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Abstract

Modeling diverse human gaze behavior is a fundamental challenge
in behavioral simulation and character animation for interactive
graphics and digital humans. In safety-critical applications such
as Driver Monitoring Systems (DMS) under the European New
Car Assessment Programme (Euro NCAP) 2026, existing synthe-
sis approaches produce deterministic outputs that lack the sto-
chastic diversity of real drivers. To overcome this limitation, we
cast gaze-motion synthesis as a stochastic coverage problem an-
chored to a measured human intra-condition diversity baseline of
Dpuman = 1.94, defined as mean pairwise trajectory distance under
identical conditioning, computed from 59,405 condition-matched
subject pairs across 689 scenario groups. A conditional flow match-
ing model over 5D gaze-head trajectories recovers 93% of this base-
line at our human-calibrated operating point (o = 0.8). A strong con-
ditional variational autoencoder (CVAE) baseline, under matched
conditioning, saturates at 41% of human diversity regardless of
latent scale. The sampling noise scale ¢ further enables continuous
fidelity—diversity trade-off control: at ¢ = 0.6 the model achieves
absolute position error (APE) within 7% of the CVAE while covering
64% of human variability.
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1 Introduction

Diverse and realistic gaze behavior is essential for attention-driven
character controllers and digital human simulation in interactive
graphics and behavioral animation. In safety-critical applications
such as Driver Monitoring Systems (DMS) under the Euro NCAP
2026 Safe Driving protocol [European New Car Assessment Pro-
gramme 2025], which evaluates driver distraction across Long,
Short, Phone-Use categories, movement types (Owl, Lizard, Body
Lean), and diverse demographics, generating such behavior at
scale remains challenging. Covering this combinatorial space with
human-driven trials alone is impractical, motivating synthetic gaze-
motion data as a scalable evaluation substrate.

Prior synthesis methods produce deterministic keyframe se-
quences from areas-of-interest (AOI) instructions. Real drivers,
however, show substantial variability in saccade velocity, head-
rotation strategy, and gaze-transition dynamics [Shiferaw et al.
2018]. A DMS validated only on mode-collapsed data may fail on
the safety-critical tails.

While diffusion-based approaches rely on complex iterative de-
noising schedules, conditional flow matching directly learns the
probability flow between a simple prior and the data distribution.
This straight-path formulation allows more direct control over the
fidelity—diversity trade-off by scaling the prior variance o, enabling
us to precisely calibrate the model’s stochastic coverage to match
the empirical human baseline.

We formulate gaze-motion synthesis as a stochastic coverage
problem anchored to empirical human variability and make three
contributions:

(1) We establish a human intra-condition diversity baseline
Dpuman = 1.94 +0.88 from 59,405 condition-matched subject
pairs across 689 scenario groups.

(2) We present a conditional flow matching model [Lipman et al.
2023] that reaches 93% of this baseline at a human-calibrated
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Figure 1: Structured stochasticity analysis. (a) PCA and t-SNE projections of generated trajectory distributions at o = 0.8: flow
matching produces conditionally consistent yet multi-modal trajectories that match the full spread of human data, while the
CVAE collapses near the conditional mean. (b) Fidelity-diversity Pareto trade-off as a function of the noise scale o € [0, 1]; flow
matching reaches the human baseline at the calibrated point o = 0.8.

operating point, with continuous trade-off control via the
sampling noise scale o.

(3) We show that a strong CVAE baseline with identical con-
ditioning empirically saturates at 41% of human diversity
across the latent-scale sweep.

2 Our Approach

2.1 Data Collection

We collected data from 109 licensed drivers (ages 20-50, gender-
balanced) in a CARLA-based Level-2 simulator. A Smart Eye Pro
8.0 tracker (~120 Hz) captured head pose and gaze direction. Seven
protocols combined visual and physical distractions, yielding 581
sessions (total 31.5 h) with gaze targets in seven AOIs [Chang et al.
2025].

2.2 Gaze Trajectory Representation

Each frame is a 5D vector X; = (hyaw, pitchs Proll> yaws Gpitch) € R’
(radians, 10 Hz). Recordings are segmented into 15 s windows (150
frames) with 5 s stride, producing 49,590 augmented segments after
time-jitter and Gaussian noise. The split is 80/10/10 by subject.

2.3 Conditional Flow Matching

Each segment is conditioned on a 20D vector ¢ (distraction cate-
gory, movement type, AOI one-hot, duration, gender, age group).
The model learns the velocity field of the linear interpolant x; =
(1 — t)xo + tx1 by regressing vg(xz, ¢, ¢) onto the ground-truth dis-
placement (x1 — X¢) under a squared-error objective. The backbone
is a 4-layer transformer encoder (d = 256, 4 heads, 3.5M parame-
ters). Inference uses 50-step Euler integration from xo ~ N (0, 6°I).
A CVAE (1.1M parameters) with identical conditioning serves as
the baseline.

3 Results

Evaluation uses 50 condition-stratified held-out scenario groups
(30 samples each). Metrics follow [Tevet et al. 2023] in standardized
feature space. Diversity is mean pairwise Ly distance under identical
conditioning.

3.1 Human Baseline and Operating Point

We extracted 59,405 condition-matched subject pairs to obtain
Dpuman = 1.94 + 0.88. Sweeping o identifies ¢ = 0.8 as the pri-
mary human-calibrated operating point (diversity 1.81, within 7%
of baseline). o = 0.6 offers a fidelity-priority alternative (APE within
7% of CVAE while retaining 64% coverage).

3.2 Main Results

Table 1 summarizes trajectory-level evaluation. Under matched
conditioning, the CVAE saturates at 41% coverage: scaling its prior
lifts diversity only up to saturation while leaving APE essentially
unchanged, a pattern consistent with posterior over-regularization
under strong conditioning rather than under-capacity, given that
the CVAE already attains the lowest APE among all models. Flow
matching at o = 0.8 reaches 93% of the human baseline, and the
coverage gain from 41% to 93% is the practically meaningful result,
with ¢ = 0.6 offering near-APE parity to the CVAE while still cov-
ering 64% of variability. Figure 1(a) and Figure 1(b) confirm that
flow matching strictly dominates the CVAE Pareto front. Removing
demographic conditioning (20D — 15D) worsens APE and diversity
simultaneously, and between-group differences are themselves sta-
tistically significant (e.g., head-yaw velocity: Male 20s 77.3 + 120.0
vs. Male 40s 62.1 + 109.1 deg/s, t(6736) = 5.32, p < .001), indicating
that demographic factors carry real conditioning signal. Finally,
APE ordering across distraction categories mirrors human diversity,
confirming that APE alone is variance-confounded and supporting
coverage-based evaluation as the primary axis.

4 Conclusion and Future Work

We recast driver gaze-motion synthesis as a stochastic coverage
problem anchored to a measured human diversity baseline, turning
“more diverse” into a falsifiable claim. Conditional flow matching
closes this coverage gap where a strong CVAE does not, and the sam-
pling noise scale o exposes a continuous fidelity—diversity trade-off
within a single model. Beyond DMS, this lightweight real-time 5D
gaze generator serves as a building block for attention-driven char-
acter controllers in interactive graphics and digital humans [Tevet
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et al. 2023]. Future work will incorporate eyelid and pupil dynam-
ics and explore continuous rotation parameterizations [Zhou et al.
2019] at larger scale.
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Table 1: Trajectory-level evaluation sorted by human coverage. Bold = our main result (o = 0.8). Values are mean + SD.

Model APE | DTW | Diversity % Human
Human (reference) — — 1.938 +0.884 100%
FM (o = 0.8, human-calib.) 2.643 +£0.797 2.637 +£0.804 1.807 +0.353 93%
FM (o = 0.6, alternative) 2.475+£0.785 2.509+£0.732  1.241 £ 0.250 64%
CVAE (o = 1.0, max coverage) 2.359 +£0.531 2.344 +0.533  0.804 + 0.033 41%
CVAE (o = 0.6, min APE) 2.314 £0.529 2.330 £0.523 0.460 £ 0.020 24%
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