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How is Visual Attention Represented?
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Limitations of Existing Approaches

- Limitation 1 - Scanpath & Saliency Only Training → This process discards 
the rich temporal information contained in the raw eye-tracking trajectories

- Hypothesis: Training on full, continuous trajectories will capture this 
lost information and lead to more accurate scanpath prediction.



Limitations of Existing Approaches

- Limitation 1 - Scanpath & Saliency Only Training → This process discards 
the rich temporal information contained in the raw eye-tracking trajectories

- Hypothesis: Training on full, continuous trajectories will capture this 
lost information and lead to more accurate scanpath prediction.

- Limitation 2 - Discriminative models → This conflicts with the inherent 
variability and stochastic nature of human attention.

- Hypothesis: Generative models are better suited to learn this rich, 
variable distribution compared to deterministic ones.



Our Approach – DiffEye
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Our Approach - Overall Framework



Our Approach - End-to-End Training



Our Approach - Corresponding Positional Embedding (CPE)



Our Approach - Inference



Datasets

● We trained and evaluated 
DiffEye using the MIT1003 
dataset (Judd et al.)
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Datasets

● We trained and evaluated 
DiffEye using the MIT1003 
dataset (Judd et al.)

● We also evaluated on the test 
split of the OSIE scanpath 
dataset (Xu et al.)

OSIE Examples
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Experiment 1 - Scanpath Generation

● Compared DiffEye to 5 scanpath models
● Generated 15 scanpaths per model and computed 2 scores (Best & Mean) for 4 

standard metrics to compare trajectories
○ Best was found by computing the metric between each pair of generated and ground truth scanpath, 

finding the smallest (or least distant) one per image and then averaging over all images. 
○ Mean score was found by computing the metric between each pair of generated and ground truth 

scanpath, finding the mean per image, and then averaging over all images



Experiment 1 - Scanpath Generation

Bold is best, Underline is second best



Experiment 1 - Scanpath Generation
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Experiment 1 - Scanpath Generation 

MIT1003 OSIE



Experiment 2 - Ablation
Bold is best
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Experiment 2 - Ablation
Bold is best



Conclusion

● We introduced DiffEye, a diffusion-based model that generates diverse eye-movement 
trajectories for natural images.
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Conclusion

● We introduced DiffEye, a diffusion-based model that generates diverse eye-movement 
trajectories directly from raw eye-tracking data.

● Our Corresponding Positional Embedding (CPE) helps the model align gaze positions with 
image semantics through shared spatial embeddings.

● Our evaluation shows that DiffEye generates realistic eye movement trajectories.
● DiffEye shows promise for modeling population-specific gaze patterns, with potential 

applications in developmental research.


