
1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

25

26

27

28

29

30

31

32

33

34

35

36

37

38

39

40

41

42

43

44

45

46

47

48

49

50

51

52

53

54

55

56

57

58

59

60

61

62

63

64

65

66

67

68

69

70

71

72

73

74

75

76

77

78

79

80

81

82

83

84

85

86

87

88

89

90

91

92

93

94

95

96

97

98

99

100

101

102

103

104

105

106

107

108

109

110

111

112

113

114

115

116

Relational Diffusion Distillation For Efficient Image Generation
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ABSTRACT
Although the diffusionmodel has achieved remarkable performance
in the field of image generation, its high inference delay hinders its
wide application in edge devices with scarce computing resources.
Therefore, many training-free sampling methods have been pro-
posed to reduce the number of sampling steps required for diffusion
models. However, they perform poorly under a very small number
of sampling steps. Thanks to the emergence of knowledge dis-
tillation technology, the existing training scheme methods have
achieved excellent results at very low step numbers. However, the
current methods mainly focus on designing novel diffusion model
sampling methods with knowledge distillation. How to transfer
better diffusion knowledge from teacher models is a more valu-
able problem but rarely studied. Therefore, we propose Relational
Diffusion Distillation (RDD), a novel distillation method tailored
specifically for distilling diffusion models. Unlike existing methods
that simply align teacher and student models at pixel level or fea-
ture distributions, our method introduces cross-sample relationship
interaction during the distillation process and alleviates the mem-
ory constraints induced by multiple sample interactions. Our RDD
significantly enhances the effectiveness of the progressive distilla-
tion framework within the diffusion model. Extensive experiments
on several datasets (e.g., CIFAR-10 and ImageNet) demonstrate that
our proposed RDD leads to 1.47 FID decrease and 256x speed-up,
compared to state-of-the-art diffusion distillation methods. Our
code will be attached to the supplementary material.

CCS CONCEPTS
• Computing methodologies→ Computer vision.

KEYWORDS
Diffusion models, Relational distillation, Progressive distillation

1 INTRODUCTION
Recently, generative artificial intelligence has attracted more and
more attention. Generative AI is a special type of AI algorithm that,
unlike discriminative AI algorithms, focuses more on generating
new content such as text [4], images [29], or even videos [1]. Fo-
cusing on the field of image generation, the information density
of images is much lower than that of text, thus the difficulty of
generating high-quality images is much higher than that of gen-
erating high-quality text content. Benefiting from the research of
basic models in the field of image generation in recent years, more
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Mean Square Error

Student image

(a) PD

Teacher image

Feature Space

KL-divergence Loss

Student image

(b) RCFD

Teacher images

Feature Space

Relational Distillation

Student images

(c) RDD (Ours)

Figure 1: Different distillation targets between (a) PD, (b)
RCFD, and (c) our proposed RDD.

and more powerful generative models have been proposed to solve
the problem of image generation, such as GAN [8]. However, GAN
models suffer from training difficulties, and the model architecture
and some hyperparameters of the model need to be carefully de-
signed. The diffusion model [14, 28, 34] not only overcomes these
difficulties but also achieves better performance with its excellent
generation quality [5], which makes it possible to generate high-
quality images at higher resolutions.

However, the remarkable generative capacity of the diffusion
model mainly stems from its iterative denoising procedure [14].
Thus, the extensive iteration required for generation inherently
slows down its inference pace compared to the GAN model, which
necessitates only a single inference step. This sluggish inference
rate of the diffusion model presents obstacles to its deployment on
edge devices with limited computational resources and its broader
application. However, directly reducing the number of sampling
steps of the diffusion model can lead to serious performance degra-
dation [34]. Thus, enhancing the inference speed of the diffusion
model while preserving its generative prowess to the utmost de-
gree emerges as a profoundly significant challenge. To mitigate the
number of sampling steps required by the diffusion model, two pri-
mary approaches have been proposed: training-free sampling and
training schemes [2]. Within these approaches, the training-free
method [24, 26, 34] endeavors to devise more efficient sampling
techniques to expedite inference, while the training scheme method
[19, 28, 33, 35] necessitates the incorporation of an additional train-
ing phase. Despite introducing an extra training process, the train-
ing scheme offers the potential for diffusion models to excel with
remarkably few sampling steps (1-8 steps) [33, 35].

Recently, training schemes leveraging knowledge distillation
[33, 35] have yielded remarkable results with an exceedingly low
number of sampling steps, surpassing the performance of other
methods [19, 24, 26, 28]. Knowledge distillation, as proposed by
Hinton et al. [13], aims to distill knowledge from a more robust
yet larger teacher model to craft a streamlined student model that
inherits the teacher’s superior performance to the greatest extent
possible. These distillation-based methods can generally be catego-
rized into two groups: consistency distillation [35] and progressive
distillation [33]. Consistency distillation employs the guidance of
the teacher model to distill a student model with a minimal number
of sampling steps within a single training iteration, albeit with a

https://doi.org/10.1145/nnnnnnn.nnnnnnn


117

118

119

120

121

122

123

124

125

126

127

128

129

130

131

132

133

134

135

136

137

138

139

140

141

142

143

144

145

146

147

148

149

150

151

152

153

154

155

156

157

158

159

160

161

162

163

164

165

166

167

168

169

170

171

172

173

174

ACM MM, 2024, Melbourne, Australia Anonymous Authors

175

176

177

178

179

180

181

182

183

184

185

186

187

188

189

190

191

192

193

194

195

196

197

198

199

200

201

202

203

204

205

206

207

208

209

210

211

212

213

214

215

216

217

218

219

220

221

222

223

224

225

226

227

228

229

230

231

232

lengthier training duration. On the other hand, progressive distilla-
tion achieves a student model with half the sampling steps in each
training iteration under the guidance of the teacher model. Through
multiple training sessions, a student model with remarkably few
sampling steps is attained. By employing the aforementioned distil-
lation framework anchored on a potent teacher model, we can ulti-
mately derive a student model with a minimal number of sampling
steps while maintaining commendable performance, significantly
accelerating the inference speed of the diffusion model.

The prevailing accelerated sampling distillation methods for
diffusion models primarily center on refining the distillation frame-
work itself. This entails devising more effective sampling strategies
for the student network, leveraging insights from the teacher model
to train the student network with minimal sampling steps. Consis-
tency distillation [35] aims to directly train a student model with a
reduced number of sampling steps, while progressive distillation
[33] endeavors to halve the sampling steps of the student model
with each training iteration. However, following the formulation of
the distillation strategy for the student network, the challenge of
transferring the abundant knowledge from the teacher model often
remains overlooked. Existing methods [33] typically focus solely on
aligning the teacher and student models at the pixel level, neglect-
ing the semantic information inherent in image generation tasks.
Approaches based on image features [35, 36] typically employ di-
rect feature alignment, without delving into whether more intricate
features could enhance performance further, or how to construct
features that facilitate easier learning from diffusion models.

In detail, in knowledge distillation within diffusion models, PD
[33] utilizes Mean Square Error (MSE) to directly align images at
the pixel level. CM [35] employs both MSE and Learned Perceptual
Image Patch Similarity (LPIPS) [44] to gauge image disparities, re-
vealing LPIPS as notably superior to MSE. RCFD [36] integrates
an additional feature extractor based on PD to compute the KL
divergence between features for achieving fine-grained alignment
through image feature extraction. Among these approaches, LPIPS
utilizes a pre-trained network to extract feature maps from dif-
ferent layers for direct alignment, while CM does not explore a
distillation knowledge format more suited to the diffusion model.
RCFD relies solely on KL divergence for alignment, which inher-
ently sacrifices valuable spatial information within feature maps.
Additionally, for different images, the features between them are
naturally different, and the aforementioned distillation methods
incorporating features only consider the alignment between in-
dividual samples, potentially leading to suboptimal optimization
outcomes. Inspired by the feature distillation method of diffusion
models, we enhance the training framework of RCFD and introduce
a distillation approach termed Relational Diffusion Distillation
(RDD) within the progressive distillation framework of the dif-
fusion model. Fig. 1 shows the distillation target of the different
methods. Firstly, we introduce Intra-Sample Pixel-to-Pixel Relation-
ship Distillation (IS_P2P), wherein we construct pairwise spatial
relation matrices to retain spatial information within feature maps.
Moreover, cross-sample relationship interaction is introduced to
capture long-term dependencies between image features. Subse-
quently, we propose Memory-based Pixel-to-Pixel Relationship
Distillation (M_P2P). By establishing an online pixel queue, con-
sistent contrastive embeddings are obtained from past samples,

enabling the calculation of a pixel similarity matrix. This approach
resolves the memory inefficiency associated with multiple sample
interactions and introduces a greater diversity of features through
the inclusion of more contrastive embeddings.

In this paper, we contribute to the advancement of progressive
diffusion model distillation by integrating feature map spatial infor-
mation and establishing information interaction pathways between
samples. Our key contributions can be outlined as follows:

• We introduce a novel distillation method tailored specifically
for diffusion models, termed Relational Diffusion Distillation
(RDD). This method significantly enhances the effectiveness
of the progressive distillation framework within the diffusion
model.

• We propose the Inter-Sample Pixel-to-Pixel Relationship Dis-
tillation, leveraging spatial information embedded within
feature maps. This method introduces cross-sample relation-
ship interaction during the distillation process, enhancing
knowledge transfer across samples.

• We introduce the Memory-based Pixel-to-Pixel Relationship
Distillation, which utilizes memory to establish an online
queue. This approach alleviates the memory constraints in-
duced by multiple sample interactions, while simultaneously
enhancing the diversity of samples and amplifying direct
information interaction between students and teachers.

• We conduct a thorough ablation study on the proposed Re-
lational Diffusion Distillation to affirm the efficacy of the
introduced techniques. Through comprehensive evaluation,
we demonstrate that our Relational Diffusion Distillation out-
performs the existing Classifier-based Feature Distillation
method.

2 RELATEDWORK
Diffusion Model. A well-trained diffusion model can obtain high-
quality generated images by denoising random Gaussian noise
step by step, and its standard training process was first proposed
in DDPM [14]. In the inference phase, for a diffusion model with
parameter 𝜃 , it can take a noisy image z𝑡 and a time 0 ≤ 𝑡 ≤ 1
as inputs and outputs a denoised image x𝑡 = 𝜃 (z𝑡 , 𝑡). By starting
from 𝑡 = 1, the denoised process is repeated 𝑁 times to get the final
image, where 𝑁 is the sampling steps of the trained diffusion model.
Usually, 𝑁 is a relatively large number(e.g., 512, 1024), and the
inference process is time-consuming. Thus DDIM [34] proposes an
implicit sampling to speed up the inference process by the following
equation.

z𝑠 = 𝛼𝑠𝜃 (z𝑡 , 𝑡) + 𝜎𝑠
z𝑡 − 𝛼𝑡𝜃 (z𝑡 , 𝑡)

𝜎𝑡
(1)

where 𝛼 and 𝜎 are pre-defined time correlation coefficients, and
0 ≤ 𝑠 < 𝑡 ≤ 1. When 𝑡 = 1, z𝑡 is a standard gaussian noise, and z𝑠
is the final image when 𝑠 = 0.

Knowledge Distillation. Knowledge Distillation facilitates the
creation of a superior student model by transferring knowledge
from a larger, more advanced teacher model to a more compact stu-
dent model. Since the seminal work by Hinton et al. [13] introduced
the use of KL divergence to distill model logits, many Knowledge
Distillation methods have emerged to address various challenges. In
contrast to logits-based Knowledge Distillation, there’s a growing
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recognition that the intermediate feature layers within a network
also harbor valuable information, which can serve as guidance for
the student model’s learning process. Consequently, feature-based
Knowledge Distillation techniques have been devised. For instance,
Fitnet [30] leverages the intermediate feature layer of the network
to transfer knowledge from the teacher network, while AT [42] ag-
gregates the intermediate feature layer across channel dimensions
to derive attentionmaps as knowledge. Beyond directly learning fea-
tures, some approaches utilize the relationships between multiple
feature maps as knowledge to guide the student model. For instance,
DGB [18] focuses on learning the relationship between global and
local features of the teacher network. These Knowledge Distillation
techniques find applications in diverse domains such as image clas-
sification [9, 10, 17, 22, 47], object detection [21, 40, 43, 46], image
segmentation [6, 16, 25, 39, 41], and beyond, yielding remarkable
outcomes. However, despite their widespread adoption, no prior
research has explored the application of these advanced distillation
techniques in the context of distilling diffusion models.

Diffusion Acceleration. Improving the speed of generation in
the diffusion model stands as a perennially critical challenge. The
DDIM [34] dynamically tunes the sampling step size by mitigating
random noise from DDPM. This adjustment notably diminishes the
requisite sampling steps while maintaining a comparable genera-
tion quality, albeit displaying suboptimal results at very low sam-
pling steps. On the other hand, PD [33] leverages a teacher model
to mentor the student model, enabling the latter’s single sampling
to approximate the quality of the former’s double sampling, thereby
progressively halving the sampling steps. Additionally, RCFD [36]
integrates supplementary image classifiers to extract features from
images generated in PD, supplanting pixel-level MSE as a novel
optimization objective. CM [35] attains minimal step generation by
directly learning from the raw data distribution. Furthermore, Snap
[23] crafts a model with fewer parameters yet yields superior effects
to diminish the delay of a single inference. Mobile diffusion [45]
achieves comparable generation effects with reduced computation
by refining the infrastructure of the diffusion model. Nonetheless,
these methodologies mainly concentrate on enhancing diffusion
model distillation architectures, with limited exploration of specific
diffusion knowledge forms. This potentially leads to sub-optimal
distillation performance. Hence, this paper primarily delves into
the design of a meticulous distillation technique tailored for the dif-
fusion model, aimed at better aligning the generated image details
and realizing an enhanced distillation effect.

3 PRELIMINARY
Firstly, we introduce Progressive Distillation (PD) [33] andClassifier-
based Feature Distillation (CFD) [36].

3.1 Progressive distillation
Based on DDIM, Progressive Distillation accelerates the sampling
process of the diffusion model by the knowledge distillation method.
Assuming that there is now a well-trained teacher model with
𝑁 sampling steps, we can use PD to train a student model with
parameter 𝜃 and 𝑁 /2 sampling steps. Formally speaking, given a
sampling time 𝑡 and a noisy image z𝑡 , the denoised image x𝑇 at
time 𝑡 − 2/𝑁 can be generated by the teacher model. The detailed

derivation for x𝑇 is provided in Appendix. Then, we can calculate
the training loss for the student model by

L𝑃𝐷 = 𝜔𝑡 | |x𝑇 − 𝜃 (z𝑡 , 𝑡) | |22 (2)

where 𝜔𝑡 =𝑚𝑎𝑥 (
𝛼2
𝑡

𝜎2
𝑡

, 1) is used for better performance.

3.2 Classifier-based feature distillation
In PD, Mean Square Error (MSE) serves as the metric for aligning
images generated by the teacher and student models at the pixel
level. In contrast, Classifier-based Feature Distillation (CFD) adopts
an alternative approach by incorporating an additional feature
extractor to align images based on feature dimensions. At RCFD
[36], a pre-trained classifier is employed as the feature extractor.
This classifier, denoted as 𝑐𝑙𝑠 , consists of two components: the
feature extractor 𝑒𝑥𝑡𝑟 and fully connected layers.

Formally, when presented with an image x, the feature extractor
𝑒𝑥𝑡𝑟 operates to extract features, yielding F = 𝑒𝑥𝑡𝑟 (x). In CFD,
solely the feature information is utilized, disregarding the fully
connected layers. Consequently, instead of directly assessing the
images x𝑇 and x𝑆 = 𝜃 (z𝑡 , 𝑡) generated by the teacher and stu-
dent models, respectively, the extractor 𝑒𝑥𝑡𝑟 is employed to extract
features, expressed as:

F𝑇 = 𝑒𝑥𝑡𝑟 (x𝑇 ), F𝑆 = 𝑒𝑥𝑡𝑟 (x𝑆 ) (3)

After this, we can obtain the feature distribution by using the soft-
max function 𝜎 (·) and calculate the KL-divergence between teacher
and student image feature distributions

L𝐶𝐹𝐷 = KL
(
𝜎 (F𝑇 /𝜏), 𝜎 (F𝑆 )

)
(4)

where 𝜏 is a pre-defined temperature to soften teacher distribution
for a better distillation process. RCFD [36] found that softening only
the teacher distribution has a better effect. As image features often
have more information than image pixels, by using the training
framework of PD and replacing the L𝑃𝐷 with L𝐶𝐹𝐷 , better image
generation quality is achieved in RCFD [36].

4 METHOD
The triumph of CFD underscores that within the PD framework,
aligning feature dimensions between images surpasses mere pixel-
level alignment. This superiority stems from the enriched semantic
information encapsulated within the features extracted by 𝑒𝑥𝑡𝑟 ,
facilitating the acquisition of robust visual representations during
the distillation process. Nevertheless, the efficacy of this approach
prompts a pertinent question: is employing KL divergence alone
adequate for feature alignment, and could leveraging image features
to construct distillation information enhance the learning process
within the diffusion model?

Reviewing the formula for computing KL divergence, when pre-
sented with two distributions 𝑞 from the teacher model and 𝑝 from
the student model, the KL loss can be determined as follows:

L𝐾𝐿 (𝑞 | |𝑝) =
∑︁
𝑖

𝑞𝑖𝑙𝑜𝑔
𝑞𝑖

𝑝𝑖
(5)

The essence of the loss function aims to minimize the disparity
between the distributions of students and teachers. However, when
dealing with feature tensors F𝑇 and F𝑆 of dimensions R𝐻×𝑊 ×𝐶 ,
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Figure 2: Difference between Intra-image and Intra-sample
pixel-to-pixel distillation.

computing the KL loss in RCFD [36] necessitates using average
pooling which makes features into R𝐶 and subsequently applying
the softmax function to derive the feature distribution. Regrettably,
this process results in the complete loss of spatial information em-
bedded within the features. In the context of image generation,
spatial information is vital because features across different lo-
cations may exhibit correlations. For instance, adjacent features
within a single object tend to be more akin, whereas those at the
object’s boundaries often display greater disparity. Therefore, it
becomes imperative to incorporate spatial information into the
learning process to enhance the distillation performance. Conse-
quently, we hope to integrate spatial information into the feature
distillation process in an effective way.

4.1 Intra-Sample Pixel-to-Pixel Relationship
Distillation

In the distillation process, to retain the spatial information of the fea-
ture map, we use the last convolutional layer output F ∈ R𝐻×𝑊 ×𝐶

of 𝑒𝑥𝑡𝑟 instead of the average pooling featuremap. For F ∈ R𝐻×𝑊 ×𝐶

we firstly preprocess it by 𝑙2-normalization and for easy notation,
we reshape the spatial dimension into F ∈ R𝐴×𝐶 , where𝐴 = 𝐻 ×𝑊 .
Subsequently, the spatial relation matrix M = FFT ∈ R𝐴×𝐴 is com-
puted. This matrix encapsulates the spatial relationships between
pixels, denoted asM𝑇 andM𝑆 , thus ensuring the retention of spatial
information within the feature map. Termed Intra-Image Pixel-to-
Pixel Relationship Distillation (II_P2P), this approach enables the
teacher model to utilize knowledge distillation to guide image gen-
eration in the student model by leveraging the relative relationships
between pixels. The distillation process is thus formulated as fol-
lows:

L𝐼 𝐼_𝑃2𝑃 (M𝑇 ,M𝑆 ) = 1
𝐴

𝐴∑︁
𝑎=1

KL
(
𝜎 (

M𝑇𝑎,:
𝜏

), 𝜎 (
M𝑆
𝑎,:
𝜏

)
)

(6)

where 𝜏 is a pre-defined temperature to soften distribution for a
better distillation process. We use the softmax function to mitigate
the magnitude gaps between the twomodels and use KL-divergence
loss to align row-wise probability distribution.

However, II_P2P solely accounts for the spatial relationships
within individual images when computing the spatial relation ma-
trix. Consequently, only the spatial information of a single sample
is modeled, failing to capture broader contextual insights. For the
task of image generation, a mature teacher model possesses the ca-
pability to generate diverse images exhibiting distinct features (e.g.,
cats, dogs). Consequently, when constructing the relation matrix, it
becomes imperative to consider not only the spatial relationships
within individual images but also the interplay between multi-
ple images. By doing so, a single pixel feature can engage with a
broader array of images, thereby enabling the student model to cap-
ture long-term dependency relationships between image features.
This approach, distilled from a mature teacher model, facilitates
the enhancement of the model’s visual representation abilities and
ultimately elevates the quality of image generation.

Hence, we introduce Intra-Sample Pixel-to-Pixel Relationship
Distillation (IS_P2P). Given a mini-batch sample {x𝑛}𝑁𝑛=1 generated
by diffusion models, the extraction of features by 𝑒𝑥𝑡𝑟 yields 𝑁
feature maps denoted as {F𝑛 ∈ R𝐴×𝐶 }𝑁

𝑛=1. It’s worth noting that
these features are reshaped akin to the operations in II_P2P. For the
𝑖-th sample x𝑖 and the 𝑗-th sample x𝑗 , with 𝑖, 𝑗 ∈ {1, 2, · · · , 𝑁 }, we
compute pair-wise spatial relation matrices R𝑖, 𝑗 = F𝑖FT𝑗 ∈ R𝐴×𝐴 .
Consequently, R ∈ R𝑁×𝑁×𝐴×𝐴 embodies the mini-batch intra-
sample spatial relation matrix. We utilize pair-wise spatial relation
matrices R𝑇

𝑖,𝑗
from the teacher model to guide those of R𝑆

𝑖,𝑗
from the

student model. Fig. 2 shows the difference between our proposed
II_P2P and IS_P2P. We also compare their performance in section
5.3. The distillation process is thus formulated as follows:

L𝐼𝑆_𝑃2𝑃 =
1
𝑁 2

𝑁∑︁
𝑖=1

𝑁∑︁
𝑗=1

L𝐼 𝐼_𝑃2𝑃 (R𝑇𝑖,𝑗 ,R
𝑆
𝑖,𝑗 ) (7)

The overview of our proposed IS_P2P is shown in Fig. 3.

4.2 Memory-based Pixel-to-Pixel Relationship
Distillation

While IS_P2P effectively captures relational features among multi-
ple pairs and facilitates interactions among sample features within
each mini-batch, it exhibits certain limitations. Notably, IS_P2P
solely encompasses samples within each mini-batch, thereby over-
looking the diversity of features across different mini-batches. More-
over, to enhance feature diversity in IS_P2P, smaller batch size is
undesirable as it restricts the number of pair-wise spatial relation
matrices and consequently diminishes feature diversity. Conversely,
a larger batch size, although beneficial for feature diversity, proves
to be hardware-unfriendly due to its extensive memory require-
ments and we verify this in section 5.3. To address this problem, we
propose a memory-based pixel queue capable of storing a vast array
of distinct pixel embeddings from past samples terms as Memory-
based Pixel-to-Pixel Relationship Distillation(M_P2P). Leveraging
this pixel queue enables efficient storage and retrieval of numerous
pixel embeddings from diverse samples, thereby mitigating the
shortcomings of IS_P2P.

The concept of a memory bank was initially introduced within
the field of self-supervised learning [37, 38]. In the context of self-
supervised contrastive learning, the construction of a sizable pool
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Figure 3: Overview of Intra-Sample Pixel-to-Pixel Relation-
ship Distillation.

of negative samples is imperative to ensure effective learning [11].
This aligns seamlessly with our requirements, as relying solely on
a single batch of data is insufficient. When establishing the pixel
queue, we must consider both memory constraints and the like-
lihood of redundancy among adjacent pixels in the feature map.
To maximize the storage capacity for sample features while mini-
mizing memory costs, we propose the creation of an online pixel
queue denoted as Q ∈ R𝑁𝑞×𝐶 , where 𝑁𝑞 represents the number
of pixel embeddings and 𝐶 denotes the embedding dimension. For
each image, we sample a small subset of pixel embeddings (denoted
by 𝐾 , where 𝐾 ≪ 𝑁𝑞) from the feature map and append them to
the pixel queue. The updating mechanism for the queue adheres to
the "first in, first out" strategy, ensuring the continual refreshment
of stored pixel embeddings.

Drawing inspiration from [7], we propose the integration of
a shared pixel queue between the teacher and student models,
wherein pixel embeddings within the queue are generated by the
teacher model during the distillation phase. Given 𝑙2-normalized
feature maps F𝑇𝑛 and F𝑆𝑛 ∈ R𝐴×𝐶 generated by the teacher and stu-
dent models, respectively, we randomly sample𝑉 pixel embeddings
denoted as {e𝑖 ∈ R𝐶 }𝑉𝑖=1 from the pixel queue. Subsequently, we
concatenate these embeddings into a matrix E = [e1, e2, · · · , e𝑉 ] ∈
R𝑉 ×𝐶 . Thus we can compute the pixel similarity matrix between
the feature maps as anchors and the pixel embeddings as contrastive
embeddings.

P𝑇 = F𝑇𝑛E
T ∈ R𝐴×𝑉 , P𝑆 = F𝑆𝑛E

T ∈ R𝐴×𝑉 (8)
In this way, the features of the student model interact directly

with the features of the teachermodel, and the gap between students
and teachers is further smoothed by imitating the pixel similarity
matrix of the teacher model. Similar to II_P2P, we use the softmax
function to normalize row-wise distribution and use KL-divergence
loss to perform pixel-to-pixel distillation. The memory-based distil-
lation process is thus formulated as follows:

L𝑀_𝑃2𝑃 =
1
𝐴

𝐴∑︁
𝑎=1

KL
(
𝜎 (

P𝑇𝑎,:
𝜏

), 𝜎 (
P𝑆𝑎,:
𝜏

)
)

(9)

where 𝜏 is a pre-defined temperature to soften distribution. Sub-
sequently, after each iteration, we randomly select 𝐾 pixel embed-
dings from F𝑇𝑛 and push them into the pixel queue Q. The overview

Pretrained 
Classifier

��

��

Enqueue

⋯

Online pixel queue

Sample

Teacher pixel 
similarity matrix

Student pixel 
similarity matrix

 distillation

Image from 
teacher model

Image from 
student model

Figure 4: Overview of Memory-based Pixel-to-Pixel Relation-
ship Distillation

of our proposed M_P2P is shown in Fig. 4. It’s worth noting that
while previous unsupervised learning methods [11] encountered
training difficulty due to inconsistencies between anchors and con-
trastive embeddings, our task setting alleviates this concern. Since
the teacher model is well-trained and kept frozen, all contrastive
embeddings generated during the training process remain consis-
tent. Therefore, the incorporation of additional training techniques
is unnecessary, as it does not lead to training difficulty.

4.3 Overall Framework
We consolidate our Intra-Sample Pixel-to-Pixel Relationship Distil-
lation and Memory-based Pixel-to-Pixel Relationship Distillation
methodologies to train our student network. Additionally, we incor-
porate L𝐶𝐹𝐷 as the fundamental loss. The overall loss of Relational
Diffusion Distillation is formulated as:

L𝑅𝐷𝐷 = L𝐶𝐹𝐷 + 𝛼L𝐼𝑆_𝑃2𝑃 + 𝛽L𝑀_𝑃2𝑃 (10)

where 𝛼 and 𝛽 are weights coefficients. Although F𝑇𝑛 and F𝑆𝑛
possess the same embedding dimension owing to the shared pre-
trained classifier, we draw inspiration from [27] to enhance perfor-
mance. Consequently, we append a projection head to F𝑆𝑛 before the
computation of L𝑀_𝑃2𝑃 . This projection head comprises two 1×1
convolutional layers with ReLU activation and batch normalization.
The projection head is discarded during the inference phase without
incurring additional costs.

5 EXPERIMENT
5.1 Experimental Setup
Dataset. We validate the effectiveness of our method using the
CIFAR-10 [20] dataset for unconditional generation and the Ima-
geNet 64×64 [3] dataset for conditional generation.

Evaluation metrics. We report the Inception Score (IS) [32]
and Fréchet Inception Distance (FID) [12] results of each method. IS
measures the class balance and confidence of the generated images,
while FID measures the difference in feature distribution between
the generated and real images. Therefore, higher IS and lower FID
represent better generated images.

Network architectures.Weuse the same network architectures
used in RCFD [36] and we slightly modify it to fit the resolution of
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Sampling
Steps Method IS ↑ FID↓

1

PD[33] 7.88 15.06
PD[33]+LPIPS[44] 8.51 8.95

RCFD[36] 8.87 8.92
RDD 8.95 8.16

2

PD[33] 8.70 7.42
PD[33]+LPIPS[44] 8.90 5.70

RCFD[36] 9.19 5.07
RDD 9.17 4.78

4

PD[33] 9.04 4.83
PD[33]+LPIPS[44] 9.11 4.45

RCFD[36] 9.34 3.80
RDD 9.35 3.73

8 PD[33] 9.14 4.14
DDIM[34] 8.14 20.97

10 PNDMs[24] - 7.05
12 DPM-Solver[26] - 4.65
1024 DDIM[34] 9.21 3.78

Table 1: Performance comparison with other methods on
CIFAR-10.

Sampling
Steps Method IS ↑ FID↓

1

PD[33] 18.87 16.88
PD[33]+LPIPS[44] 19.63 14.59

RCFD[36] 22.88 13.44
RDD 23.12 11.97

2

PD[33] 19.94 12.81
PD[33]+LPIPS[44] 20.49 11.23

RCFD[36] 23.20 9.54
RDD 23.23 8.90

4

PD[33] 21.09 9.44
PD[33]+LPIPS[44] 21.13 9.46

RCFD[36] 22.63 8.08
RDD 22.81 7.92

8 PD[33] 21.39 8.80
DDIM[34] 19.35 20.72

128 DDIM[34] 21.02 8.95
1024 DDIM[34] 21.65 8.46

Table 2: Performance comparison with other methods on
ImageNet 64×64.

ImageNet 64×64, details are provided in Appendix. We use the U-
Net [31] as the diffusion model. DenseNet201 [15] as the classifiers
and we pretrain it on both datasets.

Hyper-parameters setting. For the CIFAR-10 dataset, we set
𝛼 = 1 and 𝛽 = 0.1 in the overall loss and for 𝜏 used in L𝐶𝐹𝐷 ,
we adhere to the settings outlined in the original paper [36], with
𝜏8𝑡𝑜4 = 0.9, 𝜏4𝑡𝑜2 = 1.0, and 𝜏2𝑡𝑜1 = 0.85. For the ImageNet 64×64
dataset, we set 𝛼 = 100 and 𝛽 = 0.1 and for 𝜏 used in L𝐶𝐹𝐷 , we
set it as 𝜏 = 0.85 for all experiment. In both cases, the distillation
temperature 𝜏 for L𝐼𝑆_𝑃2𝑃 is set to 1 and for L𝑀_𝑃2𝑃 we set it as
0.1. The pixel queue size 𝑁𝑞 is set to 20,000, and the pixel queue
sample size 𝑉 is set to 2048.

Loss PD RCFD Distillation Loss
L𝐶𝐹𝐷 - ✓ ✓ ✓ ✓ ✓
L𝐼 𝐼_𝑃2𝑃 - - ✓ - - -
L𝐼𝑆_𝑃2𝑃 - - - ✓ - ✓
L𝑀_𝑃2𝑃 - - - - ✓ ✓
FID 15.06 8.92 8.45 8.35 8.47 8.16

Table 3: Ablation study of distillation loss terms on CIFAR-
10.

(a) PD (b) RCFD (c) RDD (Ours)

Figure 5: Samples generated in one step by (a) PD, (b) RCFD,
and (c) our proposed RDD on ImageNet 64×64. All corre-
sponding images are generated from the same initial noise.

Training setting. Following the configuration used in RCFD
[36], we commence by distilling a basic model using Progressive
Distillation (PD) from 1024-step to 8-step. Then we focus on the
distillation process starting from 8-step to 1-step with different
methods. The detailed training parameters can be found in Appen-
dix.

Compared distillation methods.We compare our proposed
Relational Diffusion Distillation with training-free sampling meth-
ods DDIM [34], PNDMs [24], DPM-Solver [26] and training scheme
methods PD [33] and RCFD [36] in CIFAR-10. We compare with
DDIM [34], PD [33] and RCFD [36] in ImageNet 64×64. As men-
tioned above, we also compare our method with PD with LPIPS [44]
so that we can better compare different feature-based distillation
methods. We re-run all methods based on the code provided by
RCFD.

5.2 Experimental Results
Results on CIFAR-10. In Table 1, we compare our proposed RDD
method for unconditional generation on CIFAR-10 with other men-
tioned methods. We observe that compared to RCFD, RDD yields
FID reduces of 0.76, 0.29, and 0.07 at 1, 2, and 4 steps sampling, while
maintaining or even improving the Inception Score (IS), which sig-
nifies a notable advancement over the PD method. Moreover, RDD
demonstrates superior performance with a reduced number of sam-
pling steps, indicating its potential for highly efficient distillation
experiments withminimal steps. Notably, our RDDmethod at 4 sam-
pling steps even surpasses DDIM at 1024 steps with a remarkable
256× increase in sampling speed. Furthermore, RDD achieves com-
parable generation quality to DPM-Solver’s 12-step sampling with
only 2-step sampling, effectively reducing the number of sampling
steps by 6×. These experimental results underscore the superior or
equivalent performance achieved by RDD in fewer sampling steps



697

698

699

700

701

702

703

704

705

706

707

708

709

710

711

712

713

714

715

716

717

718

719

720

721

722

723

724

725

726

727

728

729

730

731

732

733

734

735

736

737

738

739

740

741

742

743

744

745

746

747

748

749

750

751

752

753

754

Relational Diffusion Distillation For Efficient Image Generation ACM MM, 2024, Melbourne, Australia

755

756

757

758

759

760

761

762

763

764

765

766

767

768

769

770

771

772

773

774

775

776

777

778

779

780

781

782

783

784

785

786

787

788

789

790

791

792

793

794

795

796

797

798

799

800

801

802

803

804

805

806

807

808

809

810

811

812

64 128 256 512
Batch size

3.50

3.55

3.60

3.65

3.70

3.75

3.80

FI
D IS_P2P

50000

100000

150000

200000

M
em

or
y 

Co
st

(M
B)

Cost

Figure 6: Impact of different batchsize with L𝐼𝑆_𝑃2𝑃 on
CIFAR-10 distillation performance.

compared to training-free sampling methods (e.g., DDIM and DPM-
Solver). Additionally, RDD significantly outperforms our training
scheme baseline method, RCFD, validating the effectiveness of our
approach.

Results on ImageNet 64×64. In Table 2, we compare our pro-
posed RDD on ImageNet 64×64 conditional generation with other
methods mentioned above. We observe that compared to RCFD,
RDD yields FID reduces of 1.47, 0.64, and 0.16 at 1, 2, and 4 steps
sampling, while even improving the Inception Score (IS), which also
signifies a notable advancement over the PD method. Moreover,
RDD demonstrates superior performance with a reduced number
of sampling steps, the same as on the CIFAR-10 dataset. Notably,
our RDD method at 4 sampling steps even greatly surpasses DDIM
at 1024 steps with a remarkable 256× increase in sampling speed.
Furthermore, RDD achieves comparable generation quality to PD’s
8-step sampling with only 2-step sampling and greatly improves the
IS score, effectively reducing the number of sampling steps by 4×.
These experimental results underscore the superior or equivalent
performance achieved by RDD in fewer sampling steps compared
to training-free sampling methods DDIM. Additionally, RDD signif-
icantly outperforms our training scheme baseline method, RCFD,
validating the effectiveness of our approach on large dataset.

Visual results comparison. In Fig. 5 we visualize some of the
generated results on ImageNet 64×64. Among them, our method
RDD is superior to PD and RCFD in generating details and color.
This shows that our method can further improve the effect of distil-
lation and improve the quality of image generation.

5.3 Ablation Study and Parameter Analysis
We conduct thorough ablation experiments of our proposed RDD
on CIFAR-10 unconditional generation task. For the ablation study
of different loss terms, we report the final performance of the 1-step
student model for better comparison. For all other experiments, we
select the 8-step basic model distilled by PD as the teacher model
and report the performance of the 4-step student model.

Impact of loss terms. As shown in Table 3, we evaluate the
contribution of each distillation loss component. The baseline loss
L𝐶𝐹𝐷 greatly enhances the PD framework, proving the effective-
ness of feature alignment. Subsequently, incorporating the intra-
image relational lossL𝐼 𝐼_𝑃2𝑃 , the intra-sample relational lossL𝐼𝑆_𝑃2𝑃
and the memory-based relational loss L𝑀_𝑃2𝑃 results in additional
gains of 0.47, 0.57 and 0.45, respectively, over L𝐶𝐹𝐷 . These results
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Figure 7: Impact of (a) temperature 𝜏 for L𝐼𝑆_𝑃2𝑃 and (b) tem-
perature 𝜏 for L𝑀_𝑃2𝑃 on CIFAR-10 distillation performance.

highlight that while L𝐶𝐹𝐷 substantially improves the effectiveness
of the PD framework and achieves notable results, our proposed
methods can further enhance the generation quality of the diffu-
sion model individually. The significant improvements achieved
by each method underscore their effectiveness. It also proves that
our proposed intra-sample distillation surpasses intra-image distil-
lation due to its broader sample interaction. Finally, by combining
L𝐼𝑆_𝑃2𝑃 and L𝑀_𝑃2𝑃 , we attain a further improvement of 0.76 over
the baseline L𝐶𝐹𝐷 , surpassing the results obtained in RCFD. This
demonstrates the effectiveness of our proposed methods and their
capability to significantly enhance the performance of the diffusion
model.

Impact of batch size for our proposed IS_P2P. As shown in
Fig. 6, we observed that as the batch size increases, IS_P2P yields
more pronounced performance improvements albeit at the cost of
significantly heightened memory consumption. This underscores
the notion that a larger batch size facilitates the student model
in learning relationship features from a broader range of samples
during the distillation process, thereby enhancing model perfor-
mance. However, the exponential growth in memory usage poses a
considerable challenge in setting an optimal batch size.

Impact of temperature 𝜏 in loss. Temperature 𝜏 is utilized
in Eq. 6 and Eq. 9 to adjust the distribution for relational knowl-
edge distillation (KD), thereby enhancing performance. A higher
temperature 𝜏 results in a smoother distribution. In Fig. 7a and
Fig. 7b, we explore the impact of 𝜏 on L𝐼𝑆_𝑃2𝑃 and L𝑀_𝑃2𝑃 and
compare it with RCFD. Remarkably, both L𝐼𝑆_𝑃2𝑃 and L𝑀_𝑃2𝑃 ex-
hibit robustness across different 𝜏 values, with all results surpassing
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Figure 8: Impact of (a) pixel queue size 𝑁𝑞 and (b) pixel queue
sample size 𝑉 on CIFAR-10 distillation performance.

those of RCFD. This indicates that our method does not heavily rely
on meticulously chosen 𝜏 values to achieve superior distillation
outcomes. Specifically, the optimal 𝜏 for L𝐼𝑆_𝑃2𝑃 is found to be
0.7 and 0.9, while for L𝑀_𝑃2𝑃 , the optimal 𝜏 is 0.4. However, even
without fine-tuning 𝜏 in our experiment settings, our method still
outperforms RCFD, underscoring its robustness and effectiveness.

Impact of pixel queue size N𝑞 .We investigate the impact of
memory sizes 𝑁𝑞 of the pixel queue. As depicted in Fig. 8a, the
distillation performance improves as the pixel queue size increases
within a certain range, reaching optimal performance before declin-
ing beyond a threshold. This phenomenon can be attributed to the
fact that within a certain range, a larger pixel queue stores a richer
variety of contrastive embeddings, enabling the capture of more
relationships between features during distillation. However, when
the pixel queue becomes excessively large, it stores an abundance
of redundant or irrelevant feature embeddings, leading to learning
difficulties and suboptimal performance. It is worth mentioning
that the memory cost of our online queue is very small compared to
directly increasing the training batch size. Additionally, the results
suggest that the distillation performance may saturate at a certain
memory capacity, indicating that there is an optimal balance to be
struck between memory size and distillation effectiveness. And the
optimal 𝑁𝑞 for performance is 20k.

Impact of sampling size 𝑉 in pixel queue. As shown in Fig.
8b, we examined the impact of the number of contrastive embed-
dings 𝑉 used to calculate the pixel similarity matrix. Our findings
indicate that as 𝑉 increases, the performance of distillation gradu-
ally improves until reaching saturation. This observation suggests
that a larger number of samples can introduce more feature rela-
tionships into the distillation process, facilitating the creation of a
more complex pixel similarity matrix. This, in turn, enhances the
learning process of the student models. Notably, the hyperparam-
eter 𝑉 exhibits low sensitivity, as long as the number of samples
is not excessively small, enabling the attainment of significantly
improved distillation effects. And the optimal 𝑉 is 2048.

Impact of loss weights coefficients 𝛼 and 𝛽 . We investigated
the impact of 𝛼 and 𝛽 in Eq. 10 for L𝐼𝑆_𝑃2𝑃 and L𝑀_𝑃2𝑃 , respec-
tively. As illustrated in Fig. 9a and Fig. 9b, we observed that both
L𝐼𝑆_𝑃2𝑃 and L𝑀_𝑃2𝑃 exhibit robustness across different values
of 𝛼 and 𝛽 , with all results outperforming RCFD. These findings
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Figure 9: Impact of (a) 𝛼 for L𝐼𝑆_𝑃2𝑃 and (b) 𝛽 for L𝑀_𝑃2𝑃 on
CIFAR-10 distillation performance.

indicate that our method does not heavily rely on carefully selected
weight coefficients in the total loss L𝑅𝐷𝐷 . Notably, the optimal
𝛼 for L𝐼𝑆_𝑃2𝑃 is found to be 0.8, while the optimal 𝛽 for L𝑀_𝑃2𝑃
is 0.3. However, even without fine-tuning 𝛼 and 𝛽 in our experi-
mental settings, our method still surpasses RCFD, underscoring its
robustness and effectiveness.

6 CONCLUSION
This paper presents a novel diffusion-specialized distillationmethod
called Relational DiffusionDistillationwhich introduces intra-sample
relation and an online queue to capture broader pixel correlations,
greatly enhancing the performance of the progressive distillation
framework. Compared to previous methods PD and RCFD, our
method helps students learn spatial information in feature maps
from the feature extractor and alleviates the deficiency of using only
KL divergence. Experiments on CIFAR-10 and ImageNet demon-
strate the effectiveness of our Relational Diffusion Distillation. We
hope our work can inspire future research to explore better knowl-
edge forms in diffusion model distillation.
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