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Abstract

Diffusion Transformers have emerged as the preeminent
models for a wide array of generative tasks, demonstrating su-
perior performance and efficacy across various applications.
The promising results come at the cost of slow inference, as
each denoising step requires running the whole transformer
model with a large amount of parameters. In this paper, we
show that performing the full computation of the model at
each diffusion step is unnecessary, as some computations can
be skipped by lazily reusing the results of previous steps. Fur-
thermore, we show that the lower bound of similarity between
outputs at consecutive steps is notably high, and this similar-
ity can be linearly approximated using the inputs. To verify
our demonstrations, we propose the LazyDiT, a lazy learn-
ing framework that efficiently leverages cached results from
earlier steps to skip redundant computations. Specifically,
we incorporate lazy learning layers into the model, effec-
tively trained to maximize laziness, enabling dynamic skip-
ping of redundant computations. Experimental results show
that LazyDiT outperforms the DDIM sampler across multiple
diffusion transformer models at various resolutions. Further-
more, we implement our method on mobile devices, achiev-
ing better performance than DDIM with similar latency.

1 Introduction

Diffusion models (Ho, Jain, and Abbeel 2020; Rombach
et al. 2022a; Song et al. 2020; Song and Ermon 2019; Dhari-
wal and Nichol 2021; Zhan et al. 2024b) have become dom-
inant in image generation research, attributable to their re-
markable performance. U-Net (Ronneberger, Fischer, and
Brox 2015) is a widely used backbone in diffusion mod-
els, while transformers (Vaswani et al. 2017) are increas-
ingly proving to be a strong alternative. Compared to U-Net,
transformer-based diffusion models have demonstrated su-
perior performance in high-fidelity image generation (Pee-
bles and Xie 2023; Bao et al. 2023), and their efficacy ex-
tends to video generation as well (Lu et al. 2023; Chen et al.
2023; Lab and etc. 2024; Zheng et al. 2024). This highlights
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the versatility and potential of transformers in advancing
generative tasks across different media. Despite the notable
scalability advantages of transformers, diffusion transform-
ers face major efficiency challenges. The high deployment
costs and the slow inference speeds create the significant
barriers to their practical applications (Zhan et al. 2024a,c,
2021; Wu et al. 2022; Li et al. 2022; Yang et al. 2023a),
which motivates us to explore their acceleration methods.

The increased sampling cost in diffusion models stems
from two main components: the numerous timesteps re-
quired and the computational expense associated with each
inference step. To improve sampling efficiency, existing
methods generally fall into two categories: reducing the total
number of sampling steps (Song, Meng, and Ermon 2020;
Liu et al. 2022; Bao et al. 2022; Zhan et al. 2024b) or low-
ering the computational cost per step (Yang et al. 2023b; He
et al. 2023). Several works (Yin et al. 2024; Luo et al. 2024;
Salimans and Ho 2022) employ distillation techniques to re-
duce the number of sampling steps. Conversely, works (Li
et al. 2023b; Kim et al. 2023; Fang, Ma, and Wang 2023;
Li et al. 2023a) utilize compression techniques to stream-
line diffusion models. Recently, some studies have intro-
duced caching mechanisms into the denoising process (Ma,
Fang, and Wang 2024; Wimbauer et al. 2023) to accelerate
the sampling. However, previous compression approaches of
diffusion models have primarily focused on optimizing U-
Net, leaving transformer-based models largely unexplored.

Leveraging characteristic of uniquely structured, prior
compression works (Zhang et al. 2024; Raposo et al. 2024;
Fan, Grave, and Joulin 2019; Kong et al. 2022, 2023; Zhang
et al. 2022; Li et al. 2023c; Zhao et al. 2024; Shen et al.
2024d,a,c,b, 2023b) have concentrated on techniques such
as layer pruning and width pruning. However, we observe
that removing certain layers results in a significant per-
formance drop. This indicates the redundancy in diffusion
transformers primarily occurs between sampling steps rather
than the model architecture. This finding forms basis for ex-
ploring methods to reduce frequency of layer usage, aiming
to decrease computational costs and accelerate the diffusion.

In this paper, we propose LazyDiT, a cache-based ap-
proach designed to dynamically reduce computational costs
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Figure 1: Image generated by DiT-XL/2 in 512x512 and 256 X256 resolutions when lazily skipping 50% computation. The
upper rows display results from original model and the lower rows showcase outcomes of our method. Our method generates
distinct lighting effects for background and color compared to the baseline, as demonstrated in dog and marmot, respectively.

and accelerate the diffusion process. We begin by analyzing
the output similarity between the current and previous steps,
identifying that the lower bound of this similarity is notably
high during the diffusion process. Then, we delve deeper
into the similarity using a Taylor expansion around the cur-
rent input, revealing that the similarity can be linearly ap-
proximated. Building on the theoretical analysis, we imple-
ment a lazy learning framework by introducing linear layers
before each Multi-Head Self-Attention (MHSA) and point-
wise feedforward (Feedforward) module. These added lay-
ers are trained with the proposed lazy loss to learn whether
the subsequent module can be lazily bypassed by leveraging
the previous step’s cache. Compared to the DDIM sampler,
extensive experiments demonstrate that our method achieves
superior performance with similar computational costs. As
shown in Figure 1, by lazily skipping 50% of the computa-
tions, our method achieves nearly the same performance as
the original diffusion process. We also profile the latency of
the diffusion process on mobile devices to offer a detailed
comparison with the DDIM sampler. Our results show our
superior image generation quality than DDIM with similar
latency. Our main contributions are summarized as follows,

* We explore the redundancy in diffusion process by eval-
uating the similarity between module outputs at consec-
utive steps, finding that the lower bound of the similarity
is notably high.

We establish that the lazy skip strategy can be effectively
learned through a linear layer based on the Taylor expan-
sion of similarity.

We propose a lazy learning framework to optimize the
diffusion process in transformer-based models by lazily
bypassing computations using the previous step’s cache.

* Experiments show that the proposed method achieves

20410

better performance than DDIM sampler. We further im-
plement our method on mobile devices, showing that our
method is a promising solution for real-time generation.

2 Related Work

Transformer-Based Diffusion Models. Recent works
such as GenVit (Yang et al. 2022), U-Vit (Bao et al. 2023),
DiT (Peebles and Xie 2023), LlamaGen (Sun et al. 2024),
and MAR (Li et al. 2024a) have incorporated transform-
ers (Vaswani et al. 2017) into diffusion models, offering
a different approach compared to the traditional U-Net ar-
chitecture. GenViT incorporates the ViT (Dosovitskiy et al.
2021; Li et al. 2024c¢,b) architecture into DDPM, while U-
ViT further enhances this approach by introducing long skip
connections between shallow and deep layers. DiT demon-
strates the scalability of diffusion transformers, and its archi-
tecture has been further utilized for text-to-video generation
tasks, as explored in works (OpenAl 2024). LlamaGen intro-
duces autoregressive models to image generation, verifying
the effectiveness of the ’next-token prediction’ in this do-
main. Thus, it is crucial to explore efficient designs for those
large models to accelerate the diffusion process.

Acceleration for Diffusion Models. High-quality image
generation with diffusion models necessitates multiple sam-
pling steps, leading to increased latency (Gong et al. 2024;
Shen et al. 2023a). To enhance efficiency, DDIM (Song,
Meng, and Ermon 2020) extends original DDPM to non-
Markovian cases when DPM-Solver (Lu et al. 2022) ad-
vances the approximation of diffusion ODE solutions. Re-
garding the works that require fine-tuning, such as (Lin,
Wang, and Yang 2024; Yin et al. 2024), they employ dis-
tillation techniques to effectively reduce the number of sam-
pling steps. Additionally, reducing the computational work-



load for each diffusion step is a widely adopted, strategy to
enhance the efficiency of the diffusion process. Various ap-
proaches have been explored, such as works (Fang, Ma, and
Wang 2023; Castells et al. 2024; Wang et al. 2024; Zhang
et al. 2024) that adopt weight pruning techniques, works (He
et al. 2023; Li et al. 2023a) that employ quantization tech-
niques, and even works (Kim et al. 2023; Li et al. 2023b)
that redesign the architecture of diffusion models.

3 Methodology
3.1 Preliminaries

Notations. We use E[] to denote the expectation. We use
1,, to denote a length-n vector where all the entries are ones.
We use z; ; to denote the j-th coordinate of x; € R™. We
use ||z||, to denote the £, norm of a vector x. We use || A||
to denote the spectral norm for a matrix A. We use a o b to
denote the element-wise product of two vectors a, b. For a
tensor X € RB*XNXD and a matrix U € RP*41 | we define
Y = X .U € RBXN*d1 For a matrix V € R%*5 and a
tensor X € RBXNXD wedefine Z =V - X € RExXNxD,
For a square matrix A, we use tr[A] to denote the trace of A.
For two matrices X, Y, the standard inner product between
matrices is defined by (X,Y) := tr[X "Y]. We use U(a, b)
to denote a uniform distribution. We use A (y,0?) to de-
note a Gaussian distribution. We define cosine similarity as

f(X,Y) tr[XTY

_ ] ;
= x| v|F for matrices X, Y.

Diffusion Formulation. Diffusion models (Ho, Jain, and
Abbeel 2020; Song et al. 2020) operate by transforming a
sample z from its initial state within a real data distribution
pa(x) into a noisier version through diffusion steps. For a
diffusion model €y(-) with parameters 6, the training objec-
tive (Sohl-Dickstein et al. 2015) can be expressed as follows,

E t,zy) —
t~U[0,1],z~pg (x),e~N(0,) leo(t, 2¢) — ell2,

min
0
where t denotes the timestep; € denotes the ground-truth
noise; z; = ay - x + o3 - € denotes the noisy data; a; and
o are the strengths of signal and noise.

For comparison purposes, this paper adopts Denoising
Diffusion Implicit Models (DDIM) (Song, Meng, and Er-
mon 2020) as sampler. The iterative denoising process from
timestep ¢ to the previous timestep ¢’ is described as follows,

2 — oeg(t, 2¢)
Qg

2 =y - + o - €g(t, 2t),

where 2 is iteratively fed to € (-) until ¢’ becomes 0.

Latent Diffusion Models. The Latent Diffusion Model
(LDM) (Rombach et al. 2022b) decreases computational de-
mands and the number of steps with the latent space, which
is obtained by encoding with a pre-trained variational au-
toencoder (VAE) (Sohl-Dickstein et al. 2015). Besides, the
classifier-free guidance (CFG) (Ho and Salimans 2022) is
adopted to improve quality as follows,

ge(tvztac) =w- 69(t72tac) - (w - 1) : 69(t72t30¢)7

where €g(t, 2, c4) denotes unconditional prediction with
null text; w denotes guidance scale which is used as control
of conditional information and w > 1.
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3.2 Similarity Establishment

Let B be the number of batches, N be the number of
patches, D be the hidden dimension, 7" be the number of
diffusion steps, and L be the number of model layers in dif-
fusion transformers. Let f(-,-) : RBXNXD » REXNXD _y
[0,1] be the function that estimate the similarity between
two variables. Let F¥(+) : REXN*D _ REXNXD pe the
Multi-Head Self-Attention (MHSA) / pointwise feedforward
(Feedforward) module at {-th layer where ® € {attn, feed}
for | € [L]. We use normalized X f’t € RBXNXD (g denote
the input hidden states with scaling factor a; and shifting
factor b, at timestep ¢ in the {-th layer for ¢ € [T],1 € [L].
We denote the output at [-th layer and ¢-th timestep as Yf;.

Impact of Scaling and Shifting. As progressive denois-
ing proceeds, the input difference between, X f’tfl and X ft,
grows. In contrast, the application of scaling and shifting
transformations introduces an alternate problem formula-
tion, potentially affecting the input distance in a manner
that requires a different analytical approach. In detail, the
diffusion transformer architecture incorporates scaling and
shifting mechanisms in the computation of both the MHSA
and Feedforward modules, utilizing the embeddings of the
timestep, emd(t) € R, and the condition, emd(c) € RP.
We define y; = SiLU(emd(t) + emd(c)) € R, with cor-
responding scaling and shifting factors defined as follows,

* Scaling factor: a; = Wj o -y +v1,4 € RP;

* Shifting factor: by = Wiy, - y + v1p € RP;

where Wi, Wi, € RD*D. U, Uip € RP are the linear
projection weight and bias, respectively.

Meanwhile, we define broadcasted matrices to represent
the scaling and shifting factors, ensuring the alignment with
the implementation of diffusion transformers as follows,

o Let A, € RV*D be defined as the matrix that all rows
are ag, i.e. (Ay); := a; fori € [N],and A;_1, By, By—1
can be defined as the same way.

Then, we deliver the demonstration showing that there ex-
ist ¥+, yr—1 such that, after scaling and shifting, the distance
between inputs X f’tfl, X l?t’ defined in the Left Hand Side
of the following Eq. (1), can be constrained within a small
bound. Given a; and b; are both linear transformation of y;,
the problem reduces to demonstrating the existence of vec-
tors ay, by, a;—1, and by, that satisfy following conditions,

(A1 0 X%+ Bia) — (Avo X[+ By <n, (1)
where 7 € (0,0.1). And Eq. (1) is equivalent as follows,
Ao qu,)tfl +Bo Xl(?t +Cllr <,
where A := Atfh B .= —At, C = Bt,1 — Bt.
We identify that there exists a, b and ¢ such that Eq. (2)
holds, and the detailed demonstration and explanation are

included in Lemma 12 at Appendix C.2. Subsequently, we
generate the following theorem,

2

Theorem 1 (Scaling and shifting, informal version of The-
orem 13 at Appendix C.2). There exist time-variant and
condition-variant scalings and shiftings such that the dis-
tance between two inputs at consecutive steps for MHSA or
Feedforward is bounded.



Similarity Lower Bound. To leverage the cache from the
previous step, we begin by investigating the cache mecha-
nism in transformer-based diffusion models. This analysis
focuses on the similarity between the current output and the
preceding one, providing insights into the efficacy of reusing
cached information. One typical transformer block consists
of two primary modules: MHSA module and Feedforward
module. Both modules are computationally expensive, mak-
ing them significant contributors to the overall processing
cost. Thus, we aim to examine the output similarities be-
tween the current and previous steps for both modules. By
identifying cases of high similarity, we can skip redundant
computations, thereby reducing the overall computational
cost. In practice, we employ the cosine similarity f(-,-) for
the computation of similarity as follows,
Y<I>

. tr(( l,tfl)T Yl%]
1Y% 1 lle - 1Y 5 e

F(Vii-1, Yip) 3)
Inspired by the Lipschitz property (Trench 2013), we
transform the similarity measure into a distance metric, de-
fined as Dist := ||YlfI;71 - YZ‘I;H, to simplify the analysis of
similarity variations. According to Fact 7 in Appendix B.2,
similarity function f (-, -) is further transformed as follows,

FOS_Y%) =1 - Dist/2.

For convenience, we further define the hidden states after
scaling and shifting as Z;I,)t = A;0X lq,>t + B;. Meanwhile,
building upon the Lemma H.5 of (Deng et al. 2023), we fur-
ther derive the upper bounds for the distance Dist for either
the MHSA or Feedforward modules as follows,

Dist < C - [|Z8,_, — Z%|- “

where C'is the Lipschitz constant related to the module.
Subsequently, with Theorem 1, we integrate Eq. (1) and
derive the bound of the similarity as follows,

fVS_L ) >1—a,

for a := O(C?7n?) and 7 is sufficiently small in practice.

Thus, we deliver Theorem 2 as below, which asserts that
the lower bound of the output similarity between the two
consecutive sampling steps is high.

Theorem 2 (Similarity lower bound, informal version of
Theorem 18 at Appendix C.4). The lower bound of the sim-
ilarity f(Yz%—p Yl%) between the outputs at timestep t — 1
and timestep t is high.

Linear Layer Approximation. The similarity can be ap-
proximated using the inputs from either the current step Z;%,

or previous one Zlq,>t—1’ due to its mathematical symmetry
according to Eq. (3). We then apply the Taylor expansion
around Z fft as follows,

f(qu;flel(I;f)
= t[(V,5 )7 (0+J-Z% +0(1)],

where J is the Jacobian matrix.
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Through Taylor expansion, we identify that there exists a
W, € RP*Peou along with Z", such that the similarity can
be linearly approximated with certain error as follows,

FYG_Y%) +0),

where the detailed proof is included in Appendix C.5 Eq.(9).
Then, we generate the Theorem 3 as follows,

<qu>7 Zli,)t>

Theorem 3 (Linear layer approximation, informal version
of Theorem 19 at Appendix C.5). The similarity function
f(-,+) can be approximated by a linear layer with respect
fo the current input, i.e. f(YlfI;_l, Yf;) = (W2, th) where
VV[I> is the weight of a linear layer for MHSA or Feedforward
in the l-th layer of diffusion model.

In our experiments, we utilize the lazy learning frame-
work to obtain Wfb, and we set Dy, = 1 to minimize com-
putational cost. The details of this approach are explained in
the following section.

Step t-1 Step t
Timestep Timestep
~Condition Condition

‘ i
1 1
1 1
:F - > Scale Shift v T Scale Shift < 1 E
1 Learning Ca“,’ ~ Learning !
i ]l s=<o5 ’ s> 0.5 :
1 1
(:) MHSA Lazy MHSA
i . Attn Y :
4 - JScale¢---------
_____ »Scal 1
:r ca:cs Cache Sl’(l’pl ;f} :
1 1
! [ - Lazy Lazy T '
E + Scale Shift [ L Call/ - iy Scale Shift « !
! §<05 / s>05 |
1 v 1
1 1
| ® Feedforward v Lazy Feedforward )|
1 N Feed 1
14 1
d---- >Scaled Cache Skip|Seale*>-~"==""""
N4 » y D
P VY

Figure 2: Overview framework. We skip the computation of
MHSA or Feedforward by calling the previous step cache.

3.3 Lazy Learning

As illustrated in Figure 2, we incorporate lazy learning linear
layers before each MHSA module and Feedforward mod-
ule to learn the similarity. The MHSA module or Feedfor-
ward module is bypassed and replaced with the cached out-
put from the previous step if the learned similarity is below
0.5. The input scale, input shift, output scale, and residual
connections remain unchanged from the normal computa-
tion. The training details and the calculation of lazy ratio are
outlined in the following paragraphs.

Training Forward. Assume we add linear layers with
weights W,* € RP*! for each module F;*(-) at [-th layer in
the model. For input hidden states X", € RP*N*P for the

module at [-th layer and ¢-th step, the similarity S;I?t € RE



of the module is computed as follows,
sty = sigmoid((Z%, - W) - 1y).
We then define the forward pass of the MHSA module or

Feedforward module at [-th layer and ¢-th step with the input
X l‘f’t during the training progress as follows,

Yli = diag(1p — S?}) '-EQ(Z;I;)
+ diag(si,) - Vi1
Backward Loss. Alongside the diffusion loss for a given
timestep ¢ during training, we introduce a lazy loss to en-
courage the model to be more lazy—relying more on cached

computations rather than diligently executing the MHSA
modules or Feedforward modules as follows,

rlazy _ attn l Z attn
¢ B
=1 b=1
L B
feed EE E S{eted ’ (5)

l b=1

where the p**™ and pfe°d denote the penalty ratio of MHSA
module and Feedforward module, respectively.

We combine the lazy loss with diffusion loss and regulate
Pt and pfeed to control the laziness (i.e., number of skips
with cache) of sampling with diffusion transformers.

=

Accelerate Sampling. After finishing the lazy learning
with a few steps, we then accelerate the sampling during the
diffusion process as follows,

.

where ® € {attn,feed} can be either MHSA module or
Feedforward module, and the skip occurs when s?,’t > 0.5.

Then, the lazy ratio I'* € Z? of MSHA or Feedforward
for B batches during sampling is be computed as follows,

LTZ:Z: s

4 Experimental Results
4.1 Experiment Setup

Model Family. We validate the effectiveness of our
method on both the DIiT (Peebles and Xie 2023) and
LargeDiT (Zhang et al. 2023) model families. Specifically,
our experiments utilize the officially provided models in-
cluding DiT-XL/2 (256 x256), DiT-XL/2 (512x512), Large-
DiT-3B (256 %x256), and Large-DiT-7B (256 x256).

Lazy Learning. We freeze the original model weights and
introduce linear layers as lazy learning layers before each
MHSA and Feedforward module at every diffusion step. For
various sampling steps, these added layers are trained on the
ImageNet dataset with 500 steps, with a learning rate of le-
4 and using the AdamW optimizer. Following the training
pipeline in DiT, we randomly drop some labels, assign a
null token for classifier-free guidance, and set a global batch
size of 256. The training is conducted on 8 x NVIDIA A100
GPUs within 10 minutes.

)
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#of | Lazy | FID sFID IS Prec.  Rec.

Method | g | Ratio | | 1 N 1 1

DiT-XL/2 (256 x256)
DDIM ‘ 50 ‘ / ‘ 2.34 433 241.01 80.13 59.55
DDIM 40 / 2.39 428 236.26 80.10 59.41
Ours 50 | 20% | 237 433 23999 80.19 59.63
DDIM 30 / 2.66 440 23474 79.85 58.96
Ours 50 | 40% | 2.63 435 235.69 79.59 5894
DDIM | 25 / 295 450 23095 7949 5844
Ours 50 | 50% | 2,70 447 237.03 79.77 58.65
DDIM | 20 / 353 491 22287 7843 57.12
Ours 40 | 5S0% | 295 478 23410 79.61 57.99
DDIM 14 / 574  6.65 20040 74.81 5551
Ours 20 | 30% | 444 557 21213 77.11 56.76
DDIM 10 / 1205 11.26 160.73 6690 51.52
Ours 20 | 50% | 6.75 853 19239 7435 5243
DDIM 7 / 3414 2751 91.67 4759 46.83
Ours 10 | 30% | 17.05 13.37 136.81 62.07 50.37
DiT-XL/2 (512x512)

DDIM | 50 | / | 333 531 20501 80.59 55.89
DDIM 30 / 395 571 19584 80.19 54.52
Ours 50 | 40% | 3.67 5.65 20225 79.80 55.17
DDIM | 25 / 426 6.00 19271 79.37 53.99
Ours 50 | 50% | 3.94 592 20093 8047 54.05
DDIM | 20 / 512 6.60 184.23 78.37 53.50
Ours 40 | 50% | 432 6.50 196.01 79.64 53.19
DDIM 10 / 1476  12.38 129.19 65.51 48.95
Ours 20 | 50% | 9.18 10.85 160.30 73.16 49.27
DDIM 8 / 2422  18.89 100.75 55.49 46.93
Ours 10 | 20% | 16.28 11.44 123.65 64.36 49.99

Table 1: DiT model results on ImageNet (cfg=1.5). ‘Lazy
Ratio’ indicates the percentage of skipped MHSA and Feed-
forward modules during diffusion process.

Penalty Regulation. We regulate the penalty ratios pt*®
and pf°d for MHSA and Feedforward in Eq. (5) from le-7
to le-2. Both penalty ratios are kept identical in our experi-
ments to optimize performance, as explained by the ablation
study results shown in the lower of Figure 5.

Evaluation. To evaluate the effectiveness of our method,
we primarily compare our method to the DDIM (Song,
Meng, and Ermon 2020), varying the sampling steps from
10 to 50. Visualization results are generated with DiT-XL/2
model in 256256 and 512x512 resolutions. For quantita-
tive analysis, the 50,000 images are generated per trial with
classifier-free guidance in our experiments. We adopt the
Fréchet inception distance (FID) (Heusel et al. 2017), In-
ception Score (IS) (Salimans et al. 2016), sFID (Nash et al.
2021), and Precision/Recall (Kynkdidnniemi et al. 2019) as
the evaluation metrics. The computation cost as TMACs is
calculated with the work (Zhu 2022).

Testing Bed. We implement our acceleration framework
on mobile devices, specifically, we use OpenCL for mobile
GPU backend. LazyDiT is built upon our existing DNN ex-
ecution framework that supports extensive operator fusion



#of | Lazy | FID sFID 1S Prec.  Rec.

Method | g | Ratio | | 1 N 1 1

Large-DiT-3B (256 x256)
DDIM | 50 | / | 210 436 26383 80.36 59.55
DDIM | 35 / 223 448 26222 80.08 60.33
Ours 50 | 30% | 212 332 26227 80.27 60.01
DDIM | 25 / 275 495 247.68 79.12 58.88
Ours 50 | 50% | 242 4.86 257.59 79.71 59.41
DDIM | 20 / 346 557 239.18 77.87 58.71
Ours 40 | 50% | 2.79 515 250.84 78.84 59.42
DDIM 14 / 5.84 780 211.13 7396 56.32
Ours 20 | 30% | 4.64 635 22048 75.61 57.81
DDIM 10 / 13.05 14.17 162.22 64.89 51.92
Ours 20 | 50% | 7.36 10.55 197.67 72.14 54.40
DDIM 7 / 37.33 35.02 84.68 4452 47.17
Ours 10 | 30% | 1640 12.72 143.70 61.31 54.17
Large-DiT-7B (256 x256)

DDIM | 50 | / | 216 464 27489 80.87 60.00
DDIM 35 / 229 483 26731 8042 5921
Ours 50 | 30% | 213 449 26737 80.55 60.76
DDIM 25 / 276 536  259.07 79.33 58.76
Ours 50 | 50% | 2.53 546 26526 80.48 58.88
DDIM 20 / 332 6.05 24794 7851 57.78
Ours 40 | 50% | 290 6.01 257.47 79.67 57.97
DDIM 14 / 5.66 880 21850 74.57 55.18
Ours 20 | 30% | 497 730 22099 75.04 57.60
DDIM 10 / 1270 1593 166.66 6527 52.67
Ours 20 | 50% | 7.00 1142 206.57 72.61 55.14
DDIM 7 / 36.57 39.76 84.54 44.69 4744
Ours 10 | 30% | 16.83 22.76 143.14 61.05 50.23

Table 2: Large-DiT model results on ImageNet (cfg=1.5).
Full results included in Table 4 at Appendix A.1.

for various DNN structures. We also integrated other gen-
eral DNN inference optimization methods similar to those
in (Chen et al. 2018; Abadi et al. 2016), including memory
layout and computation graph. Results are obtained using a
smartphone with a Qualcomm Snapdragon 8 Gen 3, featur-
ing a Qualcomm Kryo octa-core CPU, a Qualcomm Adreno
GPU, and 16 GB of unified memory. Each result take 50
runs, with average results reported as variance is negligible.

4.2 Results on ImageNet

We present the results generated with DiT officially released
models compared to DDIM in Table 1. Full results with
more model sizes and lazy ratios are included in Table 5
of Appendix A.l. Due to the addition of lazy learning lay-
ers, the computational cost of our method is slightly higher
than that of DDIM. Our experiments demonstrate that our
method can perform better than the DDIM on DiT models
with 256x256 and 512x512 resolutions. Particularly, for
sampling steps fewer than 10, our method demonstrates a
clear advantage over DDIM at both resolutions, highlighting
the promise of our approach. For larger models with 3B and
7B parameters, we present the results in Table 2. Compared
to the DiT-XL/2 model with 676M parameters, Large-DiT
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Figure 3: Image visualization generated by DiT-XL/2 model
in 256x256 resolution on mobile. Images at the first and
second rows are generated with 10 and 7 sampling steps.
Images at the last row are generated with 30% lazy ratio.

#of | Lazy Latency

Method Step | Ratio TMACs | ISt )
DiT-XL/2 (256 x256)
DDIM | 50 | / | 572 24101 ] 21.62
DDIM | 40 / 4.57 236.26 | 17.47
DDIM | 25 / 2.86 23095 | 11.33
Ours 50 | 50% 2.87 237.03 | 11.41
DDIM | 20 / 2.29 222.87 9.29
DDIM 16 / 1.83 211.30 7.60
Ours 20 | 20% 1.83 227.63 7.67
DDIM 8 / 0.92 118.69 3.87
DDIM 7 / 0.80 91.67 3.54
Ours 10 | 30% 0.80 136.81 3.57
DiT-XL/2 (512x512)

DDIM | 50 | / | 2285 | 20501 | 75.09
DDIM | 40 / 18.29 | 200.24 | 62.64
DDIM | 25 / 1143 | 192.71 | 41.37
Ours 50 | 50% 11.48 | 20093 | 41.51
DDIM 13 / 5.94 156.82 | 23.71
DDIM 10 / 4.57 129.19 | 19.56
Ours 20 | 50% 4.59 160.30 | 19.77
DDIM 9 / 4.10 114.85 | 16.98
DDIM 8 / 3.66 100.75 | 15.69
Ours 10 | 20% 3.67 123.65 | 15.79

Table 3: Latency results on mobile devices with similar task
performance or computation cost compared to the DDIM.

models with a few billion parameters exhibit more redun-
dancy during the diffusion process. Full results for Large-
DiT models are included in Table 4 at Appendix A.l. Ex-
periments demonstrate that at 50% lazy ratio, our method
significantly outperforms the approach of directly reducing
sampling steps with DDIM. We further visualize the im-
ages generation results in Figure 1. We also compare with
other cache-based method Learn2Cache (Ma et al. 2024)
which adopts input independent cache strategy and requires
full training on ImageNet, the results are in Table 7 at Ap-
pendix A.4. For each sampling step, Learn2Cache only has
one cache strategy, whereas our method outperforms it with
less training cost, demonstrating both the effectiveness and
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Figure 4: Visualization for the laziness in MHSA and Feedforward at each layer generated through DDIM 20 steps on DiT-XL.

the flexibility of our method.

4.3 Generation on Mobile

We present the latency profiling results on mobile devices in
Table 3. Our method achieves better performance with less
computation cost compared to DDIM. Additionally, when
computational costs and latency are similar, our method
significantly outperforms DDIM in terms of performance.
Notably, with 10 sampling steps and a 30% lazy ratio,
our method produces significantly higher image quality in
256x256 resolution than the DDIM sampler. Besides, we
visualize the images generated on mobile in Figure 3. The
images in the last row, generated with our method, exhibit
higher quality compared to the second row, which are gen-
erated without the laziness technique under similar latency.
Therefore, our method is especially beneficial for deploying
diffusion transformers on mobile devices, offering a promis-
ing solution for real-time generation on edge platforms in
the future. Meanwhile, the latency results tested on GPUs
are included in Table 6 at Appendix A.2. Our method deliv-
ers much better performance with faster latency on GPUs,
especially when the number of sampling steps are fewer than
10. Moreover, with almost the same latency, our method per-
forms much better than DDIM.

4.4 Ablation Study

Individual Laziness. We perform ablation studies on the
laziness of MHSA and Feedforward modules separately by
regulating the corresponding penalty ratios to determine
the maximum applicable laziness for each, thereby explor-
ing the redundancy within both components. We present
the results generated with DDIM 20 steps on DiT-XL/2
(256 256) in the upper figure in Figure 5. The analysis in-
dicates that the maximum applicable lazy ratio is 30% for
MHSA and 20% for Feedforward modules. The identifi-
cation reveals that applying laziness individually to either
MHSA or Feedforward network is not the most effective
lazy strategy, which motivates us to apply the laziness to
both modules simultaneously in our experiments.

Lazy Strategy. To optimize laziness in both MHSA and
Feedforward modules for optimal performance, we fix the
laziness in one module and regulate the penalty ratio of the
other, varying the lazy ratio from 0% to 40%. Specifically,
we separately fix 30% lazy ratio to MHSA or 20% lazy ra-
tio to Feedforward modules, and analyzed the model perfor-
mance by regulating the lazy ratio of another module with
DDIM 20 steps on DiT-XL/2 (256 x256). The results, as pre-
sented in the lower figure of Figure 5, reveal that the model
achieves optimal performance when the same lazy ratio is

20415

MHSA

Feedforward

Lazy Ratio 10% 20% 30%
240 |

25 24
40%

1119
50%

2] 30 I w/30% MHSA Lazy Ratio

c})o) w/ 20% Feedforward Lazy Ratio |
2220

s}

E 210

8200 I

19

Lazy Ratio 0% 10% 20% 30% 0%
Figure 5: Upper figure: ablation for the generation perfor-
mance with different individual laziness applied to each
module independently. Lower figure: ablation for the gen-
eration performance with variant lazy ratio for one module

and fixed lazy ratio for another module.

applied to both MHSA and Feedforward. Thus, we adopt
the same penalty ratio for both modules in our experiments
to achieve the best performance.

Layer-wise Laziness. To investigate the layer-wise impor-
tance during the diffusion process, we examined the laziness
of each layer over 20 sampling steps with DiT-XL/2 model
in 256 x256 resolution with 8 images. The results, visualized
in Figure 4, illustrate the layer-wise lazy ratio distribution
and highlight key patterns in layer importance. The analy-
sis reveals that, for MHSA, the latter layers are more criti-
cal, whereas for Feedforward layers, the initial layers hold
greater importance. This is evidenced by the decreasing lazy
ratio in MHSA and the increasing lazy ratio in MLP as go-
ing deeper. Moreover, all layers contribute to the process, as
there is no such layer that has a 100% lazy ratio, meaning
no layer is completely bypassed. Therefore, strategies such
as removing layers or optimizing model structure are not ap-
plicable for transformer-based diffusion models.

5 Conclusion and Limitation

In this work, we introduce the LazyDiT framework to ac-
celerate transformer-based diffusion models. We first show
lower bound of similarity between consecutive steps is no-
tably high. We then incorporate a lazy skip strategy inspired
by the Taylor expansion of similarity. Experimental results
validate the effectiveness of our method and we further im-
plement our method on mobile devices, achieving better per-
formance than DDIM. For the limitation, there is additional
computation overhead for lazy learning layers.
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