%
ResNet18*| 95.20% 81.22%
ResNet34 | 95.41% 81.45%
ResNet34*| 95.44% 81.85%
ResNet50 | 96.29%  83.85%
ResNet50*| 96.30% 84.46 %
VGG16 | 91.02%  70.49%
VGG16* | 91.68% 71.42%

Table 3: Model performance on CIFAR10 and CIFAR100
datasets. The asterisk (*) indicates enhanced classifier us-
ing our proposed DBMEF, while metrics without an asterisk
represent vanilla classifier. The best results are highlighted
in bold.

In Tab. 3, despite the inherently high accuracy of
ResNet18, ResNet34 and ResNet50 on two datasets, the ap-
plication of our framework yielded further improvements.
This demonstrates the effectiveness of strategic coordina-
tion between the protective mechanism and the diffusion
classifier, even in scenarios where the baseline accuracy is
already substantial. Moreover, for low-resolution images,
transitioning the original images to a reduced-dimensional
latent space (32 x 32) — as opposed to the larger latent
space dimensions (64 x 64) utilized in the experiments
on ImageNet — resulted in enhanced performance and in-
creased processing speed concurrently. A more detailed dis-
cussion of inference speed is presented in the Appendix. D.

5 Conclusion

In modern image classification tasks, deep learning meth-
ods conventionally use either discriminative models or gen-
erative models independently. Our paper draws inspiration
from the human brain’s coordination of rapid and slow
pathways in recognition tasks, proposing a novel frame-
work—the Diffusion-Based Discriminative Model Enhance-
ment Framework (DBMEF). This framework can effec-
tively enhance the classification accuracy and generaliza-
tion capability of discriminative models in a plug-and-play
and training-free manner. We discovered that DBMEF ex-
hibits strong universality, achieving stable performance im-
provements across 17 common deep discriminative mod-
els, including different network architectures and training
methods. Additionally, DBMEF still achieves good im-
provement effects when facing data with distribution shifts
and low-resolution data. Our work fills a gap within the
present research field and aims to motivate researchers to
further investigate the integration of diffusion models into
more downstream applications, combining discriminative
and generative modeling principles to fully harness their re-
spective strengths.
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