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Abstract. This paper presents a new exploration into a category of dif-
fusion models built upon state space architecture. We endeavor to train
diffusion models for image data, wherein the traditional U-Net backbone
is supplanted by a state space backbone, functioning on raw patches
or latent space. Given its notable efficacy in accommodating long-range
dependencies, Diffusion State Space Models (DiS) are distinguished by
treating all inputs including time, condition, and noisy image patches
as tokens. Our assessment of DiS encompasses both unconditional and
class-conditional image generation scenarios, revealing that DiS exhibits
comparable, if not superior, performance to CNN-based or Transformer-
based U-Net architectures of commensurate size. Furthermore, we an-
alyze the scalability of DiS, gauged by the forward pass complexity
quantified in Gflops. DiS models with higher Gflops, achieved through
augmentation of depth/width or augmentation of input tokens, consis-
tently demonstrate lower FID. In addition to demonstrating commend-
able scalability characteristics, DiS-H/2 models in latent space achieve
performance levels akin to prior diffusion models on class-conditional
ImageNet benchmarks at the resolution of 2566256 and 512x512, while
significantly reducing the computational burden. The code and models
are available at: https://github.com/feizc/DiS.
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1 Introduction

Diffusion models [4, 26, 60, 64] have emerged as potent deep generative models
in recent years [9,27,54], for their capacity in high-quality image generation.
Their rapid development has led to widespread application across various do-
mains, including text-to-image generation [21,53-55], image-to-image generation
[6,70,71], video generation [25,45,45], speech synthesis [5,36], and 3D synthesis
[52,72]. Along with the development of sampling algorithms [10,32,41,42,62,66],
the revolution of backbones stands as a pivotal aspect in advancement of diffu-
sion models. A representative example is U-Net based on a convolutional neural
network (CNN) [26,63], which has been prominently featured in previous re-
search. The CNN-based UNet is characterized by a group of down-sampling
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Fig.1: The proposed state space-based diffusion models. It treats all inputs
including the time, condition and noisy image patches as tokens and employs skip
connections between shallow and deep layers. Different from original Mamba for text
sequence modeling, our SSM block process the hidden states sequence with both for-
ward and backward directions.

blocks, a group of up-sampling blocks, and long skip connections between the
two groups [9,53-55]. Similarly, Transformer-based architecture replaces sam-
pling block with self-attention while keeping the remain untouched [1,51, 68],
resulting in streamlined yet effective performance.

On the other hand, state space models (SSMs) with efficient hardware-aware
designs, have shown great potential in the realm of long sequence modeling [19,
20,22,29,49,59]. As self-attention mechanism in Transformer scales quadratically
with the input size, making them resource-intensive when dealing with long-
range visual dependencies, i.e., high resolution images. Recent efforts, exampified
by the work on Mamba [15, 16], have sought to address by integrating time-
varying parameters into the SSM and proposing a hardware-aware algorithm to
enable efficient training and inference. The commendable scaling performance
of Mamba underscores its promise as a viable avenue for constructing efficient
and versatile backbones within the domain of SSMs. Motivated by the successes
observed in language modeling with Mamba, a pertinent inquiry arises: whether
we can build SSM-based U-Net in diffusion models?

In this paper, we aim to design a simple and general state space-based archi-
tecture for diffusion models, referred to as DiS. Following the design principles
of [51], DiS treats all inputs including time, condition and noisy image patches
as discrete tokens. Crucially, we conduct a systematical ablation study encom-
passing the incorporation of conditioning factors and the optimization of model
architecture across all components. Noteworthy is DiS’s adherence to the estab-
lished best practices of state space models, renowned for their superior scalabil-
ity in image generation tasks when compared to CNN or Transformers, all while
maintaining lower computational overhead.
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Experimentally, we assess the performance DiS across both unconditional and
class-conditional image generation tasks. In all settings, DiS demonstrate com-
parative, if not superior, efficay when juxtaposed with CNN-based or Transformer-
based U-Nets of a similar size. Additionally, we provide evidence showcasing that
DiSs are scalable architectures for diffusion models, where a discernible correla-
tion is observed between network complexity and sample quality. Moreover, ex-
periments yield impressive results, with DiS achieving a comparable FID scores
in class-conditional image generation conducted on ImageNet at a resolution
of 256x256 and 512x512. This study endeavors to elucidate the criticality of
architectural selections within the domain of diffusion models, concurrently pro-
viding empirical benchmarks that can inform forthcoming research in generative
modeling. Our aspiration is that the insights gleaned from DiS will serve as foun-
dational knowledge for future investigations concerning backbone architectures
in diffusion models, ultimately enriching the landscape of generative modeling,
particularly in the context of large-scale cross-modality datasets.

2 Methodology

2.1 Preliminaries

Diffusion models. Prior to presenting our architecture, we provide a concise
overview of fundamental concepts relevant to our discussion. Diffusion models
[26,60] gradually inject noise to data, and subsequently reverse this process to
generate data from noise. The noise injection process, also referred to as the
forward process, can be formalized as Markov chain as:

T
q(x1:7[%0) = H q(xe[xe-1),
t=1

Q(Xt|Xt71) = N(Xt\\/OTtthh 5t1),

(1)

Here xg is the data, o and [; represent the noise schedule, ensuring a; + 5; = 1.
To reverse this process, a Gaussian model p(x;_1|z:) = N (x4—1|pe(x1), 021) is
employed to approximate the ground truth reverse transition g(x;—1|x;), where
the learning is tantamount to a noise prediction task. Formally, a noise prediction
network eg(xy,t) is incorporated by minimizing a noise prediction objective,
i.e., ming B¢ x, ¢||€ — €a(x¢,t)||3, where ¢ is uniformly distributed between 1 and
T. To learn conditional diffusion models, e.g., class-conditional [9] or text-to-
image [2,53] models, additional condition information is integrated into the noise
prediction objective as:

r%inEt,xmc,eHn - ng(xt,t,C)H%, (2)

where c is the condition index or its continuous embedding.



4 Fei et al.

State space backbone. State space models are conventionally defined as linear
time-invariant systems that builds a map stimulation z(t) € RY to response
y(t) € RY by a latent state h(t) € RY. The process can be formulated as:

h'(t) = Ah(t) + Bx(t), 3)
y(t) = Chit),

where A € RV*N and B,C € R” denote the state matrix, input matrix, and
output matrix, respectively. In the quest to derive the output sequence y(t)
at time ¢, the analytical solution for obtaining h(t) proves to be a formidable
challenge. Conversely, real-world data typically manifests in discrete rather than
continuous forms. As an alternative, we can discretize the system in Equation 3
as follows:

hi = Ah;_1 + By,

4

yr = Chy, ( )

where A := exp(A-A) and B := (A-A)~(exp(A-A)—1I)-AB are the discretized
state parameters and A is the discretization step size.

While SSMs boast rich theoretical properties, they are often afflicted by
high computational costs and numerical instability. These shortcomings have
prompted the development of structured state space sequence models (S4), which
seek to mitigate these challenges by imposing a structured format on the state
matrix A through the utilization of HIPPO matrices. This structural enhance-
ment has led to notable advancements in both performance and efficiency. No-
tably, S4 has exhibited a substantial performance advantage over Transformers,
which necessitates effective modeling of long-range dependencies [19]. More re-
cently, Mamba [16] further advance its potential through an input-dependent
selection mechanism and a faster hardware-aware algorithm.

2.2 Model Structure Design

We introduce Diffusion State Space Models, denoted as DiS, a simple and gen-
eral architecture for diffusion models in image generation. Specifically, DiS pa-
rameterizes the noise prediction network eg(xy, ¢, ¢), which takes the timestep ¢,
condition ¢ and noised image x; as inputs and predicts the noise injected into
x¢. Our objective is to closely adhere to the advanced state space architecture to
preserve its scalability characteristics, hence, DiS is based on the bidirectional
Mamba [16,73] architecture which operates on sequences of tokens. Figure 1 pro-
vides an overview of the complete DiS architecture. In this section, we expound
upon the forward pass of DiS, as well as the components of the design space of
the DiS class.

Image patchnify. The first layer of DiS undertakes transformation of input
image I € RF*WxC into flatten 2-D patches X € R7/*®"C) Subsequently,
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converts it into a sequence of J tokens, each of dimension D, by linearly embed-
ding each patch in the input. Consistent with [11], we apply learnable positional
embeddings to all input tokens. The number of tokens J created by patchify is
determined by the hyperparameter patch size p to Hgizw. The patchnify supports
both raw pixel and latent space. We set p = 2,4, 8 to the design space.

SSM block. After embedding layer, the input tokens are processed by a se-
quence of SSM blocks. In addition to noised image inputs, diffusion models
sometimes process additional conditional information such as noise timesteps ¢,
condition c such as class labels or natural language. Given that original Mamba
block is designed for 1-D sequence, we resort to [73], which incorporates bidi-
rectional sequence modeling tailed for vision tasks. The designs introduce subtle
yet pivotal modifications to the standard SSM block design. As shown in Fig-
ure 1 right part, forward of SSM blocks combine both forward and backward
directions.

Skip connection. Given a series of L SSM blocks, we categorize the stack
SSM block into first half L%J shallow group, one middle layer, and second half
L%J deep group. Let hspation, Racep € R7*P be the hidden states from the main
branch and long skip branch respectively. We consider directly concatenating
them and perform a linear projection, ¢.e., Linear (Concat (hspaiiow, Ddeep) ),
before feeding them to the next SSM block.

Linear decoder. After the final SSM block, we need to decode our sequence of
hidden states into an output noise prediction and diagonal covariance prediction.
Both of these outputs retain a shape identical to the original spatial input. We
use a standard linear decoder, i.e., we apply the final layer norm and linearly
decode each token into a p? - C tensor. Finally, we rearrange the decoded tokens
into their original spatial layout to get the predicted noise and covariance.

Condition incorporation. To effectively integrate additional conditions, we
adopt a straightforward strategy of appending the vector embeddings of timestep
t and condition ¢ as two supplementary tokens in the input sequence. These to-
kens are treated equivalently to the image tokens, akin to the approach with
cls tokens in Vision Transformers [11]. This approach enables the utilization of
SSM blocks without necessitating any modifications. Following the final block,
the conditioning tokens are removed from the sequence. We also explore to adap-
tive normalization layer, where replace standard norm layer with adaptive norm
layer. That is, rather than directly learn dimension-wise scale and shift param-
eters, we regress them from the sum of the embedding vectors of ¢ and ¢, which
will be discussed in the Experiments Section.
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Table 1: Scaling law model size. The model sizes and detailed hyperparameters
settings for scaling experiments.

#Params #Blocks L Hidden dim. D #Expand F Gflops

Small 28.4M 25 384 2 0.43
Base 119.1M 25 768 2 1.86
Medium  229.4M 49 768 2 3.70
Large 404.0M 49 1024 2 6.57
Huge 900.6M 49 1536 2 14.79

2.3 Computation Analysis

In summary, the hyper-parameters of our architecture encompass the following:
the number of blocks L, hidden state dimension D, expanded state dimension F,
and SSM dimension N. Various configurations of DiS are delineated in Table 1.
They cover a wide range of model sizes and flop allocations, from 28M to 900M,
thus affording comprehensive insights into the scalability performance. Aligned
with [51], Gflop metric is evaluated in 32x32 unconditional image generation
with patch size p = 4 with thop python package. Following [16] we also set the
SSM dimension of all model variants to 16.

Both SSM block in DiS and self-attention in Transformer play a key role
in modeling long context adaptively. We further provide a theoretical analysis
pertaining to computation efficiency. Given a sequence X € R /XD and the
default setting E = 2, the computation complexity of a self-attention and SSM
operation are delineated as:

O(SA) = 4JD? +2J°D, (5)

O(SSM) = 3J(2D)N + J(2D)N?, (6)

where we can see that self-attention is quadratic to sequence length J, and
SSM is linear with respect to sequence length J. It is noteworthy that N is a
fixed parameter, typically set to 16 by default. This computational efficiency

renders DiS amenable to scalability in scenarios necessitating generation with
large sequence lengths, such as gigapixel applications.

3 Experiments

We delve into the design space and scrutinize the scaling properties of our DiS
model class. Our model is named according to their configs and patch size p; for
instance, DiS-L/2 refers to the Large version config and p = 2.

3.1 Experimental Settings

Datasets. For unconditional image learning, we consider CIFAR10 [37], which
comprises 50K training images, and CelebA 64x64 [10], which contains 162,770
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Fig.2: Ablation experiments with DiS-S/2 on CIFAR10 dataset. We report FID
metrics on 10K generated samples. (a) Patch size. A smaller patch size can improve the
generation performance. (b) Long skip. Combining the long skip branch can accelerate
the training as well as optimize generated results.

training images of human faces. For class-conditional image learning, we consider
ImageNet [8] at 256x256 and 512x512 resolutions, which contains 1,281,167
training images across 1,000 different classes. The only data augmentation is
horizontal flips. We train 500K iterations on CIFAR10 and CelebA 64x64 with
a batch size of 128. We train 500K and 1M iterations on ImageNet 256 x 256 and
512x512, with a batch size of 1024.

Implementation details. We use the AdamW optimizer [33] without weight
decay across all datasets. We maintain a learning rate of le-4 with a cosine
schedule. In our early experiments, we tried learning rates ranging from le-4
to be-4, and found that loss may become NAN if the learning rate set is larger
than 3e-4. Consistent with practice in literature [51], we utilize an exponential
moving average of DiS weights over training with a decay of 0.9999. All results
were reported using the EMA model. Our models are trained on Nvidia A100
GPU. When trained on ImageNet dataset at resolution of 256 x256 and 512x512,
we adopt classifier-free guidance [28] following [54] and use a off-the-shelf pre-
trained variational autoencoder (VAE) model [35] from Stable Diffusion [54]
provided in huggingface!. The VAE encoder has a downsampling factor of 8.
We retrain diffusion hyperparameters from [51], using a 4, = 1000 linear
variance schedule ranging from 1 x 1074 to 2 x 10~2 and parameterization of the
covariance.

Evaluation metrics. We measure image generation performance with Frechet
Inception Distance (FID) [24], a widely adopted metric for assessing the quality
of generated images. We follow convention when comparing against prior works
and report FID-50K using 250 DDPM sampling steps [50] following the process

! https://huggingface.co/stabilityai/sd-vae-ft-ema,
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Fig. 3: Model analysis for different designs. (a) Variants of condition incor-
poration. Feed time as token into the networks is effective. (b) Model parameters
scaling. As we expected, holding patch size constant, increasing the model size can
consistently improve the generation performance.

of [9]. Notably, the FID values presented in this section are calculated with-
out classifier-free guidance, unless specified otherwise. We additionally report
Inception Score [56], sFID [47] and Precision/Recall [38] as secondary metrics.

3.2 Model Analysis

In this section, we perform a systematical empirical investigation into the fun-
damental components of DiS models. Specifically, we ablate on the CIFAR10
dataset, evaluate the FID score every 50K training iterations on 10K generated
samples, instead of 50K samples for efficiency identical to [1], and determine the
optimal default implementation details.

Effect of patch size. We train patch size range over (8, 4, 2) with DiS-S con-
figuration on the CIFAR10 dataset. As depicted in Figure 2(a) shows FID metric
fluctuates in response to patch size decrease when maintaining model size consis-
tent. We observe that discernible FID enhancements are observed throughout the
training process by augmenting the number of tokens processed by DiS, holding
parameters approximately fixed. Consequently, optimal performance necessitates
a smaller patch size, such as 2. We postulate that this requirement stems from
the inherently low-level nature of the noise prediction task in diffusion models,
which favors smaller patches, in contrast to higher-level tasks like classification.
Moreover, given the computational costs associated with using small patch sizes
for high-resolution images, an alternative approach involves transforming these
images into low-dimensional latent representations, subsequently also modeled
using the DiS series.

Effect of long skip. For evaluating the efficiency of skipping operation, we ex-
amine three variants including: (i) Concatenation, i.e., Linear (Concat (hgpaiiow,



Table 2: Benchmarking uncondi-
tional image generation on CI-
FAR10. DiS-S/2 model obtains com-
parable results with fewer parameters.

DiS

Table 3: Benchmarking uncon-
ditional image generation on
CelebA 64x64. DiS-S/2 maintains
a superior generation performance in

small model settings.

Unconditional CIFAR10

Unconditional CelebA 64x64

Model #Params FIDJ|

Diff. based on U-Net Model #Params FID|
DDPM [26] 36M 3.17 Diff. based on U-Net

EDM |[30] 56M 1.97 DDIM [61] 79M 3.26
Diff. based on Transformer Soft Trunc. [31] 62M 1.90
GenViT [68] 11M 20.20 Diff. based on Transformer
U-ViT-S/2 [1] 44M 3.11 U-ViT-S/4 [1] 44M 2.87
Diff. based on SSM Diff. based on SSM

DiS-S/2 28M 3.25 DiS-S/2 28M 2.05

hyeep)); (if) Addition, i.e., hypaitow + Dgeep; (iii) No skip connection. As show
in Figure 2(b), directly adding the hidden states from the shallow and deep lay-
ers does not yield any discernible benefits. Given that the SSM block already
incorporates residual skip connections internally, the hidden states of deep layer
inherently encapsulates some information from the shallow layer in a linear fash-
ion. Consequently, the addition operation in the long skip merely amplifies the
contribution of the shallow layer’s hidden state, without fundamentally altering
the network’s behavior. In contrast, employing concatenation involves a learnable
linear projection on the shallow hidden states and effectively enhances perfor-
mance compared to the absence of a long skip connection.

Effect of condition combination. We explore two ways to integrate the con-
ditional timestep ¢ into the network: (i) treat timestep ¢ as a token and directly
concatenate it with image patches in prefix. (ii) incorporate the time embedding
after the layer normalization in the SSM block, which is similar to the adaptive
group normalization [9] used in U-Net. The second way is referred to as adap-
tive layer normalization (AdaLN). Formally, AdaLN(h, s)=y;LayerNorm(h)+ys,
where h is a hidden state inside an SSM block, and y, and ¥, are obtained from
a linear projection of the time embedding. As illustrated in Figure 3 (a), while
simple and straightforward, the first way that treats time as a token performs
better than AdalL.N.

Scaling model size. We investigate scaling properties of DiS by studying the ef-
fect of depth, i.e., number of SSM layers, width, e.g. the hidden size. Specifically,
we train 5 DiT models on the ImageNet dataset with a resolution of 256 x 256,
spanning model configurations from small to huge as detailed in Table 1, de-
noted as (S, B, M, L, H) for simple. As shown in Figure 3 (b), the performance
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Table 4: Benchmarking class-conditional image generation on ImageNet
256x256. DiS-H /2 achieves state-of-the-art FID metrics towards best competitors.

Class-Conditional ImageNet 256x256

Model FID| sFIDJ ISt Precisiont  Recallt
GAN

BigGAN-deep [3] 6.95 7.36 171.4 0.87 0.28
StyleGAN-XL [57] 2.30 4.02 265.12 0.78 0.53
Diff. based on U-Net

ADM [9] 10.94 6.02 100.98 0.69 0.63
ADM-U 7.49 5.13 127.49 0.72 0.63
ADM-G 4.59 5.25 186.70 0.82 0.52
ADM-G, ADM-U 3.94 6.14 215.84 0.83 0.53
CDM [27] 4.88 - 158.71 - -
LDM-8 [54] 15.51 - 79.03 0.65 0.63
LDM-8-G 7.76 - 209.52 0.84 0.35
LDM-4 10.56 - 103.49 0.71 0.62
LDM-4-G 3.60 - 247.67 0.87 0.48
VDM++ [34] 2.12 - 267.70 - -
Diff. based on Transformer

U-ViT-H/2 [1] 2.29 5.68 263.88 0.82 0.57
DiT-XL/2 [51] 2.27 4.60 278.24 0.83 0.57
Diff. based on SSM

DiS-H/2 2.10 4.55 271.32 0.82 0.58

improves as the depth increase from 25 to 49. Similarly, increasing the width
from 384 to 768 yields performance gains. Notably, the model’s performance has
not yet reached convergence. Overall, across all five configurations, significant
enhancements in FID are observed across all training stages by augmenting the
depth and width of the SSM structure.

3.3 Main Results

Unconditional image generation. We conduct a comparative analysis be-
tween the DiT-S/2 model and prior diffusion models based on U-Net as well
as Transformer-based diffusion models. Consistent with previous literature [1],
we evaluate image quality using the FID score, based on 50K generated sam-
ples. As summarized in Tables 2 and 3, DiS exhibits comparable performance to
U-Net and U-ViT-S/2 on unconditional CIFAR10 and CelebA 64x64 datasets,
meanwhile significantly outperforming GenViT. Moreover, notably, our model
achieves approximately a 50% reduction in model parameters.

Class-conditional image generation. To demonstrate performance in latent
space, where images are initially converted to their latent representations before
applying diffusion models, we conducted additional experiments. The evaluation
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Table 5: Benchmarking class-conditional image generation on ImageNet
512x512. DiS-H/2 demonstrates a promising performance compared with both CNN-
based and Transformer-based UNet for diffusion.

Class-Conditional ImageNet 512x512

Model FID| sFIDJ ISt Precisiont  Recallt
GAN

BigGAN-deep [3] 8.43 8.13 177.90 0.88 0.29
StyleGAN-XL [57 2.41 4.06 267.75 0.77 0.52
Diff. based on U-Net

ADM [9] 23.24 10.19 58.06 0.73 0.60
ADM-U 9.96 5.62 121.78 0.75 0.64
ADM-G 7.72 6.57 172.71 0.87 0.42
ADM-G, ADM-U 3.85 5.86 221.72 0.84 0.53
VDM++ [34] 2.65 - 278.10 - -
Diff. based on Transformer

U-ViT-H/4 [1] 4.05 6.44 263.79 0.84 0.48
DiT-XL/2 [51] 3.04 5.02 240.82 0.84 0.54
Diff. based on SSM

DiS-H/2 2.88 4.74 272.33 0.84 0.56

results are listed in Tables 4 and 5. On the class-conditional ImageNet 256 x 256
dataset, our DiS-H/2 achieves an FID of 2.10, surpassing all prior models. No-
tably, DiS-H/2 also outperforms DiT-XL/2, a competitive diffusion model em-
ploying a transformer as its backbone. Furthermore, on the class-conditional
ImageNet 512x512 dataset, our DiS-H/2 surpasses ADM-G, a model directly
modeling image pixels. Finally, we also observe that DiS-H/2 achieves higher
recall values across all tested classifier-free guidance scales compared to LDM-4
and LDM-8 in various settings.

3.4 Case Study

Figure 4 showcases a selection of samples from ImageNet datasets at resolu-
tions of 256256 and 512x 512, along with random samples from other datasets,
demonstrating clear semantics and high-quality generation. For further explo-
ration, additional generated samples, including both class-conditional and ran-
dom ones, are available on the project page.

4 Related Works

4.1 State Space Backbone for Sequence Modeling

State space models, a recent addition to the realm of deep learning, have gar-
nered attention for their capacity to transform state spaces [19,20,31]. Drawing
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Fig. 4: Image results generated from DiS model. Selected samples on ImageNet
256x256, and random samples on CIFAR10, CelebA 64x64. We can see that DiS can
generate high-quality images while keeping integrated condition alignment.

inspiration from continuous state space models in control systems and leverag-
ing the HiPPO initialization [17], LSSL [20] has demonstrated promise in ad-
dressing long-range dependency issues. However, the computational and mem-
ory demands associated with the state representation render LSSL impractical
for real-world applications. To mitigate this challenge, S4 [19] proposes normal-
izing parameters into a diagonal structure. Subsequently, various iterations of
structured state-space models have emerged, featuring diverse structures such
as complex-diagonal configurations [18,22], multiple-input multiple-output sup-
porting [59], decomposition of diagonal plus low-rank operations [23], selection
mechanism [16]. These models have been integrated into large representation
models [15,43,44], primarily focusing on applications involving long-range and
causal data such as language and speech, including tasks like language under-
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standing [43] and content-based reasoning [16]. Seminal work [67] is most related
to us, they analyze attention-free structure for image synthesis. In this paper,
we focus on the scaling properties of advanced Mamba structure when used as
the backbone of diffusion models of images.

4.2 Image Generation in Diffusions

Diffusion models [7,9,26,48,60] represent a category of generative probabilistic
models designed to approximate data distributions and facilitate straightforward
sampling procedures. Typically, these models operate by taking a Gaussian noise
input and iteratively denoising it through a series of gradual steps until it con-
forms to the target distribution. The specifics of the denoising process, includ-
ing the number of steps and the transformation parameterization, vary across
different studies [39,41,42,60,61]. Recently, diffusion models have emerged as
leading generators renowned for their ability to learn intricate distributions and
produce diverse, high-quality samples. These models have found successful appli-
cation across various domains, including images [9, 12—14, 48, 53-55], video [58],
3D scenes [46], motion sequences [65,69], and so on. We follow the path of image
generation with diffusion, but consider the impact of high-efficient structures.

5 Conclusion

This paper presents Diffusion State Space models (DiS), a simple and general
state space-based framework for image generation using diffusion models. DiS
adopts a unified approach to handle all inputs, including time, conditions, and
noisy image patches, treating them as concatenated tokens. Experimental re-
sults indicate that DiS compares favorably, if not surpasses, prior CNN-based
or Transformer-based U-Net models while inheriting the remarkable scalability
characteristic of the state space model class. We posit that DiS can offer valu-
able insights for future investigations into backbones within diffusion models
and contribute to advancements in generative modeling across large-scale mul-
timodal datasets. Given the encouraging scalability outcomes presented in this
study, future endeavors should focus on further scaling DiS to larger models and
token counts.
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