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Abstract. Diffusion and flow matching models have unlocked unprece-
dented capabilities for creative content creation, such as interactive im-
age and streaming video generation. The growing demand for higher
resolutions, frame rates, and context lengths, however, makes efficient
generation increasingly challenging, as computational complexity grows
quadratically with the number of generated tokens. Our work seeks to
optimize the efficiency of the generation process in settings where the
user’s gaze location is known or can be estimated, for example, by using
eye tracking. In these settings, we leverage the eccentricity-dependent
acuity of human vision: while a user perceives very high-resolution vi-
sual information in a small region around their gaze location (the foveal
region), the ability to resolve detail quickly degrades in the periphery of
the visual field. Our approach starts with a mask modeling the foveated
resolution to allocate tokens non-uniformly, assigning higher token den-
sity to foveal regions and lower density to peripheral regions. An image
or video is generated in a mixed-resolution token setting, yielding re-
sults perceptually indistinguishable from full-resolution generation, while
drastically reducing the token count and generation time. To this end, we
develop a principled mechanism for constructing mixed-resolution tokens
directly from high-resolution data, allowing a foveated diffusion model to
be post-trained from an existing base model while maintaining content
consistency across resolutions. We validate our approach through exten-
sive analysis and a carefully designed user study, demonstrating the effi-
cacy of foveation as a practical and scalable axis for efficient generation.
Project website at https://bchao1.github.io/foveated-diffusion/.
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1 Introduction

Interactive image and streaming video generation place strict demands on the
frame rates of emerging diffusion and flow matching models used for this pur-
pose [1,7,8,14,21,27,34,44,62,72,79,85,89,93,94,99]. At the same time, demands
on image resolutions and video frame or context lengths are also growing. How
can we generate an ever-increasing number of tokens at fast frame rates when
the computational complexity of the attention mechanism in modern diffusion
transformers (DiTs) [60] grows quadratically with the token sequence length?
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Fig. 1: Foveated Diffusion. (a) Given user-specified masks and text prompts as in-
put, our method generates foveated content using fewer tokens than full high-resolution
generation, resulting in faster inference while maintaining comparable perceptual qual-
ity. (b, c) Foveated Diffusion is well suited for tasks where salient regions require high-
resolution synthesis, while peripheral regions can be generated at a lower resolution.

Our work builds on an intuitive insight that answers this question: ultimately,
a human observes the generated content, so why not exploit the unique charac-
teristics of the human visual system to generate the content in a computationally
efficient, perceptually motivated manner? Specifically, we build on the concept of
foveation — humans are able to perceive very high-resolution visual information
in a small region around their gaze location (the foveal region) but their ability
to resolve detail rapidly degrades in the visual periphery [2, 86].

With this work, we introduce the concept of Foveated Diffusion and develop a
practical framework for post-training existing image or video generation models
for foveated visual generation. Our framework starts with a foveation mask that
guides the spatial layout of non-uniformly distributed tokens over the image or
video frame that we wish to generate. Our key idea is eccentricity-dependent to-
ken allocation: given a foveation mask that defines the high-acuity foveal region,
we allocate higher token density near the fovea and progressively fewer tokens to-
ward the periphery, enabling spatially adaptive computation aligned with human
perceptual sensitivity. Using a foveated token layout, we follow standard diffu-
sion or flow-matching procedures to generate an image from Gaussian noise and
conditioning text prompts (see Fig. 1); the key difference between Foveated Dif-
fusion and conventional methods is that we operate with a significantly reduced
set of tokens during denoising at all times, achieving substantial computational
savings. We develop a simple yet highly effective mixed-resolution tokenization
scheme, accompanied by a suitable modification of Rotary Positional Embed-
dings (RoPE) [75,88], along with a post-training strategy that transforms high-
resolution pretrained models into foveated generative models. Together, these
contributions establish a principled framework that preserves cross-resolution
content consistency while achieving significant speedup.

Our approach is inspired by foveated rendering [23, 24, 59], a standard tech-
nique widely used in traditional computer graphics. Foveated Diffusion and
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rendering share the idea of leveraging the user’s gaze location and a model
of eccentricity-dependent acuity to reduce computation in the visual genera-
tion process. The key difference is that foveated rendering accelerates modules
of the traditional graphics pipeline, such as the geometry and shading engines,
whereas our approach seeks to achieve similar benefits for modern DiT-based dif-
fusion and flow-matching models. While similar in spirit, these two approaches
to foveated content creation differ substantially in their methods.

In summary, we propose a perceptually motivated framework for computa-
tionally efficient and spatially adaptive image and video generation. Our ap-
proach is backed by an extensive set of evaluations, including a detailed analysis
of the compute–quality trade-off in various settings as well as a user study.
Our key contributions are as follows:

� We introduce of the concept of Foveated Diffusion: a perceptually motivated,
mixed-resolution diffusion algorithm for efficient image and video generation.
� We present a principled approach for tokenization, training, and inference

of DiT-based generative models using spatially adaptive mixed-resolution
tokens, providing cross-resolution content consistency by design.
� We demonstrate significant speedups of up to 2� and 4� for image and

video generation, respectively, while preserving perceptual quality, validated
through a carefully designed user study and visual quality metrics.

2 Related Work

Foveation for Computer Vision and Rendering. Decades of vision research
have shown that visual acuity decreases rapidly with retinal eccentricity, i.e.
distance from the fovea, where spatial resolution is highest [12, 23, 67, 83]. As a
result, the human visual system processes central vision at significantly higher
spatial precision than the periphery.

Real-time rendering systems exploit this eccentricity-dependent resolution of
human vision by allocating higher spatial resolution near the gaze location and
lower resolution in peripheral regions. When combined with real-time eye track-
ing, such foveated rendering systems reduce bandwidth and compute substan-
tially, enabling interactive rendering at a fraction of the full-resolution cost while
maintaining comparable perceptual quality [24,38,52,59,64,74,76,77,84]. More
recently, foveation has been applied to neural rendering and novel view synthe-
sis [15,22,70] to accelerate the rendering of Neural Radiance Fields (NeRFs) [57]
and Gaussian splats [40] for immersive displays. In computer vision and robotics,
foveation has also been used to improve efficiency in neural network architec-
tures or perception tasks [3, 42, 58], such as mixed-resolution tokenization of
vision transformers [26,36,66,68] and robot policy learning [11,41].

However, while foveation has been extensively explored across rendering and
perception pipelines, it has not yet been realized in generative modeling, despite
their increasing capabilities in immersive and interactive visual generation. This
gap motivates the need for a generative framework that can allocate capacity
according to visual eccentricity.
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E�cient Visual Generation. Di�usion models have fundamentally reshaped
visual generative modeling, setting new standards in photorealism, diversity, and
controllability for both images and videos. While early di�usion models lever-
age U-Net backbones [65], Di�usion Transformer (DiT)-based architectures have
emerged as the dominant paradigm for scalable, high-�delity generation [18,45,
49, 60, 81]. However, the computational cost of DiTs is quadratic with respect
to the input token count due to the expensive self- and cross-attention mech-
anisms [80]. This fundamental limitation of transformer architectures severely
constrains context length, leading either to degraded visual consistency under
�xed compute and memory budgets or to prohibitive computational costs for
immersive, high-�delity, long-form generation.

There have been signi�cant e�orts in improving the computational e�ciency
of the attention mechanism, including various attention variants that reduce
the algorithmic complexity [4, 10, 39, 53, 82, 92, 95], hardware-aware optimiza-
tion [13, 91, 98, 100, 101], KV-caching [47, 69], etc. Another orthogonal axis of
research aims to simply reduce the e�ective token count while maintaining
high image quality. Token merging methods [5, 9, 51] identify redundant to-
kens at each layer of a Di�usion Transformer (DiT) and merge similar tokens
according to a prede�ned heuristic or importance metric. While originally de-
veloped for vision transformers in recognition and perception tasks, they have
recently been shown to e�ectively reduce token counts for generative models
as well [6, 20, 25, 43, 50, 56, 87]. Recent training-free mixed-resolution denoising
methods [33, 78, 88] downsample or upsample tokens during the di�usion pro-
cess using �xed importance metrics such as entropy or saliency to reduce token
counts for e�cient generation. However, directly applying standard denoising to
mixed-resolution tokens requires carefully tuned noise schedules and re-noising
strategies to preserve di�usion noise statistics and maintain global content struc-
ture. These procedures are brittle; without them, mixed-resolution generation
leads to structural inconsistencies and cross-scale artifacts, as we demonstrate
in Sec. 4. In addition, existing approaches rely on multi-stage pipelines in which
a low-resolution image �rst establishes global layout, followed by progressive
token upsampling. Such designs complicate the di�usion trajectory and hinder
compatibility with real-time generation and model distillation.

Although all these methods signi�cantly improve e�ciency in visual genera-
tion, they ignore a key characteristic of visual perception: human visual acuity
decreases sharply with eccentricity. These methods focus on reconstructing high-
resolution imagery everywhere and treat all spatial regions uniformly. However,
because generated images are intended for human observers, generation should
be optimized for perceptual relevance rather than uniform pixel �delity. In con-
trast, our Foveated Di�usion pipeline leverages this principle by embedding spa-
tially adaptive token allocation directly into the di�usion process given a prede-
termined foveation mask. By concentrating computation in high-acuity regions
and sparsifying peripheral regions, we depart from uniform-resolution synthesis
and achieve perceptually aligned, computationally e�cient generation.
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3 Method

In this section, we �rst review the basic concepts of foveated rendering in tradi-
tional graphics, as well as standard di�usion and �ow-matching models in Sec.
3.1. We then introduce our Foveated Di�usion framework (Fig. 2) and explain
its tokenization, inference, and training pipelines in Sec. 3.2.

3.1 Preliminaries

Foveated Rendering. Foveated rendering refers to the spatially adaptive com-
putation where computational resources are allocated unevenly across the image
according to a speci�ed user gaze location. Modern real-time graphics systems
leverage eye-tracking to render high-resolution imagery in the foveal regions
while aggressively reducing shading, rasterization, or sampling rates in the pe-
ripheral regions [3,23,24,38,59,84].

Formally, we de�ne a binary foveation mask M 2 f0; 1g H�W constructed
from visual eccentricity, where M(i; j) = 1 denotes high-resolution (HR) regions
near the fovea and M(i; j) = 0 denotes low-resolution (LR) peripheral regions.
The rendering quality is concentrated in the HR region near the �xation point
(center of foveation), and progressively reduced toward the periphery. Most im-
portantly, in foveated rendering, the scene content is unknown a priori and the
foveation mask is known via gaze.

We denote xhigh 2 R3�H�W as the underlying high-resolution content, and
x low 2 R3�(H=d)�(W=d) as the underlying low-resolution content, where d is the
spatial downsampling factor. In this paper, we de�ne d = 2, allowing 4� com-
putational gain in the periphery. During foveated rendering, only pixels (i; j)
with M(i; j) = 1 are synthesized at high resolution from x high (the foveal re-
gion), while pixels with M(i; j) = 0 are synthesized from x low (the peripheral
region). Thus, computation is performed exclusively on the masked regions at
their respective resolutions, rather than producing full high- and low-resolution
renderings. Composing the �nal foveated image in pixel space is simply achieved
by blending, that is:

x fov = M � x high + (1 � M) � Up(x low ); (1)

where Up(�) denotes the spatial upsampling operator, and � denotes elementwise
multiplication.

Di�usion Models. Di�usion models [29,30,73] de�ne a generative process that
gradually transforms samples from an easy-to-sample distribution (i.e. Gaussian)
into data samples via a learned reverse-time process. Modern large-scale di�u-
sion models operate in a compressed latent space to improve computational e�-
ciency [60,65]. Given an image or a video, a variational autoencoder (VAE) [17],
consisting of an encoder E and a decoder D, maps it into a latent representa-
tion z0 2 R c�(h�w) (images) or z0 2 R c�(f �h�w) (videos, with additional frame
dimension f), where the di�usion process is de�ned.
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Flow Matching. Flow matching [55] reformulates di�usion as a continuous-
time optimal transport problem between the data distribution and a simple
prior, usually a Gaussian distribution N (0; I). Instead of learning to predict noise
or score functions, �ow matching learns a velocity �eld that deterministically
transports samples along straight-line paths in latent space.

Speci�cally, given a data sample z0 and a noise sample z1 � N (0; I), the
noise-to-data path is de�ned via a linear interpolation:

zt = (1 � t)z 0 + tz 1: (2)

A neural network v� (zt ; t) is optimized to predict its corresponding velocity �eld:

d
dt

zt = z 1 � z 0; (3)

Therefore, the training objective is to minimize

Ez0 ;z1 ;t

h
kv� (zt ; t) � (z 1 � z 0)k2

2

i
: (4)

At inference time, data samples are generated through sampling z1 and solv-
ing the �ow ODE: d

dt zt = v � (zt ; t). Flow matching yields faster convergence and
more stable training compared to score-based di�usion models.

Almost all modern di�usion and �ow matching models are built on top of
the Di�usion Transformer (DiT) architecture [60]. The computational e�ciency
of such generative models is therefore quadratically related to the number of
tokens processed due to the expensive attention [80] and MLP operations in the
DiT. This motivates our method, which generates images and videos using a
reduced set of tokens where the low-resolution tokens are speci�ed by spatial or
spatiotemporal foveation masks, while preserving perceptual image quality.

3.2 Foveated Di�usion

To achieve true computational savings in foveated visual generation, we intro-
duce Foveated Di�usion, a principled training and generation framework that
enables di�usion or �ow-matching models to directly generate spatially foveated
images and videos with reduced token complexity. We describe our pipeline us-
ing latent-space image generation models here, but this concept applies equally
to video generation models, as can be seen in Sec. 4.

Foveated Tokenization. Let the latent space of a high-resolution image be
Rc�(h�w) . The VAE encodes and patchi�es each image x 2 R3�H�W into a se-
quence of h�w tokens with feature dimension c. Standard DiTs perform training
and generation directly on this full set of h � w tokens. In Foveated Di�usion,
we are given a foveation mask M 2 f0; 1gh�w that speci�es the spatial loca-
tions where high-resolution tokens are retained; meanwhile, peripheral regions
are represented with fewer tokens to reduce the sequence length and computa-
tional complexity. Consequently, we operate entirely in the foveated token space
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Fig. 2: The Foveated Di�usion Pipeline. In Foveated Generation (a), we iteratively
denoise a foveated token sequence of reduced length instead of the full high-resolution
sequence. The resulting tokens zfov

0 are split into high- and low-resolution grids, decoded
by the VAE, and blended using a user-speci�ed foveation mask. We employ Foveated
Training (b) to adapt pretrained DiTs to foveated token sequences using low-rank
adaptation (LoRA) [31]. The image and its downsampled version are independently
encoded by the VAE encoder and merged into a clean foveated token sequence for
�ow-matching training.

Rc�L where the token sequence has a variable length L � h � w. In our setting,
a single low-resolution token represents the spatial area of a 2 � 2 block of high-
resolution tokens. This results in a total sequence length of L = m+(h�w�m)=4,
where m is the number of e�ective tokens in the mask M. This approach directly
parallels foveated rendering in traditional graphics (see Sec. 3.1), where shading
and rasterization are computed asymmetrically based on a user-speci�ed mask
to achieve computational savings.

Foveated Generation. Foveated generation is performed by sampling Gaus-
sian noise zfov

1 � N (0; I) in the foveated token space R c�L at a reduced sequence
length L. The foveated token sequence is then iteratively denoised from t = 1 to
t = 0, producing a clean foveated token sequence zfov

0 2 R c�L . This procedure
can be done in a completely training-free setting using a pretrained generative
model, which we refer to as Naïve Mixed-Resolution Denoising.

To obtain a full-resolution image, we �rst partition the clean foveated token
sequence zfov

0 into high-resolution and low-resolution components:

(zhigh
0 ; zlow

0 ) = Split(z fov
0 ; M): (5)

We then decode each subset separately with the VAE decoder D:

xhigh = D(z high
0 ); x low = D(z low

0 ): (6)

The decoded low-resolution image is spatially upsampled to the original spa-
tial resolution and blended with the high-resolution decoding to form the �nal
image using the upsampled latent foveation mask M0 = Up(M) 2 R H�W :

x fov = M 0 � x high + (1 � M 0) � Up(x low ); (7)

where Up(�) denotes spatial upsampling and � denotes elementwise multiplica-
tion. The full generation pipeline is illustrated in Fig. 2-(a).
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