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1 ML Reproducibility

1.1 Access to Dataset and Benchmark

The dataset and the implementation of our proposed benchmark can be found on our project webpage
athttps://eye-tracking-for-physiological-sensing.github.io/eyegraph/. Both the
dataset and the source code are released under two licenses: (1) Creative Commons CC-BY-NC 4.0
license and (2) a custom license. The users/data requestors must agree to both licenses, and it is to be
noted that if there is any conflict between any term(s) between two licenses, the custom license shall
take priority over the Creative Commons CC-BY-NC 4.0 license.

1.2 Dataset Composition

As described in the corresponding main paper, EyeGraph Dataset is collected from 40 participants
under three experimental setups: (1) conventional lab settings, (2) changing ambient illuminance and
(3) user mobility, to capture event-based eye tracking in a wider range of practical and in-the-wild
conditions.

Each session per participant in the conventional lab setting consists of four recordings, each lasting
approximately four minutes. In the first two recordings, the participants wore the DAVIS346 camera
whereas in the last two recordings, they wore the Pupil-Core eye tracker. The randomized movement
pattern of the visual stimulus, i.e., the white circle was identical across the cross-device recording pair
(for both the DAVIS346 and Pupil-Core device) but varied between the two recordings corresponding
to the same wearable device. Therefore, under conventional lab settings, each participant has four
recordings of near-eye tracking:

* Two recordings are event streams captured using DAVIS346, including:

event-based data

gray-scale image frames recorded at 30H
inertial sensor measurements
external trigger data

* Two recordings are derived from the Pupil-Core eye tracking system, comprising:

— raw near-eye videos at ~ 100H z

point of gaze estimations at ~ 100H z

pupil/iris segmentation
annotations for blinks and fixations
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In the ambient luminance-changing settings, each session per participant (seated in an office environ-
ment similar to conventional lab settings) consists of four recordings. For the first two recordings, the
participant wears the DAVIS346 sensor under two lighting conditions:

* Constant Lighting Condition: Near-eye Lux value maintained at 65 Lux throughout the
experiment.

 Variable Lighting Condition: Near-eye Lux value alternates between 65 Lux and 8 Lux
every 1-minute span.

For the last two recordings, the participant wears the Pupil-Core eye tracker under the two lighting
conditions mentioned above.

The participant mobility settings mirror the ambient luminance-changing settings for data recording,
however with two mobility conditions (with constant default lighting condition of near-eye 65 lux):

* Stationary Condition: Sitting in an office environment

* Mobile Condition: Moving freely while carrying a 14-inch laptop that displays the visual
stimuli.

1.3 Model Hyperparameters
Here, we summarize the hyperparameters of our approach for easy reproducibility.

* Dynamic graph construction

— We use min-max normalization on raw event data before constructing the graphs
following [29]. Thus, A\; changes with the selected event volume while A\; and A3
change with the event data resolution (Section 5 in the corresponding paper).

— We accumulate event volumes by setting the threshold for number of events C' =
{1500, 2000, 4000} (Section3.1).

— Inspired by our empirical evaluations, unless stated otherwise, we set the max number
of clusters to be considered as 5 due to the prominent anatomical clusters available
in near-eye tracking: pupil, iris, lower and upper eyelids/lashes, and eyebrows as we
observe in event data (Section 5 in the corresponding paper).

— The scaling factor () for statistical relevance in GMM fitting is set to be 0.1 while
N =4,& = 0.001 and o = 1 (Section 5 in the corresponding paper).

— For Hawkes-based edge attribution, the number of divisions is set to be 8 while the
decay factor is 0.5 and € = 1078 (Section 5 in the corresponding paper).

* Unsupervised topological clustering
— With regard to model architecture, the latent vector is 64—dimensional and the encoder
has 8-layers (Section[4.T)).
— As described in Section4.2] for all learning processes, the optimizer is set to be ADAM
while the learning rate is constant and set to be 0.001. The batch size is 32 and the

edges are split into training, validation, and test with proportions: 85%, 5%, and 10%.
71, 72 and 73 in the learning objective are 10, 10 and 0.1 respectively.

2 EyeGraph Dataset Details

In this section we explore the characteristics of our EyeGraph dataset.

2.1 Evaluation on Pupil and Gaze Distribution

2.1.1 Pupil Distribution

We empirically evaluate the pupil coordinates distribution, both spatially and temporally, using
the Pupil-Core data to ensure that the collected data is instrumental, diverse and dense enough for
multi-modal pupil tracking. The results from our investigation, which are illustrated in Figure|l|and
[2] validate our above premise. Further, it shows that the collected data covers the spatial bounds
while having a significant movement in temporal domain.
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Figure 1: Pupil coordinates distribution (on XY plane) of randomly selected 12 participants with
subject IDs: (a) 1 - right eye, (b) 1 - left eye, (c) 3 - right eye, (d) 3 - left eye, (e) 5 - right eye, (f) 5 -
left eye, (g) 12 - right eye, (h) 12 - left eye, (i) 13 - right eye, (j) 13 - left eye, (K) 14 - right eye, (1) 14
- left eye, (m) 20 - right eye, (n) 20 - left eye, (0) 25 - right eye, (p) 25 - left eye, (q) 29 - right eye, (r)
29 - left eye, (s) 33 - right eye, (t) 33 - left eye, (u) 39 - right eye, (v) 39 - left eye, (w) 40 - right eye,
(x) 40 - left eye; calculated from Pupil-Core data
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