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Abstract

Lumina-T2X is a nascent family of Flow-based Large Diffusion Transformers
(Flag-DiT) that establishes a unified framework for transforming noise into var-
ious modalities, such as images and videos, conditioned on text instructions. De-
spite its promising capabilities, Lumina-T2X still encounters challenges including
training instability, slow inference, and extrapolation artifacts. In this paper, we
present Lumina-Next, an improved version of Lumina-T2X, showcasing stronger
generation performance with increased training and inference efficiency. We begin
with a comprehensive analysis of the Flag-DiT architecture and identify several
suboptimal components, which we address by introducing the Next-DiT archi-
tecture with 3D RoPE and sandwich normalizations. To enable better resolution
extrapolation, we thoroughly compare different context extrapolation methods ap-
plied to text-to-image generation with 3D RoPE, and propose Frequency- and
Time-Aware Scaled RoPE tailored for diffusion transformers. Additionally, we in-
troduce a sigmoid time discretization schedule to reduce sampling steps in solving
the Flow ODE and the Context Drop method to merge redundant visual tokens for
faster network evaluation, effectively boosting the overall sampling speed. Thanks
to these improvements, Lumina-Next not only improves the quality and efficiency
of basic text-to-image generation but also demonstrates superior resolution extrap-
olation capabilities and multilingual generation using decoder-based LLMs as the
text encoder, all in a zero-shot manner. To further validate Lumina-Next as a versa-
tile generative framework, we instantiate it on diverse tasks including visual recog-
nition, multi-view, audio, music, and point cloud generation, showcasing strong
performance across these domains. By releasing all codes and model weights at
https://github.com/Alpha-VLLM/Lumina-T2X, we aim to advance the de-
velopment of next-generation generative AI capable of universal modeling.

1 Introduction

Scaling diffusion transformers has unveiled significant improvements in text-conditional image and
video generation [15, 14, 31, 35, 62]. Notably, Lumina-T2X [35] introduces flow-based large dif-
fusion transformer (Flag-DiT), which has proven to be a stable, scalable, flexible, and training-
efficient architecture for generative modeling across various data domains. For instance, the use
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Resolution Extrapolation (2K): Inka warrior with a war 
make up, medium shot, natural light, Award winning wildlife.

Resolution Extrapolation (2K): A regal swan glides 
gracefully across the surface of a tranquil lake, its snowy 

white feathers ruffled by the gentle breeze.

𝟏𝟎𝟐𝟒×𝟒𝟎𝟗𝟔
Resolution Extrapolation (Panorama): The majestic Eiffel Tower standing tall against the Parisian skyline at dusk..

Multi-view: Elegant figurine of a girl with blue hair, wearing a golden dress and headpiece.        
Audio: A dreamy and trippy instrumental jam with an easygoing and mellow single electric guitar playing a simple tune, 
accompanied by a guitar solo, echo, and effect peda.        Point Cloud: A blue chair with long red chair legs.

Figure 1: As a foundational generative framework, we demonstrate Lumina-Next’s capabilities to
generate high-resolution images, multi-view images, general audio and music, and 16K point clouds.

of advanced normalization techniques like KQ-Norm and RMSNorm enable stable mixed-precision
training when scaling Lumina-T2X to a 5B Flag-DiT with a 7B LLaMA [80]. Besides, the flow
matching framework and Rotary Position Embedding (RoPE) unlock the potential of Lumina-T2X
to generate data with arbitrary resolutions, aspect ratios, and durations during sampling. While
Lumina-T2X achieves superior visual aesthetics quality with remarkably low training resources, it
suffers from weak image-text alignment, slow inference, and extrapolation artifacts due to inade-
quate training, insufficient training data, and inappropriate context extension strategy.

To fully unleash the potential of scaling diffusion transformers for generative modeling, we present
the next generation of Lumina-T2X, Lumina-Next with improved architecture, scaled dataset, op-
timized sampling techniques, and better context extrapolation strategy, all of which make Lumina-
Next stronger and faster. Specifically, the key improvements of Lumina-Next are listed as follows:

Architecture of Next-DiT We revisit the architecture design of Flag-DiT and find suboptimal com-
ponents for scalable generative modeling in the visual domain. First, we replace the 1D RoPE with
3D RoPE to eliminate the inappropriate positional priors to model images and videos using the at-
tention mechanism. We further remove all learnable identifiers in Flag-DiT, such as [nextline]
and [nextframe], since our 3D RoPE already provides sufficient 3D positional information. Next,
we task an in-depth analysis of the instability during both training and sampling and find it stems
from the uncontrollable growth of network activations across layers. Therefore, we introduce the
sandwich normalization block [25] in attention modules, which is proven to effectively control the
activation magnitudes. Additionally, we employ the Grouped-Qurey Attention [4] to reduce com-
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putational demand especially when generating high-resolution images. The improved architecture
of Next-DiT is validated on the ImageNet-256 benchmark, demonstrating a faster convergence rate
compared to both Flag-DiT and SiT [59].

Frequency- and Time-Aware Scaled RoPE Inspired by the recent progress of context extrapola-
tion in LLMs [18, 1, 64], Lumina-T2X directly applies NTK-Aware Scaled RoPE to generate higher
resolution images thanks to the design of 1D RoPE. However, a comprehensive analysis of using 3D
RoPE for length extrapolation in the vision domain is still lacking, especially tailored for diffusion
and flow models. To bridge this gap, we first conduct a holistic comparison between existing extrap-
olation methods applied to text-to-image diffusion transformers, including Position Extrapolation,
Position Interpolation [18], and NTK-Aware Scaled RoPE [1]. We rethink the relationship between
the encoding frequency in RoPE and the generated content and propose a Frequency-Aware Scaled
RoPE, significantly reducing content repetition during extrapolation. Furthermore, considering the
difference between the auto-regressive generation of LLMs and the time-aware generation process
with fixed sequence length in diffusion models, we propose a novel Time-Aware Scaled RoPE for
diffusion transformers to generate high-resolution images with global consistency and local details.

Optimized Time Schedule with Higher-Order Solvers In contrast to various time sched-
ules [61, 74, 42] and advanced SDE/ODE solvers [53, 54, 26, 42, 81] in diffusion models, most flow
models [45, 50, 31] still adopts Euler’s method with uniform time discretization during sampling.
SiT [59] conducts a preliminary exploration of using different diffusion schedules and higher-order
ODE solvers on the ImageNet benchmark. In this work, we demonstrate that existing diffusion
schedules are not suitable for flow models and propose novel time schedules tailored for flow mod-
els to minimize discretization errors. We further combine the optimized schedules with higher-order
ODE solvers, achieving high-quality text-to-image generation samples within only 5 to 10 steps.

Time-Aware Context Drop To reduce the network evaluation time of each single step, we propose
dynamically merging latent tokens to reduce redundancy in attention blocks. Different from the
complex merge-and-unmerge algorithm in Token Merging [9], we employ a simple average pooling
for keys and values to aggregate similar context tokens in spatial space. Additionally, we augment
this Context Drop with time awareness to align with the dynamic sampling process of diffusion
models. The resulting Time-Aware Context Drop is validated to effectively enhance inference speed
while maintaining visual quality, achieving a 2� inference-time speed up in 1K resolution image
generation. When integrated with advanced attention inference techniques like Flash Attention [22],
our method further improves inference speed of generating ultra-high resolution images.

By composing all improvements over Lumina-T2X, we reach Lumina-Next. Our Lumina-Next,
featuring a 2B Next-DiT and Gemma-2B as text encoder, achieves better text-to-image generation
compared to Lumina-T2X with a 5B Flag-DiT and LLaMA-7B [80] as text encoder, while signif-
icantly reducing training and inference costs. Unlike previous models [67, 65, 31, 15, 14] that
rely on CLIP [66] or T5 [20], Lumina-Next demonstrates strong zero-shot multilingual ability with
LLMs as text encoder. Moreover, equipped with improved architecture and the proposed inference
techniques, Lumina-Next can achieve tuning-free 2K and few-step generation. We also show that
Lumina-Next’s framework can be easily extended to other modalities with excellent performance,
demonstrating that Lumina-Next is a unified, versatile, powerful, and efficient framework for genera-
tive modeling. All codes and checkpoints of Lumina-Next are released. We hope the reproducibility
of Lumina-Next can foster transparency and innovations in the generative AI community.

2 Improving Lumina-T2X

2.1 Architecture of Next-DiT

In Lumina-T2X [35], Flag-DiT serve as the core architecture with flow matching formulation, en-
suring training stability and scalability for larger models. In this section, we propose Next-DiT, an
improved version of Flag-DiT with the following key modifications. The comparison of detailed
architectures of Next-DiT and Flag-DiT can be found in the Appendix B.1.

Replacing 1D RoPE and Identifiers with 3D RoPE Flag-DiT replaces absolute positional embed-
ding (APE) with RoPE to enable flexibility of extrapolating to unseen resolution during training.
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(a) (b)
Figure 2: Visualization of attention score using (a)
1D RoPE and (b) 2D RoPE on images. We set the
central point in the image as the anchor query.

It further introduces learnable tokens includ-
ing [nextline] and [nextframe] as identi-
fiers to model images and videos with differ-
ent aspect ratios and durations. We discov-
ered that 1D RoPE is a lossy representation to
encode accurate spatial-temporal positions and
the learnable identifiers introduce additional de-
sign complexity, all of which can be simplified
to 3D RoPE without losing any information.

Specifally, Lumina-T2X encode input from dif-
ferent modalities into latent frames of shape
[H; W; T; C], where T = 1 for images, T =
numframes for videos, and T = numviews for
multi-view images. Then, 1D RoPE is applied
to the flattened 1D token sequences, which is formulated as follows given the m-th query and n-th
key qm; kn 2 Rdhead :

~qm = f(qm; m) = qmeim�; ~kn = f(kn; n) = knein�; (1)

where � = Diag(�1; :::; �dhead=2
) is the frequency matrix. However, 1D RoPE directly treats flattened

frame tokens as 1D language sequences, discarding the spatial and temporal relations between dif-
ferent positions. As shown in Figure 2(a), when applying 1D RoPE to the 2D images, the resulting
long-term decaying property is obviously incorrect for the 2D scenario. Inspired by recent works
that introduce 2D RoPE in the image domain [55, 32], it is natural to extend the original 1D RoPE to
3D RoPE for spatial-temporal modeling. We divide the embedding dimensions into three indepen-
dent parts and calculate positional embedding for the x-axis, y-axis, and z-axis separately. Given
then 3D coordinates of the m-th query and n-th key, the 3D RoPE is defined as:

~qm = f(qm; tm; hm; wm) = qm[eitm�t k eihm�h k eiwm�w ];

~kn = f(kn; tn; hn; wn) = kn[eitn�t k eihn�h k eiwn�w ];
(2)

where �t = �h = �w = Diag(�1; :::; �dhead=6) is the divided frequency matrix for each axis and k
denotes concatenating complex vectors of different axes at the last dimension. The attention scores
with 3D RoPE are calculated by taking the real part of the standard Hermitian inner product:

Re[f(qm; tm; hm; wm)f∗(kn; tn; hn; wn)]

= Re[qmk∗
nei�t(tm−tn) k qmk∗

nei�h(hm−hn) k qmk∗
nei�w(wm−wn)];

(3)

where Re[�] denotes the real part of complex numbers and ∗ indicates complex conjugates.

With the introduction of 3D RoPE, we provide a unified and accurate spatial-temporal representa-
tion of positional encoding for different modalities, without the need to add extra learnable tokens
such as [nextline] and [nextframe] to indicate the row, column, and frame index. Our 3D
RoPE also incorporates the 2D RoPE formulation since it naturally becomes 2D RoPE when ap-
plied to images with only 1 frame. Figure 2 shows the 2D RoPE assigns high attention scores to
positions within the same row and column, which is a natural prior for images. Furthermore, our
decoupled implementation of 3D RoPE on spatial and temporal axes better unlocks the potential for
length extrapolation when combined with inference-time techniques mentioned in Section 2.2. We
demonstrate the superior zero-shot extrapolation results with arbitrary resolutions in Section 3.1.

Controling Magnititude of Network Activations To stabilize the training process when scaling
up model size and token length, Lumin-T2X replaces all LayerNorm with RMSNorm and add QK-
Norm before key-query dot product attention computation. Though effective to some extent, this
recipe is insufficient for stabilizing the training of extremely large diffusion transformers on long
sequences. A closer examination of the Flag-DiT architecture reveals the presence of long signal
paths without any normalization due to the residue structure of attention and mlp layers. We argue
that these unnormalized paths appeared in many diffusion transformer architectures [63, 15, 59]
can accumulate signal values across layers, causing uncontrollable growth of network activations,
especially in deeper layers. We validate this hypothesis by visualizing the evolution of activation
magnitudes over different depths of the text-to-image model using 500 random samples at different
timesteps, as shown in Figure 3. What’s worse, the uncontrollable network activations not only lead
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Figure 3: Sandwich normaliza-
tion effectively controls activa-
tion magnitudes over layers.

Figure 4: Discretization errors
and local curvatures grow at
the start and end of sampling.

Figure 5: Next-DiT converges
faster than SiT and Flag-DiT in
terms of FID and IS.

to an unstable training process but also deteriorate the sampling process. Particularly for resolution
extrapolation, small errors in the early layers or sampling steps are amplified in subsequent layers
or steps. These compounding errors gradually cause extremely out-of-distribution inputs for the
network, leading to failure in generated samples.

Therefore, we propose a simple yet effective approach that adds RMSNorm both before and after
each attention and mlp layer. The modified architecture is equivalent to using the sandwich nor-
malization [25] in transformer blocks. Importantly, both pre-norm and post-norm are placed before
the scale operation in AdaLN-Zero to prevent normalizing an all-zero tensor at the start of training,
which is caused by the zero-initialized scale parameter in AdaLN-Zero. However, after the scale
operation, the activation magnitudes still cannot be preserved. We further add a tanh gating to the
second scale prediction after post-norm to prevent extremely large modulation values from contribut-
ing to the residual branch. With all these efforts including the original QK-Norm in Flag-DiT, we
effectively control both then input and output activation magnitudes of each attention and mlp layer,
as validated in Figure 3.

Experiments on ImageNet To quantitatively assess the effects of Next-DiT with the above im-
provements, we conduct experiments on the label-conditional ImageNet-256 benchmark. We fol-
low the training setups and evaluation protocols of SiT [59] and Flag-DiT [35]. As depicted in
Figure 5, Next-DiT converges significantly faster than both Flag-DiT and SiT evaluated by FID
and Inception Score (IS). This observation confirms that the improved design of Next-DiT can en-
hance its fundamental generative capabilities. Additionally, we ablate the effectiveness of long-skip
connections[6] designed to provide shortcuts for low-level features. Unfortunately, long-skip con-
nections lead to training instability and significantly worsen the performance of Next-DiT. Therefore,
Next-DiT chooses to not incorporate long-skip connection.

2.2 Improving NTK-Aware Scaled RoPE with Frequency- and Time-Awareness

In the large language models (LLMs) community, tuning-free or few-shot tuning length extrapola-
tion is a popular focus currently and has been thoroughly analyzed, e.g., position interpolation [18],
NTK-Aware Scaled RoPE [1], YaRN [64], etc. In Lumina-T2X, due to the adoption of 1D RoPE
same as LLMs, NTK-Aware Scaled RoPE has been directly applied to achieve a certain degree of
resolution extrapolation. In Lumina-Next, we further investigate the effects of different length ex-
trapolation methods on 3D RoPE for the first time. Based on our findings, we introduce frequency-
and time-awareness grounded in NTK-Aware Scaled RoPE, resulting in novel Frequency-Aware
Scaled RoPE and Time-Aware Scaled RoPE targeted to the visual generation task. In Figure 6 (a),
we demonstrate the wavelength of each dimension of the RoPE embedding under different extrapo-
lation techniques with a toy setting of b = 5, hhead = 24, and T = H = W = 16.

Revisiting NTK-Aware Scaled RoPE 3D RoPE encodes position information of each axis using
a frequency matrix � = Diag(�1; � � � ; �d; � � � ; �dhead=6) with �d = b−6d=dhead , where b is the rotary
base. When we want to perform a s times resolution extrapolation, the most straightforward way
is encoding unseen positions with no change of RoPE, known as Position Extrapolation. How-
ever, these unseen positions will directly confuse the model’s spatial understanding, leading to the
generation of unreasonable or repetitive content (refer to Figure 6 (c)).
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