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Abstract

Diffusion transformers (DiTs) struggle to generate images at resolutions higher than
their training resolutions. The primary obstacle is that the explicit positional encod-
ings (PE), such as RoPE, need extrapolating to unseen positions which degrades
performance when the inference resolution differs from training. In this paper, We
propose a Length-Extrapolatable Diffusion Transformer (LEDIT) to overcome this
limitation. LEDiT needs no explicit PEs, thereby avoiding PE extrapolation. The
key innovation of LEDIT lies in the use of causal attention. We demonstrate that
causal attention can implicitly encode global positional information and show that
such information facilitates extrapolation. We further introduce a locality enhance-
ment module, which captures fine-grained local information to complement the
global coarse-grained position information encoded by causal attention. Experi-
mental results on both conditional and text-to-image generation tasks demonstrate
that LEDiT supports up to 4x resolution scaling (e.g., from 256 x256 to 512x512),
achieving better image quality compared to the state-of-the-art length extrapolation
methods. We believe that LEDiT marks a departure from the standard RoPE-based
methods and offers a promising insight into length extrapolation. Project page:
https://shenzhang2145.github.io/ledit/

Figure 1: Selected arbitrary-resolution samples (5122, 512x256, 256x 512, 3842, 2562, 1282) from

LEDiT-XL/2 trained on ImageNet 256 x256 resolution. LEDIT can generate high-quality images
beyond the limitations of training resolution.
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Figure 2: Diffusion Transformer performs well at the training resolution. However, when extrapolated
to higher resolutions, DiT31], FiT [128,143], and RIFLEx B(Q] suffer notable quality degradation. In
contrast, our LEDIT can generate reasonable and realistic higher-resolution images with ne-grained
details. The class label is 270 (white wolf).

1 Introduction

Diffusion models have emerged as a powerful foundation technique in vision generation tasks.
The architecture of diffusion models has progressed from U-{B&t35] to transformer-based
designs/81[1]. Diffusion Transformers (DiTs) have become state-of-the-art generttii4,[48,(44].
Despite their success, DiTs face critical limitations when generating images at resolutions beyond
those encountered during trainin2g[[42]. As shown in Figure 2, DiTs trained on ImageNé} [

256 256 resolution produce high-quality samples at this scale, but struggle to generalize to higher
resolutions such @12 512 . Due to the expensive quadratic cost of self-attention and the scarcity of
large-scale, high-resolution datasets, models are typically trained at relatively small resolutions. In
practice, many real-world applications, such as high-de nition Im and computer graphics, require
higher-resolution images, presenting a signi cant length extrapolation challenge for current DiTs.

Many studies 33, 39, 32, 23, 28] highlight the importance of positional encoding (PE) in length
extrapolation. Rotary Positional Embeddings (RoPE) pnd its variants, such as NTK-aware
scaling P] and YaRN B2] have been developed to improve the extrapolation ability of language
transformers. In the vision domain, Flexible Vision Transformers (FZB) #3] integrate ROPE

into DiTs to support variable input resolutions. RIFLESO] reduced the intrinsic frequency of
ROPE to alleviate extrapolation issues. Despite these advances, performance still degrades notably
beyond the training resolution (see Figure 2). Since diffusion models are not trained for such
out-of-range positions, this leads to a distribution shift in positional indices and results in out-of-
distribution issuesq]. On the other hand, Recent studi&$,[23, 5] challenge the need of explicit

PE, showing that large language models (LLMs) without PE (NoPE) perform well in in-distribution
settings and even outperform explicit PEs in length extrapolation. The advantage of NOPE lies in
avoiding PE extrapolation, which reduces performance when inference resolution differs from training.
LookHere [L2] removes the positional encoding and carefully designs various combinations of causal
masks, achieving notable success in image recognition. However, directly applying LookHere to
image generation tasks results in severe object duplication (see Figure 15) and fails to yield effective
length extrapolation. Therefore, it remains unclear whether DiTs can similarly bene t from NoPE
for resolution extrapolation. We ask: Can DiTs leverage NoOPE to train at low resolutions and
generalize to higher resolutions?

In this paper, We propose a Length-Extrapolatable Diffusion Transformer (LEDIT), which removes
explicit PE and can generate high-quality images at arbitrary resolutions. A key architectural
modi cation is the adoption of causal attention. We demonstrate that causal attention can implicitly
encode positional information. Speci cally, we provide both theoretical and empirical evidence that
token variance decreases when position increases, providing an implicit ordering (see Section 3.2).
We reveal that this implicit position ordering yields better extrapolation abilities than explicit PEs.
Furthermore, we introduce a negligible-cost multi-dilation convolution as a locality enhancement
module to improve local ne-grained details, complementing the global coarse-grained information
captured by causal attention.

We conduct extensive experiments on both conditional and text-to-image generation tasks to validate
the effectiveness of LEDIT. Notably, LEDIT supports up to #hference resolution scaling while
maintaining structural delity and ne-grained details, outperforming state-of-the-art extrapolation
methods. Moreover, LEDIT can generate images with arbitrary aspect ratios (e.g3%1L2r

512 256) without any multi-aspect-ratio training techniques. We also show that ne-tuning LEDIT



from a pretrained DiT for only 100K steps yields strong extrapolation performance, highlighting its
potential for ef cient integration into existing powerful DiTs. We hope our ndings provide valuable
insights for future research on transformer length extrapolation.

2 Related Work

Diffusion Transformers. Building on the success of DiT3[L, 1], subsequent works such as PixArt-
Alpha [4] and PixArt-Sigma 8] further extend diffusion transformers for higher-quality image
generation. Stable Diffusion 31] and Flux R5] substantially improve the performance of diffusion
transformers by scaling up parameters. Sana [46] focused on fast generation through deep compres-
sion autoencoding and linear attention Despite these advances, most DiTs struggle when inference
resolution differs from training, motivating our exploration of length extrapolation.

Length Extrapolation in Language. Since the introduction of the transformetl], length
extrapolation has remained a signi cant challenge, with positional encoding playing a critical
role [33, 39, 32, 23, 29]. Absolute Positional Encoding (APE3X]] struggles to handle longer
sequences. To address this, ALIBB] modi es attention biases to facilitate length extrapolation.
Rotary Position Embedding (RoPE39] and its extrapolation re nements, including NTK-aware
scaling P] and YaRN B2], further improve length generalization. Adaptive embedding schemes like
Data-Adaptive Positional Encoding (DAPE] and Contextual Positional Encoding (CoPEJ]

have also been explored. In contrast to explicit PEs, N&RPEJ demonstrates that language models
can implicitly encode positional information. We independently observe a similar phenomenon in
diffusion models. Importantly, compared t8[our analysis provides a theoretical proof under more
relaxed assumptions, requiring only nite mean and variance and imposing weaker constraints on
weight matrices. Furthermore, we demonstrate that this implicit positional information bene ts length
extrapolation in diffusion models, which is the main focus of this paper.

Length Extrapolation in Diffusion. Length extrapolation has been extensively studied in diffusion
U-Net architecturesls, 49, 10, 20, 14], but remains largely unexplored in DiTs. RoOPE-Mixdd]
employs rotation-based embeddings for variable image sizes2Bj B8] adopts RoPE, NTK-Aware,

and YaRN in 2D variants for resolution extrapolation. RIFLEBK][analyzes the role of different
frequency components in RoPE and found that reducing the intrinsic frequency can boost length
extrapolation. LookHerell] carefully designs various combinations of causal masks to provide
directional inductive biases. It conducts experiments to demonstrate the extrapolation capabilities
in classi cation tasks. However, directly adapting LookHere to image generation tasks results in
severe object duplication (see Figure 15). Therefore, a comprehensive strategy for high-resolution
extrapolation in diffusion transformers remains elusive. In this work, we address this gap by enabling
DiTs to generate high- delity images at arbitrary resolutions. There are some conceptual similarities
between LEDIT and LookHere. Both LEDIT and LookHere explore causal attention to enhance length
extrapolation. But there are key differences. LEDIT provides a theoretical framework that explains
why causal attention is capable of encoding positional information and enabling length extrapolation.
Moreover, LEDIT combines simple causal attention with multi-dilation convolutions, effectively
mitigating object duplication (see Figure 15) and achieving better extrapolation performance.

3 Method

We rstintroduce some preliminaries about DiTs and causal attention. DiTs is primarily built upon
the ViT [9]. Each DiT block contains a multi-head self-attentidSA), followed by adaptive layer
normalization AdaLN) and a feed-forward networlMLP). Residual connections are applied by
scaling - and °. Givenaninputx 2 R*'WC | the computation of DiT block is as follows:

zo = Flatten(Patchify(x)) + E pos 1)
z2°=MSA(adaLN(z'1 ;tc))+ -z ; 2
z = MLP(adaLN(z%t;c)) + 92% ©))

Causal attention only allows the given position in a sequence to attend to the previous positions, not
to future positions. The causal attention map is:

A = softmax %de +M 4)
k
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(a) DIiT-Sin/Cos PE (b) DIT-ROPE (c) LEDIT

Figure 3: Comparison between DiT-Sin/Cos PE, DiT-RoPE, and our LEDIT. We omit AdaLN for the
sake of simplicity. DiT-Sin/Cos PE is the vanilla DiB]], which incorporates Sinusoidal PE into the
transformer. DiT-RoPE introduces rotary position encoding by rotating the query and key in each
transformer block. In contrast, our LEDIT model does not require explicit position encoding. The
main difference lies in the incorporation of causal attention and convolution after patchi cation.

whereQ 2 R"9 « andK 2 R "9 « are query and keyy is the dimension, anM 2 R"" isa
mask matrix with de nition as follows:
0 ifj i

Mij = ifj>i:

(5)
This ensures attention scores for future tokens are nearly zero after softmax, enforcing strict causality.

3.1 LEDIT Block

The overall architecture of LEDIT is illustrated in Figure 3c. Our LEDIT does not need explicit
PEs. The main modi cations include the use of causal attention and a negligible-cost multi-dilation
convolution. We design LEDIT blocks to alternate between causal attention and self-attention. The
rst LEDIT block uses self-attention, formulated as:

z2°=MSA(adaLN(z'; :tc))+ -z1 ; (6)
z- = MLP(adaLN(z%t;c)) + 9%2% (7)
The subsequent LEDIT block uses causal attention, which can be written as:
z%, =MCA(adaLN(z ;t;c)) + 41 2; 8)
z+1 = MLP(adaLN(Z%, ;te)+ %, 2%, ; (9)

where MCA represents multi-head causal attention. We explore more LEDIT designs in Table 1d.

3.2 Why Causal Attention

Explicit PEs are widely used in transformers, but their performance degrades when extrapolating to
resolutions larger than those seen during training, as shown in Figure 5. To address this limitation,
we attempt to remove explicit PEs to avoid position encoding extrapolation. Prior 2gjrklggests

that causal attention enables better length extrapolation without PEs in LLM. Motivated by this,
we introduce causal attention to diffusion models and further demonstrate that causal attention (i)
implicitly encodes positional information to tokens, and (ii) that such implicit positional encodings
facilitate length extrapolation.



Figure 4: Vary; ) distributions across various timestep (T) and DiT layers (L). Left: variance
distribution at the training resolution (25&56). Right: variance distribution beyond the training
resolution (512 512). Best viewed when zoomed in.

Causal attention implicitly encodes positional information. we formally establish that, under spe-
ci c assumptions, the variance of causal attention output encodes positional information. Speci cally,
we prove the following theorem:

Theorem 3.1. For a Transformer architecture with Causal Attention, assume that the Vaisiei.d.
with mean y and variance \2, Then, the variance of the causal attention outgutat positioni
and dimention | is given by:

2 i1
var(Yi)= g Ut sy V-

(10)

When i is large, we can approximaﬁgll)— % leading to the reasonable approximation

C

Var(Y” ) ﬁ; (11)

where the constantC =22 + 2:

Please refer to Appendix A for the complete proof. This
theorem reveals that, if the conditions are met, the variance
is inversely proportional to the positiorat a rate o%.

We further conduct experiments to verify whether applying
causal attention in DiT can assign different variances to

different positions.

We train a DiT-XL/2 that replaces all self-attention with
causal attention and use it to verify the theorem. Giv
an input sequence 2 R"Y «, causal attention takes
and outputy = (y 1;::¥n) 2 R"® k. We approximate
Var(y; ) using the variance of;. As shown in the left
gures of Figure 4, Vary; ) is inversely proportional to
the position across various timestep and layers. This indicates the existence of causal attention in
DIT that meets the conditions of the theorem. Intuitively, a smalleryan(dicates that its elements

are more concentrated. During training, the neural network can learn to leverage this concentration to
determine token position, thereby implicitly encoding positional ordering. We also observe variance
distribution in the later denoising stage differs from the theorem. To evaluate the impact of this
phenomenon, we conduct experiments with switching from causal attention to self-attention at
different timesteps. Our ndings show that positional information is primarily acquired in the early
denoising stage, and the causal attention with variance deviation in the later denoising stage has
minor effects on extrapolation. See Section C for the discussion.

?:ri]gure 5. Explicit PEs degrade in ex-

trapolation, while causal attention con-
sistently outputs coherent coarse-grained
structures. The class label is 17 (jay).

The implicit positional information facilitates length extrapolation. As shown in the right gures

of Figure 4, when extrapolating to higher resolutions, the variance remains inversely proportional to
the position, consistent with the in-distribution variance distribution. This preservation of implicit
positional ordering enables the model to generalize across larger resolutions, as illustrated in Figure 5.
When scaling the resolution by 4 models with explicit positional encodings exhibit severe structural
degradation, while models with causal attention continue to generate structurally coherent objects.
In addition to providing implicit positional information to tokens, causal attention also acts as

a learnable, global receptive- eld mechanism, which differs from static positional encodings. It
can make predictions based on previous tokens and learn the dependencies between tokens from
large-scale data, which may also enhance the model's ability to extrapolate to higher resolution.



(a) One-Dimension  (b) Mask Lower-right (c) Unmask Neighborhood(d) Mask Lower-right Corner

Figure 6: Comparison of causal attention scan variants. We use variant (d) as our default.

Causal scan variants. We introduce four causal attention scan variants, as depicted in Figure 6
(a) represents the traditional 1D scan used in PixelCH| jvhere each position attends only to
preceding tokens in a attened sequence. To leverage the spatial characteristics of images, we also
consider scanning along both the height and width dimensions and propose (b)—(d). We ablate the
performance of these variants in Table 1b. Variant d is set as our default.

3.3 Locality Enhancement

Although causal attention provides tokens with
global implicit positional ordering, whehis
large, the variance between adjacent tokens be-
comes indistinguishable (see Figure 4), prevent-
ing accurate position information and leading
to blurry images, see Figures 5 and 18a. To
distinguish the relative relationships between
neighborhood tokens, we need to enhance the
local perception abilities of the neural network.
Speci cally, we introduce convolution as a lo-
cality enhancement module. Previous wofk|
replaced the gkv-projector with convolution or
integrated convolution into the MLRLY, 46]

in each transformer block, which signi cantly
increased the model's computational cost. We
nd that adding a convolution after patchi ca-
tion is suf cient, while only increasing ignor-
able overhead. This can be written by slightly
modifying Equation (1):

Figure 7: LEDIT pipeline.

Zo = F|atten(C3;1;]_;1 (Patchify(x))); (12)

whereCy;ps.¢ denotes a convolution Iter with kernel sizg paddingp, strides, and dilationd. Zero
padding is applied, which enables convolution to leak local positional information [21, 47].

Multi-dilation training strategy. Although the generated higher-resolution images are visually
compelling, they often encounter duplicated object artifacts due to the xed receptive elds of
convolutional kernels6]. To mitigate this problem, we adopt a multi-dilation training strategy,
wherein dilation and padding are randomly adjusted during training (see Figure 7). For a standard
convolution lter C3.1.1.1 , we set a probability to expand both its dilation rate and padding siz&,to
transforming it intoCs.,.1.2 . During inference, we empirically nd that xing dilation and padding
aslis suf cient. This strategy trains shared-parameter convolutions with varying receptive elds and
empirically improves extrapolation abilities.

4 Experiments

4.1 Experiment Settings

Model Architecture. For conditional generation on ImageNé},[we use a patch size= 2 and

follow DIiT-XL [ 31] to set the same layers, hidden size, and attention heads for the XLarge model,
denoted by LEDIT-XL/2. For text-to-image generation on COQ6|[We use MMDIT [11] and set

the hidden dimension as 768 and the model depth as 24, following the design in R&Péejhoted

as LEMMDIT. We use the CLIP [34] text encoder to compute text captions.



Table 1: Ablations using LEDIT-XL/2 on 256256 ImageNet. We report FID and IS scores. For
each ablation, we load the pretrained DiT weights and ne-tune LEDIT-XL/2 for 100K iterations.
Default settings are marked gray . See Figure 18 for visualization.

(a) Components ablations. Causal (b) Casual scan variants. (c) Multi-dilation strategy.
attention and convolution are effec- 2D casual scan variants out- LEDIT benets from multi-
tive in length extrapolation. perform 1D variants. dilation strategy.
case FID# I1S" scan FID# IS" case FID# 1S"
NoPE 378.95 3.79 (a) 6249 7825 w/o multi-dila  39.20127.84
+ Cau. 286.01 6.96 (b) 89.77 50.10 w/ multi-dila  35.86 139.91
+ Con. 130.91 28.66 (c) 43.17 116.03
+ Cau. +Con. 35.86 139.91 (d) 35.86 139.91
(d) Block design. The alternating  (e) Multi-dilation probabil- (f) Dilation rate. (2,3) means
order works better than the sequen- ity. LEDIT with a small prob- randomly selecting 2 or 3 as
tial order. ability works better. the rate during training.
order FID# IS" prob FID# IS" dilation FID# IS"
CAL2 +SAL2, 36.81 139.88 0 39.20 127.84 1 39.20127.84
SA,+CAL2 48.65 103.14 0.1 3586 139.91 2 35.86139.91
(CASA) 36.05 143.26 0.2 37.99 135.85 (2,3) 37.24136.23
(SA,CA), 35.86 139.91 0.5 37.56 133.07

Training Details. The experiments are trained on ImageNgtWith 256 256 and 512 512
resolutions, and on COCQ#§] with 256 256 resolution. On ImageNet, We (i) train the randomly
initialized LEDIT for 400K steps or (ii) ne-tune LEDIT for 100K steps. We set the batch size as 256.
On COCO, We follow REPA48] and train LEMMDIT for 200K steps with a batch size of 192. We
use 8 NVIDIA V100 GPUs as default training hardware.

Evaluation Metrics. We primarily use Fréchet Incep-

tion Distance (FID) 18], the standard metric for evaluat-

ing generative models. We additionally report Inception

Score B7], sFID [30], and Precision/Recalby] as sec-

ondary metrics. Without further elaboration, on ImageNet,

we generate 50K samples using 250 DDPM sampling

steps with a classi er-free guidance (CFG) scale of 1.5.

On COCO, we generate 40,504 images (one per caption)

using 50 ODE sampling steps with CFG=2.0. For fair

comparison, all values reported in this paper are obtairggure 8: Visualization of the ablation
by exporting samples and using ADM's TensorFlow evadtudy. The rst row illustrates the ab-

uation suite [7]. lations of the components proposed in

Evaluation Resolution. Compared to previous workg, this paper, while the second row displays
43, this paper tests at more extreme resolutions. Whitl§ ablations of the causal scan vari-
trained on ImageNet 256256, we compare the extrap@nts: The models are trained on 256
olation performance of LEDIT with other methodal[ 226 ImageNet and generate images with
28 43, 50] at 384 384 (2.25 ), 448 448 (about 3), ©12 Sl2resolution. See Figure 18 for
and 512 512 (4 ) resolutions. When trained on ImaMore visualization.

geNet 512 512, we compare LEDIT with other methods

at 768 768 (2.25 ), 896 896 (about 3), and 1024 1024 (4 ) resolutions. Additionally, we
assess performance at different aspect ratios, speci cally 382 (3:2) and 384512 (2:3). On
COCO, extrapolation is evaluated at 51212 (4 ). All token lengths are much longer than those
seen during training. Following the widely adopted practice in transformers, we apply attention
scaling [22] for length extrapolation.

4.2 LEDIT Ablations

In this section, we ablate LEDIT design settings on 2366 ImageNet. We use LEDIT-XL/2 to
ensure that our method works at scale. We evaluate performance by loading DiT pretrained weights
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