Infinite Gaze Generation for Videos with
Autoregressive Diffusion

Jenna Kang?!, Colin Groth!, Tong Wu?, Finley Torrens®, Patsorn Sangkloy?,
Gordon Wetzstein?, and Qi Sun'!

! New York University, New York, NY, USA
jennakang@nyu.edu, c.groth@yu.edu, f£t2377@nyu.edu,
patsorn.sangkloy@gmail.com, gqisun@nyu.edu
2 Stanford University, Stanford, CA, USA
wutongl6.thu@gmail.com, gordonwz@stanford.edu

Abstract. Predicting human gaze in video is fundamental to advanc-
ing scene understanding and multimodal interaction. While traditional
saliency maps provide spatial probability distributions and scanpaths of-
fer ordered fixations, both abstractions often collapse the fine-grained
temporal dynamics of raw gaze. Furthermore, existing models are typi-
cally constrained to short-term windows (& 3-5s), failing to capture the
long-range behavioral dependencies inherent in real-world content. We
present a generative framework for infinite-horizon raw gaze prediction
in videos of arbitrary length. By leveraging an autoregressive diffusion
model, we synthesize gaze trajectories characterized by continuous spa-
tial coordinates and high-resolution timestamps. Our model is condi-
tioned on a saliency-aware visual latent space. Quantitative and qualita-
tive evaluations demonstrate that our approach significantly outperforms
existing approaches in long-range spatio-temporal accuracy and trajec-
tory realism. Project website: https://www.immersivecomputinglab.
org/publication/infinite-gaze/|
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1 Introduction

Modeling human visual attention through spatial saliency and temporal scan-
paths is vital for scene understanding, enabling applications from foveated ren-
dering [394/60| to intention-aware robotics [29./62]. However, the systematic collec-
tion of high-fidelity gaze data is hindered by expensive hardware requirements,
cumbersome calibration, and privacy constraints. This data scarcity necessitates
generative methods capable of synthesizing plausible, realistic gaze behavior. By
leveraging a latent world model to understand evolving environmental dynamics,
such approaches can move beyond static maps to produce continuous, infinite-
horizon trajectories that accurately reflect human visual engagement with the
world.


https://www.immersivecomputinglab.org/publication/infinite-gaze/
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Existing gaze prediction models generally fall into two categories: static
saliency maps, which provide time-independent spatial probability distributions
[21,/51], and scanpaths, which discretize eye movements into sequences of fix-
ations [25,[31]. While these abstractions are effective for images, they often
collapse the high-frequency temporal dynamics of raw eye-tracking data and
struggle to represent smooth pursuit in video. Furthermore, current models are
typically constrained to short-term viewing windows ( 3-5s), failing to capture
the long-range behavioral dependencies found in real-world, long-form content.
These limitations prevent existing methods from synthesizing the continuous,
infinite-horizon gaze trajectories required for deep scene understanding and re-
alistic dynamic interaction.

Inspired by recent advances in video world models that generate content
in a causal manner [12,/41}/53], we process video sequences frame-by-frame to
synthesize gaze data autoregressively. Our approach predicts gaze for the current
frames by conditioning on visual context, as well as the history of previously
generated gaze coordinates. Notably, recognizing that visual saliency is a stronger
prior than general visual features for inducing eye movements, we introduce the
idea of applying saliency-aware latents to encode visual frame information. This
causal formulation ensures temporal continuity and allows the model to act
as a latent world model, capable of generating realistic, infinite-horizon gaze
trajectories that remain grounded in the evolving scene dynamics.

Through extensive quantitative evaluations, qualitative analysis, and human
subject studies, we demonstrate that our approach significantly advances the
state-of-the-art in generating accurate and human-like spatio-temporal gaze tra-
jectories for videos of arbitrary length. Our results confirm that the model ef-
fectively maintains long-range consistency while capturing the nuanced, high-
frequency dynamics characteristic of real human vision. We envision this re-
search establishing a new frontier in synthesizing natural human behaviors by
leveraging the power of emerging autoregressive world models. To this aim, we
will release our code and models upon acceptance.

2 Related Work

2.1 Scanpath Generation for Images

Visual attention acts as the selective mechanism that determines which parts of a
scene humans prioritize |26]. Early computational models focused on predicting
spatial saliency, estimating which regions of an image are most likely to attract
human gaze |5H7.23|. However, saliency maps ignore the temporal structure of
eye movements and do not capture the order or timing of fixations, which are
fundamental aspects of human visual behavior.

To address this limitation, researchers formulated the problem as scanpath
prediction, modeling eye movements as sequences of discrete fixations [27,[31].
Early deep learning approaches used Recurrent Neural Networks (RNNs) to
capture dependencies between successive fixations |2}|10}/49,59]. More recently,
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Transformer-based architectures have achieved state-of-the-art performance by
better modeling long-range spatial and temporal dependencies in scanpath se-
quences [16}37,55L(56].

Despite these advances, representing gaze as discrete fixation sequences sim-
plifies the rich dynamics present in raw eye-tracking data. To better capture
fine-grained eye movement behavior, recent work has explored continuous gaze
trajectory generation. For example, DiffEye [|25] formulates gaze prediction as
a diffusion process that generates fine-grained gaze trajectories conditioned on
patch-level visual features, grounding the predicted gaze coordinates in the se-
mantic structure of natural images.

2.2 Scanpath Modeling in 360-Degree Content

Modeling gaze behavior in immersive environments introduces additional chal-
lenges due to spherical geometry and the wider field of view. Several works
extend scanpath prediction methods to 360-degree images, where gaze trajecto-
ries are represented as fixation sequences on a spherical panorama. For example,
ScanDMM |[48| is a probabilistic deep Markov model that generates realistic
variable-length 3D scanpaths on panoramic images by modeling time-dependent
attention dynamics and visual working memory. ScanGAN360 [32] uses a con-
ditional generative adversarial network to synthesize human-like 3D scanpaths
on 360-degree images using adversarial training with a DTW-based loss. Simi-
larly, PathGAN |2| generates plausible fixation sequences by learning the joint
distribution of fixation locations and their temporal order conditioned on an in-
put image and its saliency map. More recently, diffusion-based approaches have
also been applied to immersive content. DiffGaze [22] generates gaze trajectories
on 360-degree images using a diffusion model conditioned on a global spherical
feature representation obtained through spherical convolution.

In the case of 360-degree videos, many works focus on predicting viewer head
motion or viewport trajectories rather than true eye movements. These methods
treat gaze as spatiotemporal points on the spherical panorama corresponding to
the user’s viewport or head orientation. For example, Xu et al. [54] predict future
gaze directions in 360-degree video sequences, while other works predict saliency
or viewing patterns to optimize adaptive video streaming [35.[36]. Transformer-
based models such as VPT360 [8] forecast future viewport trajectories using
past viewing history, while diffusion-based approaches such as ScanTD [52] gen-
erate plausible future scanpaths by denoising sequences of spherical fixation
points. Other methods formulate panoramic video scanpath prediction as an
information-theoretic problem [30] or incorporate multimodal signals such as
motion [63].

However, these 360-degree video approaches all rely on viewport or head-
orientation signals rather than high-frequency eye-tracking trajectories. As a
result, they are not directly comparable to datasets that record fine-grained 2D
eye movements in conventional RGB videos.
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(a) Training process. (b) Inference process.

Fig. 1: Our training and inference pipelines. The input of each iteration consists of
the n-dimensional input vector with gaze history (GT) and noise for future prediction,
and video frames corresponding to the prediction window. During inference, the gaze
history of this input vector is lled with former predictions in an autoregressive manner.
Video latents are generated frame-by-frame with a modi ed version of UNISAL. The
blue boxes indicate our modi cations, while the orange boxes indicate the original
architecture. The low-dimensional video latents are processed by the U-Net with cross-
attention at each block.

2.3 Autoregressive Diusion and World Models

Full-sequence di usion models have demonstrated remarkable success in gener-
ating complex and high-dimensional data such as images [17, 40, 44,47], videos
[18, 38, 45], and continuous planning [13, 20]. However, they are typically con-
strained to xed-length windows and struggle with variable-length generation.
To unify the sequential exibility of autoregressive next-token prediction with
continuous di usion, Di usion Forcing [9] introduces a training paradigm that
trains causal models to denoise future tokens while conditioning on a clean or
partially noised past, stabilizing continuous long-horizon rollouts. This autore-
gressive di usion paradigm has been particularly impactful in the development
of generative world models, which require continuous, long-term predictions of
physical environments and spatial trajectories. However, while these emerging
models focus on generating long and variable-length videos [58], consistent envi-
ronments [53], or autonomous agent actions [61], our work redirects this autore-
gressive di usion paradigm toward modeling human eye movement reactions to
the dynamic world.

3 Method

3.1 Problem Formulation

Let a video stimulus be represented as a sequence of RGB frames V =8, ;
Il 2RHW3  whereT denotes the number of frames, our goal is to perform gaze
prediction R 2 RT 2 . The gaze prediction at each timestep is a two-dimensional
coordinate x;y, representing the spatial location in the frame. Following Di Eye
[25], we model gaze prediction as learning a conditional generative model (R j
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V) using a denoising di usion probabilistic model (DDPM), which approximates
the conditional distribution of gaze trajectories.

We further extend the gaze generator to operate in an autoregressive manner
by introducing a historical gaze cache, with a subsequence of previously observed
gaze coordinates. The historical sequence is concatenated before the predicted
gaze trajectory to encourage temporal continuity and smooth transitions.

3.2 Model Architecture

As shown in Figure 1, we follow Di Eye [25] and adopt the same U-Net-based
di usion backbone as the noise prediction network. The model consists of hierar-
chical 1D convolutional blocks with multi-scale self-attention, and is conditioned
on the di usion timestep via sinusoidal embeddings. To extend the framework
from static images to potentially in nite video sequences, we introduce two key
modi cations. First, we reformulate gaze generation in an autoregressive man-
ner, allowing the model to iteratively predict future gaze trajectories conditioned
on previously generated gaze coordinates. Second, due to the signi cantly larger
information content in videos compared to images, we design an e ective stim-
ulus conditioning mechanism to make use of saliency latents and compress
and aggregate temporal visual information before injecting it into the di usion
backbone.

Autoregressive Generation We adopt an autoregressive formulation similar

to prior video diusion models. Given a video sequence of length n, the rst
k gaze coordinates serve as conditional pre x, while the remaining n k coor-
dinates are generated. During training, the windows of length k are randomly
sampled from the ground-truth segments. The model conditions on the historical
gaze pre X Ry and predicts the future gaze sequence R1.n . The di usion loss

is computed only on the predicted segment. At inference time, the model itera-
tively uses the most recent k generated gaze coordinates as conditioning input
to predict subsequent gaze points, thereby enabling long-horizon autoregressive
gaze generation. Following prior measurements of visual working-memory loss
over 16 s [43], we chose k = 90-frames (3 s) history as a midpoint balancing
temporal context, noise, and compute cost.

Stimuli Conditioning To handle continuous video streams, an e ective con-
ditioning mechanism is crucial. Compared to static images, videos contain sig-
ni cantly larger information volume, making direct RGB conditioning ine cient

and computationally expensive. We therefore emphasize information compres-
sion as a key design principle.

Instead of conditioning on raw RGB frames, we leverage video saliency maps
as stimulus representation. Saliency provides a compact, single-channel descrip-
tion of the probability that an average viewer attends to a given spatial region.
This representation is both semantically meaningful and content-independent,
since saliency values directly correspond to gaze likelihood rather than raw pixel
appearance. We adopt UNISAL [14], a well-established video saliency model,
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Fig. 2: Comparison of the trajectories of video gaze predictions with di erent methods.
The image shows a representative frame selected from the video, but the path is gen-
erated for the entire duration of the video. Generated trajectories (color map indicates
timestamps) are overlaid on the ground truth human gaze (black trajectories, which
are also shown in the left column with the color map).

as the backbone for saliency extraction. However, existing saliency models are
designed for prediction accuracy rather than compact representation. To bet-
ter align with our conditioning objective, we introduce a compressed bottleneck
within the encoder decoder architecture, as shown in Figure 1. Speci cally, the
RNN channels are decreased from 256 to 64, which still provides enough temporal
information yet saves signi cant size. The latent after the encoder is further com-
pressed in its spatial dimensions through 2D average pooling. The compressed
saliency latent is used as conditioning input to the di usion backbone. During
training and inference, saliency features are extracted per frame and concate-
nated temporally, while conditioning is applied at a reduced temporal frequency
(every 5 frames) to further limit computational overhead. This design enables
e cient long-horizon gaze generation without sacri cing performance.

4 Experiments

4.1 Experimental Setup

Implementation Details The model was trained for 70 epochs using the Adam
optimizer with a constant learning rate of 1 10 4 . We employed a DDPM linear
noise schedule, spanning from 1 10* to 2 10 2 . For sampling, we adopted
Denoising Di usion Implicit Models (DDIM) [46] to achieve high-quality genera-
tion in signi cantly fewer steps without compromising performance. Accordingly,
the number of di usion steps was set to 1000 during training and reduced to 50
during sampling for improved e ciency.

Datasets We evaluate the proposed method on two public video datasets that
provide diverse visual content and human gaze annotations. We use DIEM as
the in-domain benchmark [33]. The dataset contains 84 videos with a resolution

of 12800720 and durations between 30 to 209 seconds. Each video provides gaze
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