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Figure 1: (+1) Images generated by MDM at 642, 1282, 2562, 5122 and 10242 resolutions using
the prompt “a Stormtrooper Matryoshka doll, super details, extreme realistic, 8k”; («+]) 1 and 16
frames of 642 video generated by our method using the prompt “pouring milk into black coffee”; All
other samples are at 10242 given various prompts. Images were resized for ease of visualization.

ABSTRACT

Diffusion models are the de-facto approach for generating high-quality images
and videos but learning high-dimensional models remains a formidable task due
to computational and optimization challenges. Existing methods often resort to
training cascaded models in pixel space, or using a downsampled latent space
of a separately trained auto-encoder. In this paper, we introduce Matryoshka
Diffusion (MDM), a novel framework for high-resolution image and video synthe-
sis. We propose a diffusion process that denoises inputs at multiple resolutions
jointly and uses a NestedUNet architecture where features and parameters for
small scale inputs are nested within those of the large scales. In addition, MDM
enables a progressive training schedule from lower to higher resolutions which
leads to significant improvements in optimization for high-resolution generation.
We demonstrate the effectiveness of our approach on various benchmarks, in-
cluding class-conditioned image generation, high-resolution text-to-image, and
text-to-video applications. Remarkably, we can train a single pixel-space model at
resolutions of up to 1024 x 1024 pixels, demonstrating strong zero shot generaliza-
tion using the CC12M dataset, which contains only 12 million images. Code and
pre-trained checkpoints are released at https://github.com/apple/ml-mdm.

1 INTRODUCTION

Diffusion models (Sohl-Dickstein et al., 2015; Ho et al., 2020; Nichol & Dhariwal, 2021; Song et al.,
2020) have become increasingly popular tools for generative applications, such as image (Dhariwal
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& Nichol, 2021; Rombach et al., 2022; Ramesh et al., 2022; Saharia et al., 2022), video (Ho et al.,
2022c;a), 3D (Poole et al., 2022; Gu et al., 2023; Liu et al., 2023b; Chen et al., 2023), audio (Liu
etal., 2023a), and text (Li et al., 2022; Zhang et al., 2023) generation. However scaling them to high-
resolution still presents signi cant challenges as the model must re-encode the entire high-resolution
input for each step (Kadkhodaie et al., 2022). Tackling these challenges necessitates the use of deep
architectures with attention blocks which makes optimization harder and uses more resources.

Recent works (Jabri et al., 2022; Hoogeboom et al., 2023) have focused on e cient network archi-
tectures for high-resolution images. However, none of the existing methods have shown competitive
results beyon®12 512 and their quality still falls behind the main-stream cascaded/latent based
methods. For example, DALL-E 2 (Ramesh et al., 2022), IMAGEN (Saharia et al., 2022) and eDi -

| (Balaji et al., 2022) save computation by learning a low-resolution model together with multiple
super-resolution di usion models, where each component is trained separately. On the other hand,
latent di usion methods (LDMs) (Rombach et al., 2022; Peebles & Xie, 2022; Xue et al., 2023)
only learn low-resolution di usion models, while they rely on a separately trained high-resolution
autoencoder (Oord etal., 2017; Esser etal., 2021). In both cases, the multi-stage pipeline complicates
training & inference, often requiring careful tuning of hyperparameters.

In this paper, we present Matryoshka Di usion Models (MDM), a novel family of di usion models
for high-resolution synthesis. Our main insight is to include the low-resolution di usion process
as part of the high-resolution generation, taking similar inspiration from multi-scale learning in
GANSs (Karras et al., 2017; Chan et al., 2021; Kang et al., 2023). We accomplish this by performing
a joint di usion process over multiple resolution using a Nested UNet architecture ( (see Fig. 2 and
Fig. 3). Ourkey nding isthat MDM, together with the Nested UNets architecture, enables 1) a multi-
resolution loss that greatly improves the speed of convergence of high-resolution input denoising
and 2) an e cient progressive training schedule, that starts by training a low-resolution di usion
model and gradually adds high-resolution inputs and outputs following a schedule. Empirically, we
found that the multi-resolution loss together with progressive training allows one to nd an excellent
balance between the training cost and the model's quality.

We evaluate MDM on class conditional image generation, and text conditioned image and video
generation. MDM allows us to train high-resolution models without resorting to cascaded or latent
di usion. Ablation studies show that both multi-resolution loss and progressive training greatly boost
training e ciency and quality. In addition, MDM yield high performance text-to-image generative
models with up tdl024 resolution, trained on the reasonably small CC12M dataset. Lastly, MDM
generalize gracefully to video generation, suggesting generality of our approach.

2 Diffusion Models

Di usion models (Sohl-Dickstein et al., 2015; Ho et al., 2020) are latent variable models given
a pre-de ned posterior distribution (named the forward di usion process), and trained with a de-
noising objective. More speci cally, given a data point2 RN and a xed signal-noise schedule

..........

a(zijx) = N(z; 1x; {1); andq(zijzs) = N (ze; gsZsi g6l ); (1)
wherezp = X, s = (= s tzjs = 2 tzjs 2, s < t. By default, the signal-to-noise ratio

(SNR, 2= 2) decreases monotonically with t. The model then learns to reverse the process with a
backward modeb (z; 1jz:), which can be re-written as a denoising objective:

L =Bt mrgze g Mo Kx (Zot) xK

wherex (z;;t) is a neural network (often a variant of a UNet model (Ronneberger et al., 2015))
that maps a noisy input; to its clean versiorx, conditioned on the time step !y 2 R* is a

loss weighting factor determined by heuristics. In practice, one can reparameteridth noise-

or v-prediction (Salimans & Ho, 2022) for improved performance. Unlike other generative models
like GANs (Goodfellow et al., 2014), di usion models require repeatedly applying a deep neural
network x in the ambient space as enough computation with global interaction is critical for
denoising (Kadkhodaie et al., 2022). This makes it challenging to design e cient di usion models
directly for high-resolution generation, especially for complex tasks like text-to-image synthesis. As
common solutions, existing methods have focused on learning hierarchical generation:
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