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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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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 filled with former predictions in an autoregressive manner.
Video latents are generated frame-by-frame with a modified version of UNISAL. The
blue boxes indicate our modifications, 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 Diffusion and World Models

Full-sequence diffusion models have demonstrated remarkable success in gener-
ating complex and high-dimensional data such as images [17,[40144,[47], videos
, and continuous planning . However, they are typically con-
strained to fixed-length windows and struggle with variable-length generation.
To unify the sequential flexibility of autoregressive next-token prediction with
continuous diffusion, Diffusion 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 diffusion 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 , consistent envi-
ronments [53], or autonomous agent actions |61], our work redirects this autore-
gressive diffusion 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 = {I;}1_,,
I, € REXWX3 where T denotes the number of frames, our goal is to perform gaze
prediction R € RT*2, The gaze prediction at each timestep is a two-dimensional
coordinate x,y, representing the spatial location in the frame. Following DiffEye
, we model gaze prediction as learning a conditional generative model pg (R |
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V') using a denoising diffusion 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 [I} we follow DiffEye |25] and adopt the same U-Net-based

diffusion 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 diffusion timestep via sinusoidal embeddings. To extend the framework
from static images to potentially infinite video sequences, we introduce two key
modifications. 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 significantly larger
information content in videos compared to images, we design an effective stim-
ulus conditioning mechanism to make use of saliency latents and compress
and aggregate temporal visual information before injecting it into the diffusion
backbone.

Autoregressive Generation We adopt an autoregressive formulation similar
to prior video diffusion models. Given a video sequence of length n, the first
k gaze coordinates serve as conditional prefix, 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 prefix Ry.;, and predicts the future gaze sequence Ry 1.,. The diffusion 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 1-6 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 effective con-
ditioning mechanism is crucial. Compared to static images, videos contain sig-
nificantly larger information volume, making direct RGB conditioning inefficient
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 different 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 [I] Specifically, the
RNN channels are decreased from 256 to 64, which still provides enough temporal
information yet saves significant 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 diffusion 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
efficient long-horizon gaze generation without sacrificing 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 x 10~%. We employed a DDPM linear
noise schedule, spanning from 1 x 10~ to 2 x 10~2. For sampling, we adopted
Denoising Diffusion Implicit Models (DDIM) to achieve high-quality genera-
tion in significantly fewer steps without compromising performance. Accordingly,
the number of diffusion steps was set to 1000 during training and reduced to 50
during sampling for improved efficiency.

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 . The dataset contains 84 videos with a resolution
of 1280x 720 and durations between 30 to 209 seconds. Each video provides gaze
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data from 67 observers on average, with a total viewing time of 553,116 sec-
onds (16,593,480 frames). In comparison, the only other gaze prediction method
that outputs raw gaze trajectories (DiffEye [25]) is trained on 45,135 seconds of
viewing time (MIT1003 Dataset [24]). We adopt an 80/20 train—test split. We
select DIEM for training due to its comparatively high spatial resolution, long
temporal extent, and dense gaze annotations.

We further evaluate generalization on DHF1K [50]. The dataset comprises
1,000 videos with durations between 17 and 42 seconds and a spatial resolution of
640x360. Each video includes gaze data from 17 observers. The content spans a
wide range of scene motion and camera motion patterns. For evaluation, we select
16 videos, with four videos from each motion category defined by the authors:
slow camera motion, fast camera motion, slow scene motion, and fast scene
motion. We manually verify that the randomly selected subset covers diverse
content and motion characteristics.

FEvaluation Metrics We evaluate the results using four standard metrics from
path assessment of video data [30]. (1) Levenshtein Distance measures the se-
quence similarity based on the number of insertion, deletion, and substitution
operations required to match a GT [42]; (2) Discrete Fréchet Distance measures
the similarity between two curves by evaluating the minimal maximum pointwise
distance under a monotonic traversal of both sequences [1]; (3) Dynamic Time
Warping (DTW) computes an optimal alignment between two sequences that
may differ in speed or length by minimizing cumulative alignment cost [4]; (4)
Mazimum Temporal Correlation quantifies the highest cross-correlation between
two temporal signals over possible time shifts |30].

Our evaluation protocol follows established procedures in prior work on
image-based scanpath prediction [22,[52]. For each video, we generate 10 gaze
trajectories per model. Given the multiple ground-truth (GT) gaze paths per
video (see Dataset section for numbers), we compute the evaluation metrics by
performing pairwise comparisons between each GT path and all 10 predicted tra-
jectories. Metric scores are first computed per GT path. We report two variants.
The best score selects the maximum (or minimum, depending on the metric di-
rection) value among the 10 pairwise comparisons. The mean score corresponds
to the average over all 10 comparisons. The best score reflects the peak per-
formance of a method under multiple samples. The mean score quantifies the
consistency of the predicted trajectories. Finally, for each metric, we average
both the best and mean scores across all GT gaze paths and all videos in the
dataset.

Comparison Methods Since our work introduces the first video-based gaze
prediction model, no direct baselines exist. We adapt existing state-of-the-art
image-based scanpath and gaze prediction models to the video domain for com-
parison. The baselines include the transformer-based architectures Human At-
tention Transformer (HAT) |56] and GazeFormer |34], TPP-Gaze which is based
on neural temporal point processes [11], the convolutional network DeepGaze
IIT 28|, the reinforcement learning model of Chen et al. (originally designed for
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Fig. 3: Temporal progression of video gaze predictions with different methods. Gener-
ated trajectories are overlaid on the ground-truth human gaze (black). Note the closer
proximity between our method and the ground truth, indicating greater similarity com-
pared with alternative approaches.



Infinite Gaze Generation for Videos with Autoregressive Diffusion 9

Table 1: Scanpath evaluation on DIEM and DHF1K test sets. Lower is better for all
metrics except Maximum Temporal Correlation. Metrics are scaled as indicated in the
column headers. Bold values indicate the best scores, while underlined values denote
the second-best scores.

Levenshtein (x10%) | Disc. Fréchet (x10%) | DTW (x10%) | Max. Temp. Corr. 1
Dataset Method Mean ( Bost,) Mean <Bc>,(, ) Mean ( B)(‘,sl, Mean ' Best
DeepGaze III |28 4.36 4.26 4.78 4.12 20.07 18.02 0.149 0.230
DiffEye [25] 3.78 3.71 3.82 3.29 12.47 11.66 0.176 0.254
GazeFormer |34] 4.26 4.12 4.17 3.42 15.64 13.71 0.188 0.272
DIEM HAT |[56] 4.45 4.32 5.16 4.28 23.44 20.42 0.131 0.223
Chen et al. |10 4.23 4.09 4.36 3.35 15.97 13.51 0.175 0.270
TPP-Gaze |11] 4.26 4.14 3.60 3.01 15.17 13.36 0.131 0.261
Ours 3.40 3.31 4.14 3.35 12.33 11.44 0.235 0.314
DeepGaze III |28 3.61 3.48 3.12 2.67 11.12 9.41 0.136 0.317
DiffEye [25] 1.76 1.71 2.34 1.95 4.24 3.79 0.232 0.352
GazeFormer |34] 176 170 2.49 1.93 4.43 3.69 0.258 0.392
DHF1K HAT [56] 1.84 1.80 3.12 2.67 6.08 5.43 0.179 0.289
Chen et al. |10 1.77 1.69 2.54 1.84 4.70 3.70 0.265 0.432
TPP-Gaze |11] 1.78 1.70 2.34 1.68 4.30 3.47 0.225 0.435
Ours 1.57 1.50 2.50 1.95 4.01 3.40 0.290 0.444

visual question answering) [10], and the diffusion-based method DiffEye [25].
Among these, DiffEye is the only method that predicts dense, frame-to-frame
gaze motion. To ensure fair comparison, we post-process the sample density of
all scanpath prediction models to match the number of samples from our method
(30 samples per second) by duplicating fixation positions proportionally. Since
DiffEye produces raw gaze at a higher sampling rate than our method, we evenly
downsample its gaze sequence. All comparison method predictions are generated
with their default 3-second length. However, videos are typically much longer.
To achieve autoregressive behavior for longer sequences, we process the video in
3-second chunks and concatenate outputs. For methods allowing us to control
the gaze starting position (HAT and DeepGaze III), we use the last predicted
gaze of the previous chunk as the initial position for the next chunk. For each
3-second segment, the first frame is provided as input, since the baseline mod-
els are single-image based. For multi-task models, we ensure that scanpaths are
generated for the free-viewing task specifically. For additional fairness, we also
evaluate all methods within their native 3-second window without autoregressive
adjustment. Additionally, we retrain DiffEye using the same saliency latents and
no autoregression to demonstrate that saliency conditioning alone is insufficient
for long-horizon video gaze generation.

4.2 Quantitative Comparisons

Long Window Generation Quantitative results for long window video gaze
prediction are shown in Table [I} Our method achieves the best performance in
almost all evaluated metrics across both datasets. In particular, we obtain the
strongest results in Levenshtein distance, DTW, and Maximum Temporal Cor-
relation. The low Levenshtein distance indicates that the predicted gaze path
closely matches the ordering and structure of human gaze transitions. The supe-
rior DTW performance demonstrates accurate temporal alignment, even under
local variations in duration or sampling density. The high Maximum Temporal
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Table 2: Additional results for 3-second predictions that do not require autoregressive
adjustments for the comparison methods. Lower is better for all metrics except Max-
imum Temporal Correlation. Metrics are scaled as indicated in the column headers.
Bold values indicate the best scores, while underlined values denote the second-best
scores.

Levenshtein (x10%) | Disc. Fréchet (x10?) | DTW (x10%) | Max. Temp. Corr.

Dataset Method Mean (Bost) Mean (Bcst) Mean ( B)cst Mean Best
DeepGaze 111 0.459 0.402 5.985 3.439 3.463 1.579 0.000 0.000

DiffEye 0.499 0.459 9.857 8.358 6.233 5.112 0.021 0.325

DiffEye retrained w/ saliency ~ 0.464 0.426 4.402 3.269 2924 1.586 0.037 0.348

DIEM GazeFormer 0.466 0.430 4538 3.363 2.364 1.616 0.012 0.322
HAT 0.478 0.450 5.195 3.468 2.713 1.974 0.009 0.324

Chen et al. 0.463 0.424 1327 3.077 2.204 1.491 0.005 0.384

TPP-Gaze 0.461 0.424 3.947 2741 2.066 1318 0.029 0.409

Ours 0.447 0420 3.312 2.450 1599  1.205  0.156 0.374

DeepGaze 111 0.441 0.401 2.410 1.585 1.446 0.941 0.017 0.462

DiffEye 0.426 0.406 2.031 1.735 1139 0.949 0.039 0.319

DiffEye retrained w/ saliency ~ 0.439 0.413 2.457 1.793 1.441 1.096 0.065 0.354

pHpik  GazeFormer 0.430 0.406 2.236 1.712 1.264 0.985 0.047 0.301
HAT 0.444 0.422 3.001 2.332 1.501 1.226 0.028 0.302

Chen et al. 0.432 0.400 2.341 1.562 1.370 0.897 0.075 0.402

TPP-Gaze 0.434 0.398 2.193 1.357 1.204 0.770 0.028 0.442

Ours 0.422 0.395 1.935 1.363 1.006 0745  0.109 0.393

Correlation further confirms that the predicted gaze trajectories follow similar
temporal dynamics as human observers, capturing consistent motion patterns
over time. These temporal motion patterns are particularly important for videos
as content changes constantly and may only be visible for a short period of time.
Together, these results indicate that the model captures both the sequential
structure and the temporal dynamics of gaze behavior.

The results of the best scores show that individual samples generated by
our model can closely approximate specific human gaze paths. In contrast, the
consistently strong mean scores indicate that the model reliably aligns with the
overall distribution and dynamics of human fixations, rather than producing
occasional high-quality outliers.

Improvements in Discrete Fréchet distance are less pronounced. Discrete
Fréchet emphasizes the maximum deviation along the trajectory and is domi-
nated by local outliers. Minor timing shifts or short exploratory saccades, which
are common in videos, can substantially increase the distance, even when the
overall trajectory structure and temporal progression match well. As a result,
Discrete Fréchet is less sensitive to global sequence similarity and temporal align-
ment, which are central to video gaze prediction.

Three Second Window Generation Quantitative results show a similar trend
to the full-video evaluation. Additionally, the modular baseline “DiffEye retrained
w/ saliency” remains substantially below our method, demonstrating that the
performance gain comes from the combination of saliency-aware conditioning
and autoregressive diffusion rather than from saliency conditioning alone.

4.3 Qualitative Comparisons

Visual Inspection Figures show how the gaze predictions progress with the
methods as the video advances. We further refer to the supplementary videos for
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Fig. 4: User study results. Each row corresponds to one video. Our model (blue) re-
ceives consistently more votes than TPP-Gaze (green).

a comprehensive assessment of temporal dynamics and motion characteristics.
The qualitative results support the quantitative findings. Our model produces
gaze trajectories that are temporally smooth and spatially stable. The predicted
paths avoid abrupt jumps and exhibit coherent motion over time. In addition,
the gaze behavior responds consistently to scene content and camera motion,
adapting to moving objects and global motion patterns. In contrast, the com-
parison methods often generate temporally fragmented or unstable trajectories
that do not react well to content change, which explains their lower scores in
sequence- and time-aware metrics.

User Study In the quantitative evaluation, our method achieved the best per-
formance on all metrics except Discrete Fréchet Distance, where TPP-Gaze ob-
tained the lowest score. To assess whether this outcome reflects limitations of our
model or potential biases from the Discrete Fréchet metric for video-based gaze
prediction, we conducted a qualitative user study comparing our model against
TPP-Gaze. We randomly selected six videos from the benchmark, three from
each dataset. For randomly chosen ground-truth trajectories, we identified the
closest predictions from both methods based on the Discrete Fréchet score. We
rendered the ground truth and both model predictions as moving dot overlays
on the videos (see supplementary material). The ground truth trajectory was
displayed in a fixed color across all videos, while the two predicted trajectories
were assigned random colors. Twelve participants took part in the study. For
each video, participants were required to watch the full sequence and could re-
play it before making a decision. They were asked to select the trajectory that
appeared closest to the ground truth over the entire video.

The results are shown in Figure [dl Across all trials, our method was identi-
fied as more similar to the ground truth trajectories in 85% of the cases. Our
predictions received consistently better ratings than TPP-Gaze in every evalu-
ated instance. These findings indicate that the inferior ranking under Discrete
Fréchet Distance does not necessarily correspond to poorer perceptual quality.
Instead, the metric appears less suitable for evaluating gaze prediction in videos
than for static scanpath comparison tasks.
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Table 3: Computational efficiency on DIEM validation batches using an NVIDIA RTX
A6000. Bold values indicate the better scores.

Metric Ours Raw Pixels Improvement
Parameters (Mil) 8.27 32.33 3.91x fewer
Checkpoint size (MB) 37.89 348.54  9.20x smaller
Data load time (s) 0.0085  0.6353  74.85x faster
Forward FLOPs (G) 1.18 71.65 60.95x fewer
Throughput (samples/s) 49.19 17.61 2.79% higher
Peak memory (MB) 49.50 974.90 19.69x lower

Table 4: Ablation study results. Regular training and if not denoted otherwise is run
with 90 history samples and 45 prediction samples on the DIEM dataset. Lower scores
are better for all metrics except Maximum Temporal Correlation. Metrics are scaled as
indicated in the column headers. Bold values indicate the best scores, while underlined
values denote the second-best scores.

Method Levenshtein (x10%) | Disc. Fréchet (x10%) | DTW (x10%) | Max. Temp. Corr. 1
h 5 Mean Best Mean Best Mean Best Mean Best
Ours regular 3.40 3.31 4.14 3.35 12.33 11.44 0.235 0.314
10-Prediction 3.97 3.10 3.67 2.90 17.31 6.88 0.048 0.126
90-Prediction 3.77 3.63 4.38 3.58 14.65 13.84 0.230 0.309
No initial history 3.41 3.31 4.13 3.34 12.39 11.57 0.235 0.314
MAGVIT2 Conditioning 3.82 3.76 7.97 6.96 54.92 48.15 0.054 0.082

4.4 Computational Efficiency

Our saliency latent compression architecture was empirically chosen to pre-
serve gaze-relevant information while reducing conditioning dimensionality and
improving convergence. Tab. [3] compares the computational efficiency of our
saliency-compressed conditioning against naive raw-pixel conditioning. Our com-
pressed representation reduces the parameter count from 32.33M to 8.27M, yield-
ing a 3.91x smaller model, while decreasing checkpoint size by 9.20x. It also
substantially improves runtime efficiency: data loading is 74.85x faster, forward
computation is reduced from 71.65G to 1.18G FLOPs, and peak memory drops
from 974.90MB to 49.50MB. As a result, throughput increases from 17.61 to
49.19 samples/s, corresponding to a 2.79x speedup.

4.5 Ablation Studies

Conditioning We compare video saliency latents with a visual tokenizer-based
alternative using an open-source implementation of MAGVIT?2 [15]. To mirror
our saliency pipeline, we converted each video frame into tokens using the pre-
trained encoder. The resulting token embeddings were then applied as per-frame
conditioning signals. The goal was to compress image frames into a general-
purpose latent representation that could serve as conditioning without relying
on saliency-specific structure. Unlike spatial saliency latents, this representation
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provides a discrete global summary of each frame. However, in practice, mod-
els trained with these tokenized conditioning signals failed to converge, while
saliency latent conditioning trained stably. This convergence problem is also
highlighted in Table [] with significantly degraded results on video gaze predic-
tion.

Prediction Length We analyze the influence of the prediction horizon in the
autoregressive diffusion model. The history length is fixed to 90 frames. The pre-
diction length is varied during both training and inference. Table [f] summarizes
the results (Prediction rows). Short predictions (10 frames) reduce the mean
Discrete Fréchet distance and achieve the best scores for several best scores.
This improvement indicates that short-horizon prediction can simplify the tem-
poral modeling problem and reduces trajectory drift. However, the mean DTW
error increases substantially, which suggests reduced robustness when evaluated
over full sequences. Extending the prediction length to 90 frames degrades most
metrics compared to the regular setting. The increase in Levenshtein and DTW
distances indicates accumulated autoregressive error and higher temporal uncer-
tainty over long horizons. Overall, we find that a 45-frames prediction provides
the best trade-off between short-term accuracy and long-term stability.

Minimal Temporal Initialization To evaluate the model’s dependency on
historical motion priors, we conduct an ablation study using a minimal initializa-
tion strategy (Table No initial history row). The primary experiment initially
conditions the autoregressive model on a 90-frame ground-truth history. We run
a round of predictions on DIEM that replaces the initial buffer with a static cold
start approach by sampling only a single ground-truth coordinate and replicat-
ing it to fill the full history window. This setup effectively removes all velocity
and directional cues, forcing the model to initiate predictions from a zero-motion
state. Even under this constrained scenario, the results remain robust: both Lev-
enshtein distance and Maximum Temporal Correlation show identical results to
the baseline, suggesting that the model could recover the necessary temporal
dynamics from the latent features. Only DTW decreases slightly, potentially
due to an initial misalignment before the history is built through autoregression.
However, the overall consistency of the results demonstrates stable and plausible
gaze trajectory generation even without motion priors.

5 Limitations and Discussions

Long-Range Dependencies. Modeling long-range behavioral consistency remains
a challenge for gaze generation. The proposed autoregressive diffusion model
captures high-frequency temporal dynamics of gaze trajectories. However, the
model relies on a sliding window of recent predictions with a fixed length. Hu-
man gaze behavior can depend on information beyond such short-term history.
Long-term memory and evolving scene understanding can influence viewing be-
havior in dynamic scenes |26|. This dependency is particularly relevant in videos
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with static cameras and persistent background structure [57]. Future work could
adopt mechanisms from video world models that maintain information over long
temporal horizons [53].

Evaluation metrics. Our method achieved the highest performance in most of the
quantitative analyses and human subject studies. One exception is the Discrete
Fréchet Distance. This metric is typically applied to low-dimensional scanpath
data and emphasizes the maximum pointwise deviation along a trajectory. Dis-
crete Fréchet Distance is highly sensitive to local outliers. Running the metric
with a dense gaze path can lead to short exploratory saccades, minor tempo-
ral shifts, or brief deviations from the ground-truth path dominating the score.
It is not designed to evaluate the alignment of global temporal structure and
motion trends, which is better expressed by Levenshtein distance or DTW. The
user study results further indicate that lower Discrete Fréchet scores do not nec-
essarily correspond to better perceptual similarity. More generally, all current
trajectory metrics rely on pairwise comparisons to a single ground-truth path
and do not account for the inherent stochasticity and multi-modality of human
gaze. Human observers exhibit substantial inter-subject variability, and multiple
qualitatively different trajectories can be equally plausible. Future work should
therefore design metrics that are specifically built to quantify the perceptual
validity of generated video gaze trajectories.

Head movements. In our training datasets, the gaze trajectories were acquired
with fixed head poses. While head movements may not commonly be a factor in
desktop viewing settings, they may be common in physical world and wide-field
displays [3}/19]. Therefore, extending the current gaze trajectory towards higher-
dimensional models that jointly generate head orientations and their relative
gaze may shed light on application scenarios such as imitation learning and
virtual/augmented reality (VR/AR).

6 Conclusion

In this paper, we introduce emerging autoregressive diffusion models to generate
infinite and realistic human gaze movements in videos of arbitrary length. We
believe this work establishes a new frontier, offering a path toward generative
world models that not only simulate physical environments but also understand
the context-aware behavioral responses of the humans observing them.
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