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Abstract
In this work, we present a gaze prediction model for Virtual Reality task-oriented environments. Unlike past work which fo-
cuses on gaze prediction for specific tasks, we investigate the role and potential of temporal continuity in enabling accurate
predictions in diverse task categories. The model reduces input complexity while maintaining high prediction accuracy. Eval-
uated on the OpenNEEDS dataset, it significantly outperforms baseline methods. The model demonstrates strong potential for
integration into gaze-based VR interactions and foveated rendering pipelines. Future work will focus on runtime optimization
and expanding evaluation across diverse VR scenarios.

CCS Concepts
• Human-centered computing → Virtual reality; • Computing methodologies → Neural networks; Rendering;

1. Introduction

Gaze prediction in Virtual Reality (VR) can replace eye track-
ers in techniques such as foveated rendering, thus aiding in solv-
ing the latency issues they suffer from [ATSD23]. However, the
dynamic and immersive nature of VR makes the prediction chal-
lenging, especially in real-time, task-oriented applications such as
games [KDCM16]. Recent gaze prediction models show promis-
ing results. DGaze [HLZ∗20] achieves real-time CNN-based gaze
prediction in dynamic scenes under free-viewing conditions, but its
performance deteriorates in task-oriented game scenarios. Fixation-
Net [HBLW21] focuses on forecasting eye fixations during specific
visual search tasks in VR and therefore cannot be directly applied
to different tasks. Our work aims to develop a model capable of
accurate gaze prediction in VR across diverse task categories while
simplifying input requirements to ensure compatibility with exist-
ing systems. Ideally, the model should be lightweight and fast, mak-
ing it suitable for gaze-contingent rendering.

2. Implementation

Our approach focuses mainly on the predictive power of tempo-
ral continuity [HLG20], since it is particularly evident in task-
oriented VR environments, where gaze is frequently guided by spe-
cific goals [KDCM16]. Current models [HLZ∗20, HBLW21] usu-
ally require a complex input for their prediction, i.e. sequences of
frames and gaze, head velocity sequences, as well as object po-
sitions sequences. Our model uses only sequences of past frames
and gaze points to learn gaze behaviour patterns over time. The
proposed architecture consists of three modules: (1) the Image Se-
quence Module (ISM) to capture temporal motion features from
consecutive frames, (2) the Gaze Sequence Module (GSM) to learn

temporal gaze patterns, and (3) the Gaze Fusion Module (FM) that
integrates both outputs to predict a single gaze point.

2.1. Dataset and Pre-processing

We used the OpenNEEDS dataset [EZW∗21], which includes data
from 44 users performing tasks such as reading, manipulating ob-
jects, drawing, aiming and shooting in two virtual environments.
We utilized the 8-bit sRGB frames down-sampled to 128×71 reso-
lution and the 3D gaze vectors. Frames were normalized to the [0,
1] range, and gaze points were converted to 2D visual angles and
similarly normalized. Outliers were removed using the Interquar-
tile Range Method (IQR) to improve model robustness and perfor-
mance. Input sequences were then created, with each sequence con-
sisting of consecutive frames and their corresponding gaze points,
ensuring data continuity from the same user and scene. The final
dataset was split into training (80%), validation (10%) and testing
sets (10%).

2.2. Model Architecture

The ISM consists of 5 ConvLSTM2D layers (ReLU activation), 4
MaxPooling layers for dimensionality reduction, and 4 fully con-
nected (FC) layers (sizes 64, 32, 32, and 16). A dropout layer (rate
= 0.5) prevents overfitting. The input is a sequence of 10 continu-
ous frames. The GSM processes a sequence of 10 continuous gaze
points with 4 LSTM layers (ReLU), 2 FC layers (sizes 32 and 16),
and a dropout layer. Finally, the FM merges the ISM and GSM out-
puts using a maximum operation, followed by a FC layer (size 16,
ReLU) and a dropout layer. The final FC layer (size 2, sigmoid)
outputs the predicted gaze point (xg,yg). The model is trained us-
ing Mean Absolute Error as the loss function and the Adam opti-
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Figure 1: The purple cross denotes the ground truth gaze position, with the purple circle illustrating the foveal region with radius 15°. The
yellow cross represents the prediction of our model, the red cross shows the center baseline and the blue the mean baseline.

mizer with an initial learning rate of 0.001. Training was performed
on Google Colab using the NVIDIA L4 Tensor Core GPU, with a
batch size of 64 for 10 epochs.

Figure 2: Architecture of the proposed model.

3. Evaluation

Following the approach of Hu et al. [HLZ∗20], the model was eval-
uated based on its prediction error, recall rate (to assess its potential
for integration into foveated rendering pipelines), and runtime per-
formance. Two baselines (center and mean) were defined for com-
parison. For the recall rate, a foveal radius of 15 degrees, centered
at the ground truth gaze point, was applied. The model achieved
a low median error with a narrow IQR, indicating robustness, ac-
curacy, and consistency (Figure 3). It demonstrated a 66.43% and
63.08% improvement over the center and mean baselines, respec-
tively. Additionally, the model significantly outperformed the base-
lines in terms of recall rate (Table 1), achieving values suitable for
practical applications. Observing the visualised results (Figure 1),
we notice that the predictions follow the pattern of the ground truth
closely. However, the average runtime of approximately 150ms re-
mains a notable limitation, affecting its viability for real-time use.

Center Mean Ours
Mean Recall Rate 60.8% 69.46% 99.87%

Table 1: Recall rates of our model and the baselines.

4. Conclusion and Future Work

We propose a gaze prediction model for task-oriented VR envi-
ronments that primarily leverages temporal information. Our main
contribution is a model that achieves strong accuracy and consis-
tency with data from diverse tasks and users, demonstrating adapt-
ability and flexibility, while requiring a relatively simple input. Fu-
ture work will focus on optimizing runtime performance to en-
able integration into real-time rendering pipelines. Additionally, we
aim to enhance the model’s accuracy and evaluate its effectiveness
across diverse scenarios, datasets, and real-time applications.

Figure 3: Angular error comparison between our model and the
baselines.
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