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Abstract

Recent Transformer-based diffusion models have shown remarkable performance,
largely attributed to the ability of the self-attention mechanism to accurately capture
both global and local contexts by computing all-pair interactions among input tokens.
However, their quadratic complexity poses significant computational challenges for long-
sequence inputs. Conversely, a recent state space model called Mamba offers linear
complexity by compressing a filtered global context into a hidden state. Despite its effi-
ciency, compression inevitably leads to information loss of fine-grained local dependen-
cies among tokens, which are crucial for effective visual generative modeling. Motivated
by these observations, we introduce Local Attentional Mamba (LaMamba) blocks that
combine the strengths of self-attention and Mamba, capturing both global contexts and
local details with linear complexity. Leveraging the efficient U-Net architecture, our
model exhibits exceptional scalability and surpasses the performance of DiT across var-
ious model scales on ImageNet at 256x256 resolution, all while utilizing substantially
fewer GFLOPs and a comparable number of parameters. Compared to state-of-the-art
diffusion models on ImageNet 256x256 and 512x512, our largest model presents notable
advantages, such as a reduction of up to 62% GFLOPs compared to DiT-XL/2, while
achieving competitive performance with comparable or fewer parameters.

1 Introduction

Diffusion models have made significant strides in the field of generative modeling [13, 38],
especially for images [5, 25, 29, 30, 31, 34], often surpassing the previously popular gen-
erative adversarial networks (GANs) [8]. The advancements of diffusion models have been
driven by many orthogonal factors, including sampling approaches [12, 13, 17, 37], latent
space modeling [31], and backbone architecture designs [27, 42]. Despite recent attempts
to devise innovative backbones, state-of-the-art backbones for diffusion models [16, 27, 31]
largely rely on self-attention [41] for high-fidelity generation. The effectiveness of self-
attention stems from its capacity to accurately capture global contexts and fine-grained local
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2 FUET AL.: LAMAMBA-DIFF

Figure 1: Sample images generated by our model trained on ImageNet at 512x512 and
256x256 resolutions.

dependencies from inputs by explicitly computing all-pair interactions among input tokens.
However, their quadratic computational complexity with respect to the input sequence length
poses computational challenges when dealing with long sequences, such as high-resolution
images or sequences formed with a small patch size.

To address the quadratic complexity of self-attention, a recent state space model (SSM)
named Mamba [9] has been proposed. Using dynamic weights, Mamba captures global
contexts with linear time by compressing contextual information of input tokens into a hid-
den state. Demonstrating a strong potential in long-sequence modeling, Mamba has been
applied across diverse domains, including medical data [19, 33], point clouds [20], and vi-
sion tasks [21, 45]. However, unlike self-attention, the compression and selective process of
Mamba does not explicitly compute pairwise interactions. Consequently, part of fine-grained
local information is lost, leading to sub-optimal performance. The significance of local de-
tails for generative modeling is demonstrated by the detrimental decline in the performance
of DiT [27] as the patch size increases, attributed to the loss of fine-grained information
within each patch [10].

In light of these observations, we introduce a novel Local Attentional Mamba (LaMamba)
block that combines the strengths of Transformers and Mamba to accurately model global
contexts and local details with linear complexity. LaMamba captures global contexts ef-
ficiently using Mamba while accurately preserving fine-grained local dependencies using
local self-attention. Our local self-attention has linear complexity by computing pairwise in-
teractions within a context window with a fixed size. LaMamba brings the best of two worlds
for visual generative modeling, offering favorable properties like scalability, robustness, and
efficiency.

Based on LaMamba blocks, we design LaMamba-Diff, a novel backbone for diffusion
models that adopts a U-Net architecture [32]. LaMamba-Diff naturally constructs multi-scale
hierarchical features through down and up-sampling and exhibits efficiency by compressing
spatial dimensions during the downsampling phase. The highly efficient design of LaMamba
and LaMamba-Diff allows us to utilize 1 x 1 patches, which enables more accurate model-
ing of fine-grained spatial dependencies by preventing the loss of local details within each
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Figure 2: Unconditional image generation quality on ImageNet 256x256. The area of bub-
bles denote GFLOPs. Left: FID-50K of LaMamba-Diff models trained for 400k iterations.
Performance improves with the number of parameters and GFLOPs. Right: Our largest
model outperforms state-of-the-art diffusion models with substantially fewer GFLOPs.

patch [10]. In particular, with a comparable number of parameters, LaMamba-Diff with a
patch size of 1 uses significantly fewer GLFOPs compared to DiT [27] with a patch size of
2, despite that DiT has a 4x shorter input sequence length.

We evaluate the performance of LaMamba-Diff on the widely-used ImageNet dataset
for image generation. As illustrated in Fig. 2 (right), LaMamba-Diff achieves state-of-
the-art Fréchet Inception Distance (FID) with comparable or fewer parameters and sig-
nificantly less GFLOPs on ImageNet at 256 x 256 resolution. Moreover, as depicted in
Fig. 2 (left), LaMamba-Diff exhibits excellent scalability with FID scores consistently de-
creasing with the number of parameters and GFLOPs. In the class-conditional ImageNet
256x256 image generation benchmark, LaMamba-Diff-XL achieves a state-of-the-art FID of
2.04 using 57.6% fewer GFLOPs compared to DiT-XL/2. For class-conditioned ImageNet
512x512 image generation, LaMamba-Diff-XL achieves an FID of 3.01 using 61.6% fewer
GFLOPs compared to DiT-XL/2. These results demonstrate the effectiveness and efficiency
of LaMamba-Diff for high-resolution image generation tasks.

To summarise, our contributions in this paper are three-fold:

* We design a novel LaMamba block that combines the strengths of Transformers and
Mamba, accurately capturing global contexts and local details with linear complexity.

* We propose LaMamba-Diff, a highly efficient backbone for diffusion models. It allows
a patch size of 1 without substantial computational overhead, which was previously
unavailable for diffusion backbones.

» Experimental results demonstrate that LaMamba-Diff achieves competitive FID us-
ing significantly fewer GFLOPs. Additionally, LaMamba-Diff demonstrates excellent
scalability.

2 Related works

Diffusion model backbones. Diffusion models (DM) belong to a class of probabilistic gen-
erative models that iteratively corrupt data by introducing noise through a forward process,
and subsequently learn to reverse this process for sample generation [13, 36, 39]. Recently,
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Figure 3: Network architecture of LaMamba-Diff. Left: Architecture of LaMamba-Diff-S.
Right: Local attentional Mamba block.

DM has become the de facto choice for image generation, due to its capability to generate
photo-realistic images and stable training property [3, 29, 29, 31, 31, 34, 44], which was
unavailable for the previous state-of-the-art GANs [8]. The backbones for state-of-the-art
DM are UNet-based [13, 31] or Transformer-based [27] and rely heavily on attention [41].
However, the quadratic complexity of attention hinders the application of diffusion models
to long sequential data. Recently, to achieve linear complexity, state space models have been
leveraged to construct backbones for DM [7, 14, 42] by replacing the self-attention module
in existing backbones like DiT [27]. However, they fail to outperform DiT using a compara-
ble number of parameters and GFLOPs. In contrast, we propose a hybrid Mamba backbone
using local attention, achieving linear complexity without sacrificing image fidelity and out-
performing DiT using fewer GFLOPs and parameters.

State space models. Dynamic state space models (Mamba) [9] has gained popular-
ity in sequence modeling renowned for its linear complexity, dynamic weights, and global
receptive field. Mamba has been widely explored in various domains, including vision back-
bones [21, 45], medical imaging [19, 33], 3D point clouds [20], tabular data [1], and im-
age/video generation [7, 14, 26, 42]. In this paper, we investigate the use of Mamba for
image generation, distinguishing ourselves from previous works by utilizing local attention
to address the loss of fine-grained local details when replacing attention with Mamba.

3 Methodology

We present LaMamba-Diff, a linear-time hybrid U-Net architecture combining dynamic state
space models (Mamba) and local self-attention through novel Local Attentional Mamba
(LaMamba) blocks. As shown in Fig.3, LaMamba blocks synergistically integrate global
context modeling via efficient state space transitions (O(L) complexity) with precise local
dependency capture through constrained self-attention.
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3.1 LaMamba Blocks

Overview. Transformers have excelled in latent diffusion models [27, 31] due to their self-
attention mechanism, which captures detailed contextual information from all input token
pairs without compression. However, the quadratic complexity of self-attention with respect
to the length of the input sequence poses scalability challenges for long input sequences aris-
ing from high-resolution scenarios or small patch sizes. The selective SSM in Mamba [9]
addresses this by compressing contextual information into a single hidden state, achieving
linear-time complexity. Nevertheless, compression inevitably leads to the loss of fine-grained
local information, which is crucial for diffusion models. When increasing the patch size in
DiT architectures, the Fréchet Inception Distance (FID) increases significantly [27], directly
attributed to the loss of high-frequency spatial information within enlarged patches. This
limitation is evident since SSM-based diffusion models do not outperform DiT using a com-
parable number of parameters and GFLOPs [7, 27, 42]. To combine the strengths of self-
attention and selective SSM, we introduce Local Attentional Mamba (LaMamba) blocks,
which capture global contexts and local details in linear time.

The proposed LaMamba block, depicted in Fig.3 (right), comprises three key compo-
nents: a Visual State Space Module (VSSM), a local attention module (LA), and a feedfor-
ward network (FFN). Each component includes a residual connection and integrates condi-
tioning information via adaptive layer normalization (AdaLLN) with zero initialization [5, 27].
Specifically, AdaLN(h,c) = YLN(h) + 3, where y and 8 are computed by passing the condi-
tioning embedding ¢ to an MLP. At the start of training, the MLP parameters are initialized
to zero, making o a zero vector and LaMamba blocks as identity functions since the out-
put of each component is equal to its residual connection. VSSM incorporates the selective
SSM introduced in Mamba [9] to efficiently capture global contexts. We take advantage of
existing vision variants of the selective SSMs designed for 2D visual data, such as 2D Selec-
tive Scan (SS2D) in VMamba [21]. Local attention explicitly computes local self-attention
among input tokens, resulting in fine-grained local representations. The standard FFN with
a hidden dimension expansion ratio of 4 is added at the end of the block [6].

Main components. The selective SSM in Mamba, originally designed for sequence
modeling in natural language processing, processes 1D input sequences in a causal manner.
Directly applying SSM to non-causal 2D visual signals can lead to suboptimal results, as
it does not account for the 2D spatial information critical for vision tasks [21, 45]. Hence,
we utilize a visual state space module (VSSM) that explicitly models 2D spatial information.
We compare four variants of VSSM: Bidirectional SSM in ViM [45], SSM in LocalVMamba
[15], Efficient Scan 2D in EfficientVMamba [28], and the SS2D block in VMamba [21]. A
comparison of different VSSMs can be found in the Supplementary Material Table 5. We
adopt SS2D blocks [21], and modify the scanning trajectories in SS2D to continuous spatial
scans [43]. Unless otherwise stated, all models in this work use our modified SS2D block as
the VSSM owing to its superior performance.

The compression and selection mechanism in VSSM serves to filter out irrelevant infor-
mation for improved efficiency [9] but may lose information about fine-grained local details
and dependencies. To address this, we utilize local attention to recover local details. In
practice, we utilize window-based self-attention [22], which partitions the input into non-
overlapping square windows and applies self-attention within each window This approach
has linear complexity as attention is applied to fixed-size windows.

Summary. The novelty of LaMamba lies in its hybrid composition. To the best of our
knowledge, this is the first attempt to incorporate two complementary components, selective
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SSM and local self-attention, within the building block of a diffusion model backbone, re-
sulting in the capability to capture both global contexts and fine-grained local details with
linear time complexity. LaMamba naturally inherits the strengths of both Mamba and self-
attention, including scalability and robustness. This is demonstrated through its state-of-the-
art performance and efficiency, as shown in Table | and Figure 2, respectively. Moreover,
ablation studies in Table 3 empirically confirm the effectiveness of local attention in learning
fine-grained local representations.

3.2 Network Architecture

While LaMamba blocks can be applied to isotropic architectures like DiT [27], we adopt
the U-Net architecture [32] to leverage hierarchical features and improve efficiency. Fig-
ure 3 (left) illustrates the architecture of LaMamba-Diff-S. We follow LDM [31] to train our
model in the latent space of the pre-trained VAE with a down-sampling factor of 8.

Input tokens. The inputs consists of timestep #, class label /, and noisy latent z; €
R¥*¥ *4 which has the same dimensions as the latent of the pre-trained VAE. By viewing
zasa % X % grid of features, we treat every position on the grid as a patch (1x1 patches) and
linearly embed every patch without flattening. This encodes z; into a latent representation of
size % X % x D, where D is the hidden dimension. Meanwhile, ¢ and [ are encoded into con-
tinuous representations using an MLP and a learnable embedding dictionary, respectively;
the sum of these two encoding results becomes the conditioning embedding c.

4 Experiments

4.1 Setting

Latent Diffusion Model. LaMamba-Diff operates in the latent space of a pre-trained VAE !
that has a downsampling factor of 8. For instance, an RGB image x( of size 256 x 256 x 3
would be encoded into a compressed latent zo = £(xg) of size 32 x 32 x 4. We train our
model to learn the reverse diffusion process in the latent space of the VAE using diffusion
hyperparameters from ADM [5]. Specifically, we use a linear variance scheduler and ADM’s
parameterization of covariance Yg. Specifically, we follow their embedding approach to
encode timestep and class label conditions, and use a linear variance scheduler and ADM’s
parameterization of covariance Xy. Images are generated by sampling novel latents z and
passing them to the VAE decoder x = D(z).

Training Details. We follow the training and hyperprameter settings in [27] to train vari-
ants of LaMamba-Diff on the ImageNet-1k dataset [4] at 256 x 256 and 512 x 512 resolutions
using classifier free guidance [12]. Specifically, we employ the AdamW optimizer [23] with
a constant learning rate of le-4, a global batch size of 256, and no weight decay. We follow
the setting in [21] for the VSSM hyperparameters. All experiments were conducted on 8
NVIDIA H800 GPUs.

Evaluation. We measure performance with Fréchet Inception Distance (FID) [11], a
standard metric for assessing the quality of generated images. For a fair comparison with
prior works, we use 250 DDPM sampling steps to sample 50K images to compute FID [27]
using the ADM’s TensorFlow implementation [5]. We also report sFID [24], Inception
Score [35], and Precision, and Recall [18] as secondary metrics.

Thttps://huggingface.co/stabilityai/sd-vae-ft-mse
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ImageNet 256x256 |
Model ‘Paramclcrs(M) GFLOPs Training Stcps(M)‘ FID| sFID] ISt PrecisionT Recall
Unconditional

ADM 554 1120 2.0 10.94 6.02 10098  0.69 0.63
ADM-U 608 742 2.0 749 513 12749 072 0.63
LDM-8 395 79 1.2 1551 - 79.03 0.65 0.63
LDM-4 391 103 0.8 1056 - 10349  0.71 0.62
DiT-XL/2 675 118 7.0 9.62 6.85 121.50  0.67 0.67
DiffuSSM-XL 673 280 2.6 9.07 552 11832  0.69 0.64
LaMamba-Diff-XL 656 50 2.0 612 5.58 14913 0.71 0.64

Classifier-free guidance
ADM-G, ADM-U 673 761 2.0 394 6.14 21584  0.83 0.53
LDM-8-G 395 79 1.2 7.76 - 20952 084 0.35
LDM-4-G 391 103 0.8 3.60 - 24767 087 0.48
U-ViT-H/2-G 501 133 2.0 2.29 - 24767 087 0.48
DiffuSSM-XL-G 673 280 2.6 2.28 449 259.13  0.86 0.56
DiT-XL/2-G 675 118 7.0 227 4.60 27824  0.83 0.57
DiS-H/2-G [7] 900 217 2.0 2.10 455 27132 0.82 0.58
DiM-Huge 860 210 1.9 2.21 - - - -
LaMamba-Diff-XL-G 656 50 2.0 2.04 452 29607 084 0.56
ImageNet 512x512 |

Unconditional

DiT-XL/2 675 524 3.0 1203 7.12 10525 0.75 0.64
LaMamba-Diff-XL 656 201 3.0 776  6.89 122.41 0.81 0.60

Classifier-free guidance
ADM-G, ADM-U 774 2834 1.9 385 5.86 221.72 0.84 0.53
U-ViT-H/4-G 501 133 2.0 405 844 261.13 084 0.48
DiffuSSM-XL-G 673 1066 1.2 341 5.84 25506 0.85 0.49
DiT-XL/2-G 675 524 3.0 3.04 5.02 24082 0.84 0.54
DiS-H/2-G [7] 900 4.0 2.88 474 27233  0.84 0.56
DiM-Huge 860 708 - 3.78 - - - -
LaMamba-Diff-XL-G 656 201 3.0 301 515 27719 085 0.52

Table 1: Quantitative comparison of image generation quality on ImageNet 256x256
and 512x512. We denote classifier-free guidance by appending "-G" to model names.
LaMamba-Diff-XL achieves competitive performance with substantially fewer GFLOPs.
The training steps denote the number of iterations trained using a batch size of 256.

4.2 Main Results

ImageNet 256x256. We compare our largest model, LaMamba-Diff-XL,with state-of-the-
art (SOTA) diffusion models on ImageNet at 256x256 resolution. Table | reports quantita-
tive results, while qualitative examples are provided in the Supplementary Material Figures
4-9. In both unconditional and class-conditional settings, LaMamba-Diff-XL outperforms
attention-only (DiT [27],U-ViT [2]) and SSM-only (DiffuSSM [42], DiS-H/2 [7], DiM [40])
methods, achieving SOTA FID scores while requiring substantially fewer GFLOPs. In
unconditional image generation, LaMamba-Diff-XL achieves a SOTA FID of 6.12, im-
proving the previous SOTA FID (9.07) by 2.95 (33%) with 82% fewer GFLOPs and 17M
fewer parameters. In conditional image generation with classifier-free guidance (CFG) [12],
LaMamba-Diff-XL achieves a SOTA FID of 2.04 using 57.6% fewer GFLOPs and 19M
fewer parameters compared to DiT-XL/2. Moreover, LaMamba-Diff-XL achieves the high-
est Inception Score (IS) of 296.07.

ImageNet 512x512. We evaluate the image generation quality of LaMamba-Diff-XL on
ImageNet at 512x512 resolution. Here, LaMamba-Diff-XL processes an input latent of size
64x64x4. Table | shows comparisons with SOTA methods, while Supplementary Material
Figures 10-15 present qualitative examples. LaMamba-Diff-XL achieves a SOTA FID com-
pared to all prior diffusion models of similar sizes and uses 61.6% less GFLOPs compared to
DiT-XL/2. In the unconditional setting, LaMamba-Diff-XL substantially improves the FID
of DiT-XL/2 from 12.03 to 7.76. When using CFG, LaMamba-Diff-XL achieves an FID of
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3.01 and the highest IS of 277.19. Note that DiS-H/2 achieves a slightly lower FID (2.88)
but uses 37% more parameters and 258% more GFLOPs.

Model Parameters (M) GFLOPs  FID

LaMamba-Diff-S 32 3.19 55.68
LaMamba-Diff-B 127 12.32 29.71
LaMamba-Diff-L 449 33.39 18.15
LaMamba-Diff-XL 656 49.90 12.86
DiT-S/2 33 6.06 68.40
DiT-B/2 130 23.01 43.47
DiT-L/2 458 80.71 23.33
DiT-XL/2 675 118.64  19.47

Table 2: Comparison of LaMamba-Diff and DiT scaling properties based on unconditional
FID and models trained on ImageNet 256x256 for 400k steps using a batch size 256.

Scaling model complexity. We evaluate the scaling properties of LaMamba-Diff by
training models presented in Supplementary Material Table 6 on ImageNet 256x256 for
400k steps. Figure 2 (left) and Table 2 present our results. We observe significant FID
improvements when increasing parameters. LaMamba-Diff-XL (656M) improves the FID
score by 42.82 compared to LaMamba-Diff-S (32M). Additionally, LaMamba-Diff consis-
tently outperforms DiT models with similar parameter counts, delivering superior perfor-
mance with significantly fewer GFLOPs. These findings highlight the superior scaling capa-
bility of LaMamba-Diff models.

Method GFLOPs  FID

LaMamba-Diff 3.19 55.68
w/o attention 2.45 69.78
wi/o shifting 3.19 58.81

global attention 4.24 53.74

Table 3: Ablation study of attention in LaMamba blocks.

4.3 Ablation Studies

This section investigates the effectiveness of local attention in LaMamba blocks and the net-
work architecture design. Ablations on the visual state space module (VSSM) can be found
in the Supplementary Material. Unless otherwise stated, we report FID-50K for variants of
LaMamba-Diff-S trained on ImageNet 256x256 for 400K steps with a batch size of 256.

Local Attention in LaMamba blocks are crucial to success. They complement VSSM by
capturing detailed local contextual information. In Table 3, we study the effect of local atten-
tion and different attention strategies. Specifically, we removed the local attention module
entirely (w/o attention), disabled the alternating window shift (w/o shifting), and replaced
local attention with global attention.

Table 3 presents our results, indicating that removing local attention leads to a substantial
increase in FID by 14.1, confirming the importance of modeling detailed local contexts.
Additionally, removing the shifting scheme for windowed attention leads to a 3.13 increase in
FID, suggesting that the propagation of fine-grained information across window boundaries
is useful. Global attention marginally improves FID by 3.5 despite bringing a significant
32.5% computational overhead, indicating that the combination of local attention and VSSM
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is as powerful as global attention plus VSSM in capturing both global and local contexts
while incurring much less computation.

Initial Param FLOP

Ablation Type Method dim M) (G FID
LaMamba-Diff 96 32 3119 55.68
Downsamplin Ix 144 30 699 5349
Ping 3y 48 33 193 6223

Decoder -1 104 32 3.08 5493
Block Number All +1 80 33 3.51 6354
All -1 112 35 293 58.17

Patch size 1 384 34 2496 52.01
Isotropic Patch size 2 384 34 6.19 91.89

architecture Patch size 4 384 34 1.96 129.92
Patch size 8 384 34 0.65 172.10

U-Net Shortcut Concatenate 64 33 3.02 89.10

Table 4: Ablation studies on network architectural design. The initial dim represents the
hidden dimension of stage 1 of the LaMamba-Diff Encoder. Param denotes the number of
parameters.

Network Architecture. In this section, we conduct a comparative analysis of various
architectural design choices for LaMamba-Diff. Specifically, we evaluate four architectural
variations: (1) number of downsampling blocks; (2) number of blocks in each U-Net stage;
(3) isotropic architecture instead of U-Net; (4) channel concatenation instead of addition in
U-Net shortcuts. The hidden dimension is adjusted to ensure that all variants have a similar
number of parameters. The results of these ablations are presented in Table 4.

In LaMamba-Diff, we downsample twice in stages 1 and 2 of the encoder, resulting in a
bottleneck resolution of 8x8 for 256x256 input images. Here, we investigate the impact of
downsampling only once (1 x) and three times (3 x), corresponding to bottleneck resolutions
of 16x16 and 4x4, respectively. Our observations reveal that 3x downsampling leads to a
decline in performance, while 1x downsampling marginally improves FID by 3.9, albeit
with an 118% increase in GFLOPs.

Next, we analyze the impact of varying the number of LaMamba blocks in each U-Net
stage. LaMamba-Diff-S originally includes 2 blocks per encoder stage and 3 blocks per
decoder stage, bearing a large decoder design akin to StableDiffusion [31]. We explore
configurations with 2 blocks in every decoder stage (Decoder -1), adding one block to all
stages (All +1), and removing one block from all stages (All -1). Our results show that
increasing blocks while reducing hidden dimensions degrades performance. Conversely,
using fewer decoder blocks (Decoder -1) achieves similar FID and GLFOPs, suggesting an
alternative design for LaMamba-Diff.

We compare LaMamba-Diff with an isotropic architecture, essentially a DiT [27] incor-
porating LaMamba blocks. An isotropic design with a patch size of 1 improves FID by 3.67
but requires 7.8 times more GFLOPs, while larger patch sizes perform worse. Our U-Net
architecture offers a far better trade-off between FID and GFLOPs.

LaMamba-Diff achieves significantly lower FID compared to channel concatenation in
U-Net shortcuts. Overall, ablation studies highlight that the hidden dimension size is crucial
to LaMamba-Diff’s effectiveness.
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Resolution Model GFLOPs  Image/s
DiT-XL/2 118.64 8.9
236256 LaMamba-Diff-XL ~ 50.46 6.8
DiT-XL/2 524.60 1.9
S12X512 | Mamba-Diff-XL 20120 2.0
1024 x 1024 DiT-XL/2 2910.30 0.3

LaMamba-Diff-XL. ~ 804.18 0.5

Table 5: Comparison of GFLOPs and Images generated per second between LaMamba-Diff-
XL and DiT-XL/2. Image/s is computed using 8 H800 GPUs and 250 sampling steps.

5 Computational Complexity

Theoretical analysis. The majority of FLOPs in VSSM are due to the the 2D Selective Scan
(SS2D) mechanism, which computes 4 SSM processes with a hidden dimension expansion
ratio of 2 [21]. Thus, we approximate the complexity of VSSM with SS2D.

Given a noisy diffusion latent z; € R¥x ¥ xD , where D is the hidden dimension, the com-
putational complexity of SS2D, windowed multi-head self-attention (W-MSA), and feedfor-
ward net (FFN) are given below:

Q(SS2D) ~ 4Q(SSM) = 4(3L(2D)N +L(2D)N), (1)
Q(W-MSA) = 4HWD? + 2M*HWD, )
Q(FFN) = 4LD?, 3)

where L = H x W denotes the sequence length, N is the SSM state dimension, and M = 8 is
the fixed window size (matching the 8 x 8 bottleneck resolution for 256 x 256 images) SS2D
approximates 4Q(SSM) complexity due to four scan paths. SSM complexity has two terms:
3L(2D)N from computing vectors B,C, and scalar D; and L(2D)N from computing matrix
A. Thus, VSSM is linear in L. With fixed M, W-MSA is also linear in L. Consequently, all
LaMamba components (VSSM, local attention, and FFN) exhibit linear complexity, making
LaMamba-Diff inherently linear. Negligible-GFLOPs exclusions for theoretical analysis:
SS2D 4-output reshaping/merging and LaMamba block AdaLN/a-scaling.

Empirical analysis. We empirically evaluate the computational complexity and la-
tency of the largest LaMamba-Diff and DiT [27] models in Table 5. With similar pa-
rameter counts, LaMamba-Diff-XL reduces GFLOPs by 57.5%and 72.4%at 256x256 and
1024x1024 resolutions, respectively. It achieves 1.7x faster inference on 1024x1024 res-
olution than DiT/XL-2, but is slower on 256x256 resolution due to limited SSM operator
parallelization on GPU.

6 Conclusion

In this paper, we have proposed LaMamba-Diff, a novel linear-time backbone network for
diffusion models. It efficiently captures both global contexts and local dependencies from
input tokens. Our experiments demonstrate that LaMamba-Diff, with comparable number of
parameters and significantly fewer GLFOPs, achieves very competitive performance against
state-of-the-art diffusion backbones. Furthermore, our LaMamba block demonstrates excel-
lent scalability, and like DiT, can be taken as a generic building block for various types of
diffusion models, including both text-to-image and text-to-video diffusion models.
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