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ABSTRACT

We introduce nested diffusion models, an efficient and powerful hierarchical gen-
erative framework that substantially enhances the generation quality of diffusion
models, particularly for images of complex scenes. Our approach employs a series
of diffusion models to progressively generate latent variables at different semantic
levels. Each model in this series is conditioned on the output of the preceding
higher-level model, culminating in image generation. Hierarchical latent variables
guide the generation process along predefined semantic pathways, allowing our
approach to capture intricate structural details while significantly improving image
quality. To construct these latent variables, we leverage a pre-trained visual encoder,
which learns strong semantic visual representations, and apply a series of compres-
sion techniques, including spatial pooling, channel reduction, and noise injection,
in order to control the information capacity at each level of the hierarchy. Across
multiple benchmarks, including class-conditioned generation on ImageNet-1k and
text-conditioned generation on the COCO dataset, our system demonstrates notable
improvements in image quality, as reflected by FID scores. These improvements
incur only slight additional computational cost, as more abstract levels of our
hierarchy operate on lower-dimensional representations. Our method also enhances
unconditional generation, narrowing the performance gap between conditional
generation and unconditional generation that leverages neither text nor class labels.

Figure 1: Our proposed nested diffusion models generate images by employing a series of diffusion
models to estimate hierarchical semantic representations. We illustrate this process using a 3-level
hierarchical system, where images in each row are generated based on the representations of images
outlined with red borders from the previous levels, along with image labels. As the hierarchy
progresses, the similarity between generated images evolves from abstract semantic similarities to
lower-level visual feature similarities.

1 INTRODUCTION

Generative modeling is an unsupervised technique that learns to approximate the distribution of data
and can generate novel samples draws from a simple prior distribution. Significant advances have
been made in generative models, including GANs (Goodfellow et al., 2014), VAEs (Kingma, 2013;
Sønderby et al., 2016; Vahdat & Kautz, 2020; Pervez & Gavves, 2020; Luhman & Luhman, 2022),
diffusion models (Gu et al., 2022; 2023; Zhang et al., 2023; Song et al., 2020), and normalizing flows
(Papamakarios et al., 2021; Abdal et al., 2021; Wang et al., 2022), which have been proven to be
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Figure 2: The diagram presents our proposed nested diffusion model, which constructs a hierarchical
generative model by sequentially utilizing a series of diffusion models to produce target latent
representations, ultimately the generation of �nal images. In the diagram, direction of arrows with
solid gray lines corresponds to generative / backward process, while dotted lines correspond to
how we generate training signals for different levels of the hierarchy. These hierarchical targets are
obtained from visual features that are extracted using a pre-trained, frozen visual encoder. The features
are then post-processed by compressing the representations via spatial pooling, reducing feature
channels through singular value decomposition (SVD), and further compressing the information by
parameterizing the latent features as a Gaussian distribution.

capable of modeling complex real-world images, videos, and language data (Bao et al., 2023; Nichol
et al., 2021; Liu et al., 2024). These models can serve as general-purpose tools for various downstream
applications (Regier et al., 2015; Smith et al., 2022; Lanusse et al., 2021; Zhao & Murphy, 2007;
Osokin et al., 2017; Lopez et al., 2020).

Recent research highlights another promising aspect: the performance of these models can be
enhanced by scaling up the number of model parameters, inspiring subsequent works [] that focus on
building ever-larger models. However, we argue that simply increasing model parameters is not an
effective solution due to the substantial gap between the data distribution and the prior distribution, as
well as the complex, multimodal, and hierarchical nature of real-world data structures, which requires
proper structural model design.

Classical approaches to tackle this problem are hierarchical generative modeling within the variational
Autoencoders (VAEs) framework (Vahdat & Kautz, 2020; Pervez & Gavves, 2020; Takida et al.,
2023), which progressively re�nes the prior distribution through multiple nested generation steps,
enhancing the model's ability to capture complex target distributions. The key to designing such
models lies in constructing progressive hierarchical levels of abstraction to guide the generation
process effectively. While diffusion and autoregressive models (Yu et al., 2022) operate within this
hierarchical framework, their latent variables are typically simple linear transformations of the input
data, limiting their ability to generate suf�cient abstraction and preserve semantic structures at output.

Conditional generative models, which integrate supplementary inputs like text, class labels, audio,
or segmentation maps, demonstrate enhanced generation quality and control compared to their
unconditional counterparts with no external context. The conditional input serves a similar role to
the upper layers in a two-level generative system, offering high-level guidance to the lower-level
generator. However, the scalability of these methods is limited by the availability of such conditional
inputs during training. One example of a two-level system is Latent Diffusion (Rombach et al.,
2022), which transitions the generation process from pixel space to the bottleneck representations of
a VAE (Kingma, 2013), demonstrating improved generation quality through the use of more compact
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