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Abstract

Transformer-based Diffusion Probabilistic Models (DPMs) have shown more po-
tential than CNN-based DPMs, yet their extensive computational requirements
hinder widespread practical applications. To reduce the computation budget of
transformer-based DPMs, this work proposes the Efficient Diffusion Transformer
(EDT) framework. The framework includes a lightweight-design diffusion model
architecture, and a training-free Attention Modulation Matrix and its alternation
arrangement in EDT inspired by human-like sketching. Additionally, we propose a
token relation-enhanced masking training strategy tailored explicitly for EDT to
augment its token relation learning capability. Our extensive experiments demon-
strate the efficacy of EDT. The EDT framework reduces training and inference
costs and surpasses existing transformer-based diffusion models in image synthesis
performance, thereby achieving a significant overall enhancement. With lower
FID, EDT-S, EDT-B, and EDT-XL attained speed-ups of 3.93x, 2.84x, and 1.92x
respectively in the training phase, and 2.29x, 2.29x, and 2.22x respectively in
inference, compared to the corresponding sizes of MDTv2. Our code is available
at herel
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Figure 1: Illustration of the alternation process of local and global attention during sketching.

Numerous studies [[1, 12,13, 14} S]] and practical applications [6, 7} 8] have validated the effectiveness
of Diffusion Probabilistic Models (DPMs), establishing them as a mainstream method in image
generation. In past years, predominant works [[1} 2} 13, 4,19, |10, [11]] have advanced diffusion models
by incorporating a convolutional UNet-like [[12] architecture as their backbone. On the other hand,
transformers [13|] have achieved significant milestones in both natural language processing [14}
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15] and computer vision1[6, 17, 18, 19], prompting recent attempts to integrate these powerful
transformer-based architectures into diffusion models with considerable success. For instance, U-
ViT [20], an early work in diffusion leveraging ViT-based transformers, surpassed the contemporary
CNN-based U-Net DPMs in class-conditional image generation on ImageNet, demonstrating their
potential. Similarly, diffusion transformer (DiT2[], which employs transformers as its backbone
instead of the traditional U-Net backbone in latent diffusion models (LDM),[has shown excellent
scalability. Further, masked diffusion transformer (MDZ}] observes that DPMs often struggle to

learn the relations among object parts in an image. To solve this, MDT introduces a masking training
scheme to enhance the DPMs' ability to relation learning among object semantic parts in an image.
MDT established a SOTA of class-condition image synthesis on the ImageNet.

While transformer-based DPMs offer scalability and a higher performance ceiling than their CNN
counterparts, they also require more computational resources. For instance, in each inference step,
DiT-XL-2 consumes 118 GFLOPs and U-ViT-H requires 133 GFLOPs. This computational demand
escalates with increasing time steps or token length, limiting their practical application. Despite their
computational inef ciency, few studies have explored enhancing the ef ciency of transformer-based
DPMs. Therefore, the trade-off between computation and performance underscores the importance
of designing a lightweight model architecture that maintains excellent performance.

To improve the computational ef ciency of transformers in DPMs, we introduced a comprehensive
optimization framework namelf cient Diffusion Transformer (EDT). Speci cally, we developed

a lightweight diffusion transformer architecture based on a comprehensive computation analysis.
Moreover, we devised the Attention Modulation Matrix (AMM) and its alternation arrangement in
EDT inspired by human-like sketching. AMM, functioning as a plug-in, can be seamlessly integrated
into diffusion transformers to enhance image synthesis performance signi cantly without requiring
additional training. Additionally, we introduced a novel token relation-enhanced masking training
strategy tailored for EDT to enhance its relation learning capability.

Lightweight-design diffusion transformer Based on the empirical analysis of the number of tokens,
token dimensions, and the FLOPSs, we propose two principles to design the lightweight diffusion
transformer, and redesign and incorporate the down-sampling, up-sampling, and long skip connection
modules into diffusion transformers. The utilization of down-sampling module can reduce FLOPs, but
harms performance, since the token merging operation in down-sampling and long skip connections
modules leads to the loss of token information. To mitigate this loss, we enhance the key features by
introducing token information enhancement and positional encoding supplement.

Attention Modulation Matrix The mind stores visual structures as a top-down hierarchy passing
from general shape to the relationships between parts down to the detailed features of individual
parts R3, 24]. Based on this storage structure in the mind, humans tend to follow a coarse-to- ne
drawing strategy45]. The logical structure of sketching of humans tends to rst form a general
framework (using global attention), then gradually re ne local details (using local attention) driven by
the global perspective (using global attention) shown in Figure 1. Inspired by the sketching process,
we integrate the alternation process of local and global attention to EDT, and propose Attention
Modulation Matrix (AMM) to modulate from the default global attention in self-attention mechanisms

to local attention. AMM, functioning as a plug-in, which can be seamlessly integrated into diffusion
transformers, enhancing image synthesis performance without necessitating additional training.

Token relation-enhanced masking training strategyThe token compression in down-sampling
modules may cause token information loss. Learning the relations among tokens can help token
down-sampling modules compress tokens effectively. And it has been con rmed that masking training
can enhance the DPMs' ability to learn relations among object parts in im&ggsWe propose a

novel masking training strategy to enhance the relation learning among tokens. Speci cally, the full
tokens are fed into EDT and the tokens masking is executed in down-sampling modules. This forces
models to learn token relations before some of the tokens are masked. We compare our masking
training method to the counterpart in MDT, both implemented on EDT. Our masking training method
achieves better generation.

We summarize the contributions of our work: 1. We develop an Ef cient Diffusion Transformer (EDT)
framework and design a lightweight diffusion transformer architecture based on a comprehensive
computation analysis. 2. Inspired by human sketching, we design EDT with an alternation process
between global attention and location attention. Moreover, to the best of our knowledge, we introduce
Attention Modulation Matrix for the rst time, which improves the detail of generated images of



pre-trained diffusion transformers without any extra training cost. 3. We propose a novel token
masking training strategy to enhance the token relation learning ability of EDT. 4. EDT has reached
a new SOTA and achieves faster training and inference speed compared to existing representative
works DiT and MDTv2. We conduct a series of exploratory experiments and ablation studies to
analyze and summarize the key factors affecting the performance of EDT.

2 Method

2.1 Preliminaries

We brie y review several fundamental concepts necessary to understand classi er-free guidance
class-condition diffusion modeld ]]. The primary objective of diffusion models is to learn a
diffusion process that constructs a probability distribution for a speci ¢ dataset, subsequently enabling
the sampling of new images. Given a classi er-free guidance class-condition diffusion model
(xt; ¢), the model can generate images of speci ¢ claggom Gaussian noise over multiple
denoising time steps. The model operates through two main processes: the forward and reverse
processes. The forward process simulates trainingxdatabe denoised at time stépby adding
Gaussian noisq I'J\l (0; 1) to the original datxg. This process is mathematically described by
d(X¢jXo) = N (X¢;  tXo; (2 1) 1), where  denotes a hyperparameter. The reverse process
samples noise-reduced data ; based on noise datq and class-condition. The reverse process
is represented as (Xt 1 ] Xt;¢6) = N (Xt 1 (X¢;©); (X¢;c)), where and are the
statistics ofp . By optimizing the variational lower-bound of the log-likelihod2b] p (xo) and
reparameterizing as a noise prediction network, the model can be trained using simple mean-
squared error between the predicted noiséx;; ¢) and the ground truth, sampled Gaussian noise:
L (x¢;¢; 1) =k (X;0) tkg. Additionally, (xy;c) is a standard class-condition model; when
c = ;, itfunctions as an unconditional model. To allow the controllability of class-condition guidance,
the prediction of models is further derived’agx;;c) =  (X¢;;)+ ! (1 (X¢;0) (%t;3))
where!  1is class-condition guidance intensity.

In this work, we employ a classi er-free guidance class-condition diffusion transformer architecture
operating on latent space. The pre-trained variational autoencoder (VAE) n2gtigbim LDM [ 11]
remains frozen and is used to encode/decode the image/latent tokens.

2.2 Lightweight-design diffusion transformer

Transformer-based diffusion probabilistic models (DPMs) have demonstrated greater scalability and
superior performance compared to CNN-based DPMIsZ1, 22]. However, these models also entail

signi cant computational overhead during both the training and inference phases. In response, we
design a lightweight diffusion transformer architecture in this section. We undertake a computational
complexity analysis of the transform-based diffusion model. Based on the empirical analysis of
the number of tokens, token dimensions, FLOPs, and the number of parameters, we establish two
design principles: (1) reducing the number of tokens to decrease the FLOPs in the self-attention
module through the down-sampling module; (2) ensuring that the FLOPs of each EDT stage post a
down-sampling module are signi cantly reduced compared to the stages prior to the down-sampling
module, to effectively lower the overall FLOPs.

Building on the aforementioned design principles, we have redesigned and incorporated the down-
sampling, up-sampling, and long skip connection modules into the transformer-based diffusion
model, successfully achieving a reduction in FLOPs and increased inference speed. For instance,
in comparison to DiT-S71], our smaller version model EDT-S achieves an inference speed of 5.5
steps per second, versus 2.7 steps per second for DiT-S, effectively doubling the speed. Figure 2
illustrates the architecture of our lightweight-designed diffusion transformer. The model includes
three EDT stages in the down-sampling phase, viewed as an encoding process where tokens are
progressively compressed, and two EDT stages in the up-sampling phase, viewed as a decoding
process where tokens are gradually reconstructed. These ve EDT stages are interconnected through
down-sampling, up-sampling, and long skip connection modules. Note that each EDT stage comprises
several consecutive transformer blocks. For more details on the computational complexity analysis
and model design, please refer to Appendix A.2. Itis important to notétthatown-sampling and
up-sampling phases can be viewed as encoding and decoding processes, respectively, aligning with



Figure 2: The architecture of lightweight-design diffusion transformer.

Figure 3: The design of down-sampling, long skip connection and up-sampling modules.

the conceptualization of drawing pictures in human sketchiitngse phases are crucial and will be
further discussed in the following Section 2.3 and Section 2.4.

While we have successfully reduced the FLOPs of the model, the token merging operation in the
down-sampling and long skip connection modules inevitably leads to a loss of token information,
including the positional encoding and contextual data essential for class-condition generation of
images. To mitigate this loss of token information, we propose two improvements, as illustrated in
Figure 3:token information enhancementandpositional encoding supplement

Token information enhancementWe enhance the contextual information required for class-condition
generation by employing Adaptive Layer Normalization (AdaLN) before the token merging process.
AdaLN adjusts the output by learning scaling factorand bias coef cients , which can scale,
negate, or shut off the feature&7]. By utilizing AdaLN, we modulate the tokens based on class
conditions and time steps before merging, thereby preserving more contextual information and
minimizing the loss of token information. As depicted in Figure 3, class-condition information is
integrated by the and of AdaLN in both the down-sampling and long skip connection modules.

Positional encoding supplemente restore the absolute positional encoding of tokens following
the token merging process. As illustrated in Figure 3, after merging the tokens, we add the absolute
positional encoding to the merged tokens at the end of both the down-sampling and long skip
connection modules.

2.3 Making EDT “sketch” like a human

The lightweight design of EDT might compromise the quality of image synthesis. To enhance the
detail delity in generated images, we have re ned the decoding process (up-sampling phase) of EDT
by imitating the process of human sketching. We begin by examining how attention shifts during the
act of sketching by humans. Human cognition stores visual structures as a top-down hierarchy passing
from general shape to the relationships between parts down to the detailed features of individual
parts R3, 24]. This hierarchical structuring of visual information in the brain makes humans tend

to follow a coarse-to- ne strategy in sketchingg. As shown in Figure 1, the process of human



Figure 4. The position of Attention Modulation Matrix (local attention) in an EDT stage in the
up-sampling phase.

sketching tends to rst form a general framework (using global attention), then gradually re ne local
details R4, 28] (using local attention) hinted by the global perspective (using global attention). Even
when concentrating on a local detail, humans do not become completely detached from the overall
framework. Therefore, humans periodically shift attention back to a global view to scrutinize the
local detail and further ne-tune itZ9, 30]. This process re ects the alternation of global and local
attention in the human brain when sketching.

Inspired by the sketching process, we aim to integrate the alternation process of local attention and
global attention to EDT. In the current series of diffusion transform20s32, 21], only default

global attention mechanisms are employed, which may lead to poor generation of local details.
Therefore, we introduce the Attention Modulation Matrix (AMM) to enhance focus on local details.
Moreover, to mimic the alternation process in the EDT, we alternately incorporate the AMM into the
lightweight-design transformer diffusion architecture.

2.3.1 Integrating local attention into the up-sampling phase of EDT

To imitate the alternation between global and local attention like the act of humans drawing, we
integrate local attention into the up-sampling phase of EDT by introducing Attention Modulation
Matrix (AMM). In this section, we concentrate on imitating the alternation process of attention. A
detailed discussion of AMM is deferred to Section 2.3.2. We align the decoding process of EDT
with the humans drawing pictures. Consequently, we incorporate local attention (AMM) into the
decoding process (up-sampling phase) of EDT. Figure 4 illustrates the placement of AMM (local
attention) in an EDT stage. As depicted in Figure 4(a), we alternately con gure EDT blocks with and
without the AMM, thereby mimicking the alternation between global and local attention observed in
drawing activities. The EDT block with AMM is shown in Figure 4(b). As shown in Figure 4(c), the
AMM is integrated into the self-attention module. The AMM and the global attention score matrix
are combined via a Hadamard product to modulate global attention into local attention.

2.3.2 Attention modulation matrix

We develop the Attention Modulation Matrix (AMM) to modulate the default global attention in
self-attention mechanisms into local attention, which imitates the local attention of humans during the
act of drawing. Humans typically concentrate on either the actively engaged parts or the most salient
aspects of a visual scengl]. When drawing a speci c local region of an image, areas closer to the
region of interest tend to exhibit stronger contextual relations and thus warrant increased attention.
Conversely, areas further from the region of interest generally show weaker contextual relations and
can be allocated less attention. Thus, we articulate the prindgle:local region, the strength of
attention on contextual relations within a speci c region is inversely related to the distance between
the local region and the speci c regiorin the self-attention mechanism, we regard the attention
score between tokens as an indicator of the strength of attention on contextual relations between
regions. Similarly, we aim to modulate the strength of attention based on the distance among tokens



on the image. Based on this concept, we have developed the Attention Modulation Matrix (AMM),
functioning as a plug-in, which can be seamlessly integrated into diffusion transformers, signi cantly
enhancing image synthesis performance without necessitating additional training.

Formally, given a sequence bf N tokens and its corresponding attention score mairi2

RN® N* e take two arbitrary tokens as an example to illustrate the formulation. The two arbitrary
tokens are denoted doken, T oken and their attention scom;, , wherea;; 2 A. The coordinates
of Token andToken correspond to théx;;y;) andx,;y;) in the originalN N tokens grid,

wherei = Nx; + y; andr T NXx; + y;. The distance between these two tokens can be calculated by

Euclidean distancd, = (X xr)2 + (i yr)z, and we can derive the token distance matrix

D 2 RN* N’ We aim to modulate the global attention into local attention by multiplying the
attention score matrix to the AMM, which is generated based on the token distance natiie
modulation matrix generation functidn is designed with adherence to two principles: (1) the
generation function should be monotonically decreasing within the intEhvaax ], ensuringﬁhat

the modulation matrix elements are inversely correlated with distance, Whgre= (N 1) 2

is the furthest distance, which is the distance between two diagonal opposite tokens; (2) the output
range of this function should be limited to avoid signi cantly altering the original distribution of
the attention score matrix. Based on the two principles, we utilize the monotonically decreasing
interval in cosine functiongos fd, ), di 2 [0; dmax ], where the monotonically decreasing interval
can be exibly adjusted by adjusting its periddor frequencyf . According to thednax , we set

T = 4dnax andf = % Further, we emplogos fd;; ) as the exponent of the Euler's numleer
thereby smoothing the values of the modulation matrix elements. We obtain the nal modulation
matrix generation functioff (d; ) = ke®s(fd) which can exibly scale the function value to

[k; ke] by scaling factok. We empirically sek = 0:5 and the output range Withi[r%; 21, which

allows the modulation matrix elements to appropriately adjust the attention scores. In addition, we
de ne an effective radiu® for local attention to exclude the interactions of tokens that occur over
tokens with far distances. For each token pair, we only modulate the %ttention scores with distance
dir R, whereR is the effective radius for local attention. We get= (N 1)2 + 4 based

on experiments regarding the hyper-parameters of the AMM, detailed in Appendix A.3.3. And
thosed; > R, their attention scores are set to zero, indicating that tokens far from the region of
interest exert less in uence. Thus, we have the Attention Modulation Matri@ RN® N* where

mi. 2 M is de ned as:

= F (dir ) ; Clir R
me = d >R @)

The modulated attention score elemerdds= a; m; , whereal 2 A% andA °is the modulated
attention score matrix. Further details about the entire process and an illustration of AMM can be
found in Appendix A.3.1.

2.4 Token relation-enhanced masking training strategy

The ability to learn relations among object parts in images is crucial for image generation, as
highlighted in MDT R2]. However, the down-sampling process in EDT inevitably leads to the loss of
token information. Establishing relations among tokens can alleviate performance degradation caused
by the loss of token information. To enhance the relation-learning ability in EDT, we introduce a
relation-enhanced masking training strategy. Before detailing the proposed masking training strategy;,
we rst explore the integration of MDT into EDT. Figure 5 (a) shows the masking training strategy of
MDT. In MDT, the training los4d. contains two parts as shown in Eqgn. 2.

L= Lt + Lmasked = L (X¢;C; 1)+ L (mask x¢;¢; ) 2

Lt is the loss when the input consists of the full token input,lthgskeq is the loss when the
input consists of the remained tokens after masking,maask is a matrix to mask tokens randomly.

However, our analysis reveals that the masking training method used in MDT excessively focuses on
masked region reconstruction at the expense of diffusion training, potentially leading to a degradation
in image generation performance. Additionally, our evaluation of MDT is observed a con ict between
the training objectives df fyi andL masked - Speci cally, asLty decreased, masked iNcreases,

and vice versa, demonstrating the con icting nature of these training objectives. To mitigate this
con ict and allow the model to focus on the diffusion generation task, as shown in Figure 5 (b), we



Figure 5: Token relation-enhanced masking training strategy. MDT is fed the remained tokens after
token masking into models. EDT is fed full tokens into shallow EDT blocks, and the operation of
token masking is performed in down-sampling modules.

design the token relation-enhanced masking training strategy, which feeds full tokens into shallow
blocks and postpones the token masking operation to occur within the down-sampling modules. This
strategy is designed to facilitate learning relationships among tokens and reduce the loss of token
information without the issues arising from con icting training objectives. When training, the masked
tokens are unseen to the EDT blocks following the operation of masking, which forces the EDT
blocks before the operation of masking to learn the relations among tokens. As the relations among
tokens are learned, the key information in each token is dispersed and stored across various tokens.
This avoids reliance on certain tokens and reduces the loss of token information from compression
in down-sampling. Figure 3(a) shows, with a red arrow in the down-sampling module, the speci c
point at which token masking is performed. After passing through the down-sampling modules, the
EDT stages in up-sampling phase generate images solely relying on the remained tokens. The loss
function of EDT with token relation-enhanced masking training strategy is shown in Egn. 3, where
the token masking operation is executed in the down-sampling modules.

L= Ltu + Lmasked = L (Xt;C; )+ L (X¢;c;mask; ¢) ©)]

We discover that EDT is particularly well-suited for masking training due to its up-sampling modules,
which inherently are used for the reconstruction of tokens. Unlike MDT, which requires an additional
interpolator module for reconstructing masked tokens, EDT eliminates the need for such a module,
thereby reducing unnecessary training overhead associated with an interpolator compared to MDT.
For a more detailed analysis, please refer to Appendix A.4.1.

3 Experiment

3.1 Implementation Details

Models: We develop three different sizes of EDT including small (EDT-S), base (EDT-B) and extra
large (EDT-XL), each using a patch size of two. Details regarding token dimensions, head numbers,
and parameter counts are provided in Table 5 of Appendix AR&ning and evaluation: The

training dataset is ImageNe3Z] with 256x256 and 512512 resolution. For a fair comparison,

we follow the training settings of MDTv23[]. EDT uses the Adan3{] optimizer with a global

batch size of 256 and without weight decay. The learning rate linearly decreases from 1e-3 to 5e-5
over 400k iterations.Masking training strategy: We set the mask rati6:4  0:5 in the rst
down-sampling module, an@l  0:2 in the second. The investigation of mask ratio refers to
Appendix A.4.2. GPUs Training is conducted on eight L40 48GB GPUs, while the speed test
for inference is performed on a single L40 48GB GMyaluation metrics: Common metrics

such as Fre'chet Inception Distance (FIBP], sFID [36], Inception Score (IS)37], Precision, and

Recall B8] are used to assess the model performance. The training speed is evaluated by iterations
per second, and inference speed is assessed by steps per second using a batch size of 256 in FP32.
For fair comparison, we followd1, 33] and employ the TensorFlow evaluation suite from ADA], [
reporting FID-50K results with 250 DDIMI[0] sampling steps. These metrics are reported by default
without the classi er-free guidance.
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