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Fig. 1. Overview of low-latency gaze tracking system. Our system replaces conventional high-resolution cameras with a fully passive optical latent
encoder &. Light from the eye I is modulated by a microlens array and co-designed binary masks, producing a compressed latent measurement y captured by
a 16 element phototransistor array. These features are mapped to gaze direction § and validity ¢ via a lightweight MLP ¥ and predictor . Our end-to-end
pipeline (bottom center) uses simulation-to-real transfer with human-subject fine-tuning to achieve a total latency of less than 4 ms. (Right) Experimental

setup and hardware implementation.

We present a real-time gaze tracking system that directly acquires task-
relevant latent features using a fully passive optical encoder. Instead of
forming and processing full-resolution images, our approach leverages a mi-
crolens array with a co-designed binary chromium mask to perform spatially
multiplexed optical encoding, producing a compact set of measurements
sufficient for gaze estimation. By integrating sensing and feature extraction
in the optical domain, the proposed system eliminates the need for high-
bandwidth image readout and substantially reduces computational overhead.
The encoded measurements are captured by a 4 X 4 phototransistor array
and mapped to gaze direction using a lightweight neural network. Our proof-
of-concept prototype enables an end-to-end sensing-to-inference latency of
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3.4 ms, outperforming published research systems. We demonstrate the ef-
fectiveness of our approach on both simulated and real-world data, achieving
competitive gaze estimation accuracy while significantly reducing end-to-
end latency compared to conventional camera-based pipelines. The proposed
system establishes a new operating point in the accuracy-latency-compute
trade-off for latency- and resource-constrained gaze tracking. This work
highlights the potential of task-driven optical sensing for ultra-low-latency,
computationally efficient human-computer interaction systems.
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1 Introduction
Eye gaze tracking plays an important role in applications such as

human-computer interaction [Kellnhofer et al. 2019; Smith et al.
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2013; Zhang et al. 2015], assistive technologies [Caligari et al. 2013;
Majaranta and Raiha 2002], and emerging AR/VR systems [Shadiev
and Li 2023; Stengel et al. 2015; Tanriverdi and Jacob 2000; Ugwitz
et al. 2022]. In particular, next-generation wearable displays require
gaze estimation systems that are compact, energy-efficient, and
capable of operating at ultra-low latency to support real-time in-
teraction and foveated rendering [Guenter et al. 2012; Hong et al.
2018]. Conventional appearance-based gaze tracking systems typ-
ically rely on camera-based image acquisition followed by deep
neural network inference [Davalos et al. 2025; Kellnhofer et al. 2019;
Muksimova et al. 2025]. While recent advances in deep learning
have significantly improved gaze estimation accuracy [Abdelrah-
man et al. 2023; Barkevich et al. 2024; Zhang et al. 2020, 2019], these
approaches still require capturing and processing full-resolution
eye images, introducing substantial sensing, bandwidth, and com-
putational overhead.

To address these limitations, recent research has explored light-
weight and event-driven gaze sensing systems. Event-based ap-
proaches leverage asynchronous vision sensors to reduce redundant
image acquisition and improve temporal resolution [Angelopou-
los et al. 2021; Bonazzi et al. 2024; Chen et al. 2025; Li et al. 2024;
Sen et al. 2024; Zhao et al. 2023a]. Other works investigate embed-
ded and edge-based gaze tracking pipelines for low-power oper-
ation [Bonazzi et al. 2023]. However, most existing systems still
depend on reconstructing or processing image-like measurements
before gaze inference, resulting in additional latency and computa-
tional cost. Furthermore, event-based methods often define latency
only as the processing time after event accumulation [Li et al. 2024],
without accounting for the sensing time required to collect sufficient
events under varying illumination conditions.

At the same time, advances in computational imaging and task-
driven optical design suggest that optical systems can be optimized
directly for downstream inference objectives rather than image qual-
ity [Klotz and Nayar 2024; Shi et al. 2022; Souza et al. 2025]. Instead
of treating images as mandatory intermediate representations, these
approaches aim to capture compact task-relevant measurements
that preserve the information necessary for a specific vision task.
This perspective is particularly attractive for gaze tracking, where
the final target is a low-dimensional gaze vector rather than a visu-
ally interpretable eye image. Rather than replacing high-accuracy
camera-based gaze trackers, our goal is to explore a different operat-
ing point that prioritizes minimal sensing complexity and ultra-low
end-to-end latency, targeting applications such as wearable devices,
always-on gaze sensing, coarse gaze interaction, and attention esti-
mation.

Motivated by these observations, we propose a passive optical
gaze tracking system that directly acquires low-dimensional latent
measurements using a microlens array (MLA) and optimized binary
masks. Unlike conventional camera-based gaze trackers, the pro-
posed system avoids explicit image formation and instead performs
task-oriented optical encoding in a single shot. The encoded op-
tical responses are measured by phototransistors and mapped to
gaze direction using a lightweight neural network. By eliminating
high-resolution image acquisition and minimizing computational
overhead, the proposed system achieves ultra-low-latency gaze esti-
mation with a compact and passive optical architecture.
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To enable robust latent-space sensing, we develop an end-to-
end training framework that jointly optimizes the optical encod-
ing masks and digital inference using both latent reconstruction
and gaze supervision objectives. The learned optical encoder is
trained to preserve gaze-relevant information within a compact 16-
dimensional measurement space while remaining compatible with
passive optical implementation. We further evaluate the system on
both synthetic and real human eye data and analyze its end-to-end
latency under realistic hardware conditions.

The main contributions of this work are summarized as follows:

e We propose an end-to-end latent-space gaze tracking frame-
work that jointly optimizes passive optical encoding and neu-
ral gaze decoding, enabling direct gaze inference from com-
pact low-dimensional measurements without reconstructing
full eye images.

We develop a compact MLA-based single-shot optical sensing
system with optimized binary masks, phototransistor read-
out, and field-programmable gate array (FPGA) acquisition,
enabling low sensing complexity and an end-to-end latency
of 3.4 ms including both sensing and computation.

We establish a two-stage simulation-to-real evaluation
pipeline, achieving a cross-subject simulation error of 6.47°
and a calibrated per-subject real-world error below 6°.

Although our proof-of-concept prototype is not engineered to
optimize for overall system power consumption, we note that the
substantial reduction of sensor measurements, the resulting reduc-
tion in data volume, and the extremely lightweight nature of the
digital processing should allow for highly energy efficient imple-
mentations of the concept in the future.

2 Related Work

Low-latency and real-time gaze estimation. Recent research has
underscored that for mobile XR glasses, achieving an end-to-end
latency of less than 5 ms is a critical threshold to prevent the dis-
ruption of user immersion [Hong et al. 2018]. While many software-
oriented frameworks such as WebEyeTrack [Davalos et al. 2025]
and GazeCapsNet [Muksimova et al. 2025] report exceptionally fast
inference speeds via few-shot personalization or lightweight neu-
ral architectures, they typically rely on full-image capture from
conventional CMOS sensors. This reliance introduces significant
power and temporal overheads due to frame-rate limitations and
large-scale data readout, making them less efficient for truly real-
time applications. To address these bottlenecks, hardware-oriented
approaches have explored alternative sensing modalities. Li et al. [Li
et al. 2020] demonstrated that spatially sparse single-pixel detectors
can substitute for dense imaging sensors, while visible light sensing
was proposed for energy-constrained headsets [Li et al. 2017].0n the
edge, systems like TinyTracker [Bonazzi et al. 2023] utilize in-sensor
processing to enable fast, low-power operation on mobile platforms.

However, the system latency is limited not just by the computa-
tional processing, but also the exposure and readout time for the
full frame. Moreover, 2D image sensor arrays are relatively power
hungry due to the large number of A/D conversion needed. Event-
based sensing [Bonazzi et al. 2024; Li et al. 2024; Sen et al. 2024] has
been proposed to increase the frame rate and reduce the latency.



However, event-based gaze estimation still relies on temporal event
accumulation and subsequent digital processing before inference,
and reported latencies are often measured after sufficient events
have been acquired [Angelopoulos et al. 2021; Zhao et al. 2023a].
Other work such as Pixel Processor Arrays [Bose et al. 2022] and
dedicated ASICs like JaneEye [Han et al. 2026] have focused pri-
marily on the sensing hardware, and achieve impressive sensing
latency as low as 0.5 ms. However, for a complete eye tracking
system, these sensors need to be paired heavy compute architec-
tures requiring tens of MFLOPs per frame. In contrast, our system
directly produces task-specific optical measurements rather than
image frames or event streams, reducing sensing bandwidth and
digital processing while achieving an end-to-end latency below 4 ms
with only 0.49 MFLOPs.

At the algorithmic level, several works have pointed out that full
eye images are highly redundant for gaze estimation. For exam-
ple, EyeTrAES [Sen et al. 2024] introduces adaptive event slicing to
extract only relevant temporal features, while dataset-driven and
representation learning approaches [Cheng et al. 2022; Ghosh et al.
2022; Kim et al. 2019; Lee et al. 2022; Sun et al. 2021; Wang et al.
2022] focus on condensing eye features into compact, generalizable
codes. These methods consistently emphasize that raw image data
is unnecessary overhead for the task. Our work follows this trajec-
tory by eliminating full image formation entirely, instead acquiring
compact latent measurements directly through task-driven optical
encoding.

Task-driven optics and latent-space sensing. Recent advances in
computational imaging have demonstrated the effectiveness of jointly
optimizing optical systems and downstream algorithms. By incorpo-
rating differentiable models of wave propagation, these approaches
enable end-to-end learning of optical elements together with re-
construction networks, often targeting high-fidelity image forma-
tion [Dai et al. 2025; Ho et al. 2024]. This paradigm has been explored
in a variety of settings, including learned diffractive optics [Wang
et al. 2023], task-driven lens design [Yang et al. 2026], collaborative
camera arrays [Sun et al. 2025], task-specific encoding for depth
and RGBD sensing [Liu et al. 2025], and coded aperture [Asif et al.
2017; Zhao et al. 2023b] or compressive imaging systems [Duarte
et al. 2008], where measurements are optimized for efficient recon-
struction.

Beyond image formation, a growing body of work shifts the ob-
jective from reconstruction to task performance. In these systems,
optical front-ends are optimized directly for downstream objec-
tives such as classification or detection, as demonstrated in lensless
opto-electronic neural networks [Shi et al. 2022], freeform optical
designs [Klotz and Nayar 2024], and compressive and single-pixel
imaging systems [Atanov et al. 2024]. This perspective recognizes
that full image recovery is often unnecessary when the goal is to
extract semantic information.

More recently, latent-space sensing extends this idea by learn-
ing optical encoders that map inputs directly into compact feature
representations, which are then processed by lightweight neural
networks [Souza et al. 2025]. By bypassing explicit image reconstruc-
tion, such approaches improve efficiency and reduce redundancy in
the sensing pipeline.
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Building on this perspective, we explore latent-space sensing for
gaze tracking, where the optical front-end directly encodes low-
dimensional gaze features instead of forming eye images. This for-
mulation enables a compact and efficient sensing pipeline tailored
for real-time applications such as AR/VR.

3 Gaze Tracking Framework and Dataset

Conventional image-based gaze estimation systems typically rely
on densely sampled eye images, requiring the sensor to capture, digi-
tize, and process a large number of pixels. However, the information
needed for gaze estimation may lie on a much lower-dimensional
manifold than the full image representation. Motivated by this obser-
vation, we estimate gaze from only 16 scalar measurements acquired
in a single snapshot.

As shown in Figure 1, our pipeline learns optical sensing pat-
terns that are optimized directly for gaze estimation. The optimized
optical encoder & acquires a measurement vector y € R'6. This
measurement is then processed by a lightweight decoder P, which
is trained to predict the latent representation h of a pretrained gen-
erative model G, together with gaze § and a validity flag 9. Rather
than targeting pixel-level reconstruction, the system is optimized to
recover a compact latent representation that preserves gaze-relevant
information.

3.1 Optical Encoder and Latent Distillation

To train this system, we define a differentiable digital encoder & that
emulates the measurement process of the optical encoder &. Given
an input eye image I, & is implemented as a bank of 16 learnable
binary masks at the image resolution:

E = {mk}llcﬁzl’ }256><256. (1)

my € {0,1

Each mask serves as an optical sensing pattern, and the correspond-
ing scalar measurement is computed by an inner product:

ye=(Lmg),  k=1...16 @)
The full measurement vector is
y=[y1y2-...y16] " € RS G)

Since the optical encoder provides only 16 scalar measurements,
direct supervision from gaze labels alone may not be sufficient to
learn a robust representation. Following [Souza et al. 2025], we train
a student decoder P to recover a compact feature aligned with the
latent space of a pretrained generative inversion model. Thus, the
decoder learns not only from gaze labels, but also from a structured
latent representation that captures gaze-relevant eye appearance.

To obtain the generative latent space used for supervision, we
train a StyleGAN2 generator G on eye patches [Karras et al. 2020],
together with an inversion model 1 based on the encoder archi-
tecture of [Richardson et al. 2021]. The inversion model maps an
eye image to a compact latent feature and serves as the teacher for
% during distillation training process. Given a clean eye image I,
the teacher predicts a compact latent feature, gaze estimate and a
validity logit:

hr, gr, o7 = Pr (), hr € R?, (@)
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The student decoder # maps the compressed measurement vector
y to a 256-dimensional bottleneck feature h and then predicts both
gaze and validity:

h, 4,0 =P(y), h e R%®, (5)

The decoder consists of a normalization layer, an upscaling MLP
block, and a two-layer MLP residual bottleneck, followed by sepa-
rate gaze and validity heads; architectural details are provided in
the supplementary material. The gaze and validity heads are initial-
ized from the corresponding pretrained heads of $r to accelerate
convergence.

Although the student is not trained with an image reconstruction
objective, its bottleneck feature remains connected to the generator
latent space. In particular, the compact feature can be repeated
across the L = 14 StyleGAN layers to form a broadcast ‘W™ code
when synthesis or latent editing is required.

The training objective combines supervised gaze regression, va-
lidity classification, gaze distillation, and feature distillation. We
denote the student-predicted gaze vector by g, the ground-truth
gaze by gar, and the teacher-predicted gaze by gr. Gaze errors are
measured using cosine distance, i.e., one minus the cosine similarity
between two 3D gaze vectors. The total loss is

L =/15upv Leos (ﬁ, gGT) + AasBCE(9, U)

+ Agaze»distill“ Leos (é, ér) + Afeat-distill0 “h - hT”g

(6)

Here, the first two terms train the student using ground-truth gaze
and validity labels, while the last two terms distill the teacher gaze
prediction gr and compact latent feature hr. The gaze and feature
terms are evaluated only on valid samples using v, whereas the
validity classification loss is applied to all samples.

This objective trains the student to recover a compact, gaze-aware
latent representation directly from the 16 optical measurements,
without requiring image reconstruction during this stage. Because
this representation is aligned with the teacher latent feature and
remains compatible with the generator through the broadcast ‘W*
construction, it also provides a natural latent coordinate system for
gaze control.

3.2 Gaze Steering in Latent Space

To evaluate the ability of the latent space to effectively encode gaze
directions and separate the corresponding parameters from appear-
ance and the visual identity of the subject, we demonstrate gaze
steering using the trained generator and residual displacement in la-
tent space (see supplemental videos for examples). This experiment
is intended as an analysis of the learned latent representation rather
than part of the gaze estimation pipeline. Successful gaze steering
indicates that the recovered latent preserves gaze-related semantic
information.

Given a source gaze gs and a target gaze g, a control network
Cy predicts a latent update that moves the representation from the
source gaze direction toward the target direction.

For the compact latent representation used above, the controller
predicts

Ah = Cy(gs, Gr), Ah € R¥®. ™)
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The edited compact latent code is then
h’ =h + Ah, (8)

where h is the compact latent representation produced by the in-
version encoder. The edited latent can be decoded by the frozen
generator after being repeated across the StyleGAN layers using
the same broadcast construction described above.

For higher-fidelity gaze steering, we also consider editing directly
in the full StyleGAN ‘W* space of the color-image generator. In
this setting, the latent representation consists of L = 14 indepen-
dent style vectors, each of dimension 512. The controller therefore
predicts a layer-wise residual Aw* € R1**512 which is added to the
inverted latent code before synthesis:

I' =G(w" + Aw™). 9)

This full ‘W* formulation follows the same residual-control princi-
ple as the compact case, but provides additional degrees of freedom
by allowing each StyleGAN layer to receive its own gaze-dependent
update.

In practice, Cg takes the concatenated gaze pair [ds; §;] as input.
A shared multilayer perceptron encodes this pair into a hidden rep-
resentation, and the output is either a single compact displacement
Ah or a set of layer-wise displacements Aw™*. The generator and
inversion encoder remain frozen throughout training; only the con-
trol network is optimized to produce latent edits that steer gaze
while preserving identity and eye appearance.

3.3 Dataset

Our dataset is derived from ETH-XGaze [Zhang et al. 2020], con-
sisting of high-resolution monocular eye patches. We utilize a pro-
cessing pipeline involving frontal camera selection and a circular
masking process to mitigate microlens-induced corner artifacts. To
ensure robustness against mechanical tolerances and optical align-
ment errors in the physical prototype, we apply random spatial
translations, scaling, and horizontal flipping as data augmentation
during training. Each sample is annotated with a 3D gaze vector and
a binary validity label to identify blinks or misalignments. Further
technical details on the cropping geometry, coordinate normaliza-
tion, and the automated classification of invalid inputs are provided
in the Supplementary Material. The final processed corpus includes
68 training subjects and 12 test subjects, totaling over 168,000 images.
Over valid samples, gaze spans —35.9° to 22.5° in pitch and —54.7°
to 56.5° in yaw. The held-out test split covers a slightly narrower
range, —31.7° to 19.1° in pitch and —46.6° to 47.2° in yaw.

3.4 Identity Augmentation via Generative Inpainting

Appearance-based gaze models are often prone to identity bias,
learning shortcuts based on skin tone or facial structure rather than
ocular geometry [Akgiil et al. 2026]. This is exacerbated by the lim-
ited demographic diversity typical of laboratory-collected datasets
[Zhang et al. 2020]. To address this, we introduce a generative aug-
mentation scheme leveraging the Flux diffusion model [Black Forest
Labs 2024] to diversify the periocular appearance associated with
each ground-truth gaze label.

Our pipeline utilizes SAM3 [Carion et al. 2025] to segment the
eye, creating an inpainting mask that preserves the original ocular
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Generated Eye Eye Verification

Fig. 2. Identity-varying augmentation via generative inpainting. From left to right: original eye crop, SAM3 eye segmentation, inpainting mask,
Canny-edge ControlNet input, the Flux-generated eye (conditioned on the mask, the Canny edges, and a diversity prompt), and SAM3 re-segmentation of the
generated eye overlaid on the original mask for consistency checking. Samples failing the area/loU check are regenerated with a different seed for up to

three attempts; if none passes, the original crop is retained. The gaze label therefore always remains valid. More augmentation examples can be found in the

Supplementary Material.
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Fig. 3. Hardware prototype. (a) The prototype layout utilizes a beam splitter to redirect the eye’s reflection toward the MLA+Mask assembly while allowing
the user to view a monitor. (b) Detailed view of the latent encoder stack, consisting of a micro-lens array, a binary chromium mask, and a phototransistor array.

The encoder performs spatial multiplexing, effectively convolving the eye image with a task-specific binary pattern to produce compressed measurements for

direct gaze estimation.

pixels while allowing the surrounding context to be regenerated. To
maintain anatomical plausibility, we employ Canny-edge [Canny
1986] ControlNet [Zhang et al. 2023] as a structural guide. Flux then
inpaints the masked region using prompts spanning diverse ethnici-
ties, ages, and lighting conditions. To ensure geometric fidelity, each
sample must pass a CLIP-based [Radford et al. 2021] semantic check
and an eye-consistency verification requiring 90% spatial overlap
(IoU > 0.9) with the original segmentation. This process reduces
the model’s reliance on identity-correlated features, as illustrated in
the pipeline overview in Figure 2. Extended details on the prompt
pool and verification metrics are provided in the Supplementary
Material.

4 Prototype

Our prototype consists of a beam splitter and a hardware sensing
module composed of a microlens array (MLA), a binary chromium
(Cr) mask, and a phototransistor array, as illustrated in Fig. 3. The
MLA and the Cr mask are fabricated on separate substrates and
bonded together after precise alignment. In operation, the eye is
illuminated and the reflected light is directed by the beam splitter
into the Latent Encoder. The microlens array forms micro-images
of the eye, which are selectively modulated by the binary mask. The
resulting encoded intensity is captured by the phototransistor array,
which is integrated with an FPGA-based acquisition circuit to yield
ultra-low-latency latent optical measurements for gaze estimation.

SA Conference Papers 26, December 01-04, 2026, Kuala Lumpur, Malaysia.
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(a) MLA

(b) Cr mask

(c) Optical encoder (d) Phototransistors

Fig. 4. Fabrication of the latent optical encoder. (a) Design layout of the Fresnel microlens array (MLA) featuring a 1 mm aperture. (b) Patterned binary Cr
mask designed for spatial modulation. (c) Photograph of the assembled latent encoder, where the MLA and Cr mask wafers are precisely aligned and bonded
using UV-curable glue. (d) Photograph of the 4 X 4 phototransistor array integrated on a custom PCB for high-speed intensity acquisition.

4.1 Microlens Array and Cr Mask

4.1.1 Design. The sensing module utilizes an MLA composed of
Fresnel lenses, each featuring an aperture of 1 mm and a focal
length of 1.94 mm. These lenses are designed to demagnify the
circular input eye region (diameter of 40 mm) into a reduced spot
of 0.256 mm, focused at the mask plane. The binary Cr mask is
patterned with corresponding features of 0.256 mm to match this
demagnified image size. Our architecture employs a direct mapping
where each phototransistor in the 4 X 4 array measures the integral
of light intensity over the corresponding masked image as described
in Eq. (2). The phototransistors are spaced with a 4 mm horizontal
pitch and a 3.88 mm vertical pitch. The layout of MLA and Cr mask
design is illustrated in Fig. 4(a) and (b).

4.1.2  Fabrication. The MLA and the binary Cr mask were fabri-
cated on separate wafers. The MLA (6.332 ym wrapping height, 1 ym
fabrication pitch) was fabricated on OrmoComp using grayscale
direct-write lithography followed by UV nanoimprinting, follow-
ing the methodology in [Amata et al. 2024]. The binary Cr mask
(1 pm fabrication pitch) was patterned on a separate wafer using
the same Heidelberg DWL66+ direct-write lithography system. The
MLA and mask substrates were then bonded together using careful
optical alignment to place the mask near the MLA focal plane. The
assembled prototype is shown in Fig. 4(c).

4.2 Phototransistors with FPGA system

We employ an array of TEMT6200FX01 phototransistors, which
feature a spectral sensitivity of 450-610 nm and a radiant sensitive
area of 0.75 mm?. To minimize electronic noise and ensure signal
integrity, the supporting printed circuit board (PCB) includes an
amplifier and a low-pass filter, followed by an analog-to-digital con-
verter (ADC). The converted digital signals are read out by an FPGA
at a stable sampling rate of 14,400 Hz (900 Hz for 16 phototransis-
tors). This hardware configuration enables the rapid acquisition
of latent features with high signal-to-noise ratio, supporting the
system’s low end-to-end latency.

5 Evaluation

To thoroughly evaluate the performance of our all-optical latent fea-
ture acquisition system, we design a two-stage assessment pipeline
followed by a dedicated analysis of system latency. The first stage
consists of a fully simulation-based evaluation, where the optical
encoder & and its associated binary masks are optimized and trained
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(b) Real measurement results (Subject 003)

Fig. 5. Evaluation results in simulation and real-world hardware. (a)
Representative gaze estimation results from the cross-subject simulation.
The top row shows the input eye patches, while the bottom row displays
the corresponding reconstructions overlaid with ground-truth (yellow) and
predicted (blue) gaze vectors. (b) Real hardware measurement results for
Subject 003. The left plot illustrates the spatial distribution of n = 138
evaluation points relative to K = 12 calibration points. The right heatmap
visualizes the per-point angular error across the field of view, spanning
approximately £15° in pitch and yaw, achieving a mean error of 4.50° after
subject-specific fine-tuning.

alongside the decoder # using our curated dataset of eye images, as
discussed in Section 3. The second stage transitions to real-world
deployment through human-subject fine-tuning. We fabricated the
optimized masks from the first stage and assemble them with MLA
and phototransistors. The system processes direct optical input from
human eyes; for each participant, we apply a rapid subject-specific
calibration to fine-tune the weights of P, yielding the final inference
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left down

(+0°, +20°) (-15°, +0°) (+15° +0°)

Angle Error = 0.93° Angle Error = 1.33° Angle Error = 1.95°

Angle Error = 1.38°

Angle Error = 0.53° Angle Error = 1.25° Angle Error = 0.47°

Angle Error = 0.62°

Angle Error = 1.93°

Angle Error = 1.75° Angle Error = 1.05° Angle Error = 1.85°

Angle Error = 1.36° Angle Error = 1.86° Angle Error = 1.00°

Fig. 6. Gaze steering example. Original / Inverted shows the source eye and its latent inversion from the simulated 16-dimensional sensor measurements.
We steer gaze to right (0°, —20°), left (0°, +20°), down (—15°,0°), and up (+15°,0°). Grayscale results show that the compact latent space preserves steerable
gaze information while varying the appearance, thus maintaining privacy, whereas color results use full image-space inversion for higher fidelity in the

identity of the subject.

Psub- This two-step approach allows us to bridge the gap between
theoretical optical design and practical low-latency gaze tracking.

5.1 Fully Simulated Evaluation

We evaluate whether gaze can be estimated from a compact set
of learned optical measurements by comparing our method with
image-based baselines under controlled sensing and computation
budgets. The goal is to test whether task-optimized optical sens-
ing can preserve gaze-relevant information while reducing both
the number of acquired measurements and the complexity of the
downstream predictor.

All models are trained and evaluated on monocular ETH-XGaze
eye patches [Zhang et al. 2020], using the subject split described
in Section 3.3, unless otherwise specified, we train using the orig-
inal training set together with the generative augmentation strat-
egy described in Section 3.4. For the full-resolution ResNet18 base-
line, this augmentation improves the angular error from 3.33° to
3.08°, suggesting that diversifying periocular appearance while

preserving gaze labels improves cross-subject generalization. We
compare against representative convolutional backbones used in
modern gaze-estimation pipelines, including ResNet-family mod-
els [Athavale et al. 2022; Cheng et al. 2022; Park et al. 2020], as
well as MobileNetV3 [Howard et al. 2017] and EfficientNet-B0 [Tan
and Le 2019]. These architectures are relevant baselines because
they are commonly used as compact encoders or bottlenecks for
edge-oriented vision systems. Image-based baselines operate either
on 16X16 or 256X256 eye patches. In contrast, our method does
not acquire a dense image; it estimates gaze from 16 learned op-
tical measurements captured by a 4x4 phototransistor array and
decoded by a lightweight MLP trained with latent-space distillation,
as described in Section 3.1.

Fig 5(a) qualitatively illustrates this sensing regime. The learned
measurements preserve enough gaze information to recover a rep-
resentative eye sample with a similar gaze direction, but the recon-
struction is not intended to preserve the subject’s identity or detailed
appearance. Instead, it corresponds to a plausible eye within the
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Table 1. Compactness—accuracy comparison on ETH-XGaze eye patches.
Lower angular error is better. MobileNetV3 and EfficientNet-B0 are included
as representative edge-oriented image backbones. Params and FLOPs refer
to the digital predictor after sensing.

Angular

Method Output Params (M) FLOPs (M) error (°) |

ResNet18 16X16 img. 11.697 280.10 5.54
ResNet18 256X256 img. 11.697 4546 3.08
MobileNetV3 16X16 img. 1.503 4.27 6.87
MobileNetV3 256X256 img. 1.503 143.04 3.11
EfficientNet-B0 16X 16 img. 5.124 19.51 5.87
EfficientNet-B0 256X256 img. 5.124 1029.00 2.96
Ours 16 meas. 0.244 0.49 6.47

generative model distribution that matches the inferred gaze. This
is desirable for privacy-preserving gaze sensing, since eye-tracking
data can reveal sensitive personal information [Kroger et al. 2020;
Liebling and Preibusch 2014], whereas our sensing pipeline avoids
capturing or reconstructing a faithful biometric eye image (Figure 6).

Table 1 summarizes the compactness—accuracy tradeoff. Our
method achieves 6.47° angular error using only 16 measurements,
0.244M parameters, and 0.49 MFLOPs. Compared with the 16X16
ResNet18 baseline, it reduces sensing dimensionality by 16X, param-
eters by approximately 48X, and predictor computation by approx-
imately 573X, with a moderate error increase from 5.54° to 6.47°.
Compared with the full-resolution 256x256 ResNet18 baseline, it
reduces sensing dimensionality by 4096 and predictor computation
by approximately 9300x.

The compact-backbone comparisons show that the proposed
approach is not simply a smaller neural network. At 16x16, Mo-
bileNetV3 obtains 6.87° error with 1.503M parameters and 4.27M
FLOPs, while our method achieves lower error with approximately
6.2x fewer parameters and 8.7X fewer FLOPs. EfficientNet-B0 im-
proves the error to 5.87°, but requires approximately 21X more
parameters and 40x more FLOPs. Thus, even aggressively down-
sampled image-based baselines still require forming and processing
an eye image, whereas our system directly acquires a small set of
task-optimized optical measurements.

We further examined whether accuracy depends on the gaze
range by evaluating the same model on test subsets restricted to
increasingly wide ranges. The error varies by less than 0.3° across
these subsets, from 6.17° within +15°—the range covered by the
hardware evaluation in Sec. 5.3—to 6.47° over the full test span,
indicating that accuracy is limited by the sensing budget rather than
by how far the eye is rotated.

Overall, these results show that the proposed system targets an
extreme low-measurement regime rather than the unconstrained ac-
curacy regime of dense image-based gaze estimators. By combining
learned optical sensing with latent-space supervision, the system
provides a compact, identity-obfuscating pipeline for low-power
and low-latency gaze estimation.
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Table 2. Real-measurement calibration results across 12 subjects. K denotes
the number of subject-specific calibration points used to fine-tune the
decoder; MAE is the mean angular error.

K 9 12 15

MAE (°)| 655 596 592

5.2 Gaze Steering Evaluation

To assess identity and appearance preservation in the gaze-steering
operator, we report a cyclic round-trip evaluation. Starting from the
source reconstruction, we first steer the gaze to a target direction
and then steer it back to the original direction, comparing the cycled
image with the source reconstruction. This provides a meaningful
reference for image-quality metrics such as PSNR, SSIM, and LPIPS,
since the forward edit alone has no ground-truth target image. The
forward and backward angular errors, 1.18° and 1.23°, confirm accu-
rate steering in both directions, while the photometric scores, PSNR
29.02 dB, SSIM 0.879, and LPIPS 0.125, indicate that appearance is
well preserved through the full round trip. Qualitative examples are
shown in Fig. 6.

We use gaze steering as a lightweight latent-space editing mod-
ule rather than a dedicated steering network. Given the source and
target gaze directions, a small MLP predicts a gated offset in Aw™,
enabling controlled gaze edits with minimal architectural complex-
ity. Prior work used gaze steering to synthesize adaptation data
and reported small improvement in gaze-estimation accuracy [Yu
et al. 2019]; however, we did not observe a comparable adaptation
gain in our setting. Instead, our results highlight gaze steering as
a practical editing tool for graphics applications, requiring only a
compact MLP rather than a specialized steering architecture.

5.3 Evaluation with Human Subjects

To evaluate the real-world performance of our system and bridge
the simulation-to-reality gap, we conducted a series of experiments
with human subjects using our hardware prototype as shown on
the right of Fig. 1.

During acquisition, subjects stabilized their heads and observed
a monitor through the beam splitter. Calibration targets were ran-
domly presented across the screen to approximately uniformly cover
the gaze range, and the known screen geometry was used to com-
pute the ground-truth gaze direction. No eye images were captured
during evaluation. Illumination was provided by standard broad-
band room lighting. For each target, the FPGA collected continuous
raw intensity signals for less than one second at 900 Hz. The photo-
transistor outputs were normalized using white and black reference
measurements, filtered for electronic noise and to form the final
16-dimensional latent measurements.

We conducted experiments with 12 human subjects using the
hardware prototype. Data were collected under ordinary indoor
lighting using subjects of different genders and ethnicities. The
evaluation naturally included variations in eye color, contact lenses,
eye makeup, and small involuntary head movements. Subjects self-
initiated each measurement once they believed they had stably
fixated on the displayed target; trials affected by obvious blinks or
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Fig. 7. Timing diagram and latency comparison. Our end-to-end pipeline is measured from the initial LED trigger through physical acquisition (3.19
ms) to final CPU inference (0.22 ms), totaling less than 3.4 ms. This performance is compared against state-of-the-art commercial [SR Research Ltd. 2013],
image-based [Bonazzi et al. 2023; Davalos et al. 2025], and event-based systems [Li et al. 2024], demonstrating that our all-optical latent sensing approach
matches specialized high-speed trackers while significantly outperforming conventional mobile edge vision systems.

large unintended movements were simply repeated. For each subject,
we captured 150 high-quality data points, with a small number
of remaining outliers automatically rejected based on deviations
from adjacent samples. We selected K data points from this set
for rapid subject-specific calibration of #s,;. These points were
distributed across the entire gaze area to ensure comprehensive
coverage, reporting results for K = 9, 12, and 15 in Table 2. Notably,
with K = 12 calibration points, the system already achieves a mean
angular error of 5.96°, with some subjects reaching a minimum
error of 4.5°. Fig. 5(b) illustrates this process for a representative
participant (Subject 003), showing the spatial distribution of the
K =12 calibration points alongside the evaluation points (left), as
well as the resulting gaze estimation errors across the field of view
(right).

Two geometric factors are compensated by the per-subject calibra-
tion. Without a corneal glint as reference, residual sensor—eye mis-
alignment is geometrically ambiguous from eye rotation [Niehorster
et al. 2020], which glint-based methods mitigates by construction
[Guestrin and Eizenman 2006]; and the optical axis observed by
appearance-based sensing differs from the visual axis by the kappa
angle, ~5°, individual-specific, and learnable only on average across
subjects. Both are constant within a session, so twelve calibration
points recover most of the error, with little gain beyond. The +15°
range is determined by the geometry of our proof-of-concept setup,
not the encoding principle: the same encoder covers the full test
span with nearly uniform error (Sec. 5.1), making the calibrated
5.96° comparable to the matched-range simulation error of 6.17°.
Since foveal vision spans only ~2° [Patney et al. 2016], this accu-
racy supports region-level gaze applications—attention, dwell, and
coarse selection—rather than the sub-degree regime of clinical work
or precise pointing; at 6.3°, LiGaze distinguishes 4, 9, and 16 screen
regions with 100%, 99.5%, and 91.7% accuracy [Li et al. 2017].

5.4 System Speed and Latency

We evaluate the end-to-end latency of the proposed system, includ-
ing optical sensing, signal acquisition, and computational inference.
All latency is measured over 2000 runs after 50 warm-up iterations.

Measurement Setup. To measure the physical sensing latency, we
use an LED as a controlled optical trigger. A digital signal is sent to
turn on the LED, and the resulting change in measured intensity is
recorded by the phototransistor array and read by the PC. The time
difference between the trigger signal and the recorded intensity
change reflects the sensing and acquisition latency.

Optical Sensing Latency. Across repeated measurements, the aver-
age latency from LED trigger to PC readout is 3.19 ms. This includes
phototransistor response, analog-to-digital conversion, FPGA read-
out, and data transfer. The sensing pipeline operates at 900 Hz,
corresponding to a frame interval of approximately 1.11 ms.

Inference Latency. Inference is evaluated on a workstation equipped
with an AMD EPYC 7763 CPU and an NVIDIA RTX A4500 GPU. On
a CPU, the forward pass takes approximately 0.22 ms. On a GPU, the
network inference itself requires 0.17 ms. When accounting for data
transfer between CPU and GPU, an additional overhead is observed.
The total GPU-based inference latency, including data transfer, is
approximately 0.68 ms.

End-to-End Latency. Combining sensing and inference, the total
system latency is approximately 3.4 ms on CPU and 3.87 ms on GPU.
This demonstrates that the proposed system achieves sub-5 ms
latency, significantly outperforming conventional camera-based
gaze tracking systems that typically operate at tens of milliseconds
due to image acquisition and processing overhead. A comparison
with representative systems is provided in Figure 7. The temporal
breakdown of our trigger-to-output pipeline and its comparison with
state-of-the-art image-based and event-based trackers are further
illustrated in Fig. 7.

It is important to note that latency definitions vary across prior
work. For example, in recent event-based gaze tracking systems
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such as [Li et al. 2024], latency is defined as “the time required to
estimate gaze from an event set”, which corresponds to processing
time after events have been accumulated. As a result, this definition
does not explicitly account for the event acquisition process itself.
In practice, event generation depends on brightness changes and
can become significantly slower under low-light or low-contrast
conditions, introducing additional sensing delay that is not reflected
in the reported latency.

While high-end commercial systems such as the EyeLink 1000
Plus [SR Research Ltd. 2013] report an end-to-end latency of approx-
imately 3 ms, our measured sensing latency of 3.19 ms includes the
inherent activation delay of the LED trigger used in our setup. Since
this trigger introduces additional delay in the measurement loop, the
reported latency should be considered an upper bound. Accounting
for this measurement overhead, the actual latency of the optical
sensing-to-inference pipeline is expected to be lower, suggesting
that the proposed system can match or potentially exceed the tem-
poral performance of specialized hardware while maintaining a fully
passive and compact architecture.

6 Discussion and Outlook

In this work, we have demonstrated an all-optical latent feature
acquisition system that achieves low-latency gaze tracking by shift-
ing the computational burden of feature extraction into the optical
domain. By utilizing a task-driven optical encoding, we bypass the
conventional image-formation bottleneck, directly capturing a com-
pact 16-dimensional representation of the eye.

The primary advantage of the proposed pipeline is its extreme
efficiency on both the sensing and computational sides. As shown
in our latency analysis, the physical acquisition takes only 3.19 ms,
while the lightweight digital predictor requires a mere 0.22 ms on a
CPU. This combined performance results in a total system latency
of less than 3.4 ms, successfully meeting the critical 5 ms threshold
required for immersive XR applications. Unlike image-based systems
that are limited by CMOS frame rates and massive data readout,
our sensing-as-inference paradigm enables a high sampling rate of
900 Hz with minimal data volume.

Our evaluation results highlight the effectiveness of the two-
stage training strategy. In a fully simulated cross-subject setting, the
system achieves a mean angular error of 6.47° without individual
fine-tuning. Our real-world experiments demonstrate that rapid
subject-specific fine-tuning successfully bridges the simulation-to-
reality gap. With only 12 to 15 calibration points, the per-subject
mean angular error is reduced to below 6°. This confirms that the
learned latent features are not only robust to physical fabrication
tolerances but are also expressive enough to capture gaze-relevant
information across different human subjects.

While our current hardware serves as a proof-of-concept proto-
type, it establishes a blueprint for more efficient commercial imple-
mentations. The massive reduction in measurement dimensionality—
from a 256256 image to just 16 scalars—represents a 4096x decrease
in sensing data. This reduction directly translates to lower power
consumption in data transmission and processing, which is vital for
battery-operated mobile XR glasses. State-of-the-art camera-based
gaze trackers achieve substantially higher accuracy, but rely on
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richer sensing: high-resolution eye images, active infrared illumi-
nation, larger input regions (both eyes or the full face), and more
extensive calibration, together with considerably more computa-
tional processing [Cheng et al. 2022; Kellnhofer et al. 2019; Zhang
et al. 2020]. Our work instead explores a different point on the
accuracy-latency-compute trade-off. Consequently, direct compar-
ison of angular accuracy alone does not fully reflect the different
design objectives of these systems. Future implementations could
further improve accuracy and integration through better optical
fabrication, alignment, and miniaturization while preserving the
core sensing paradigm. Within the regime identified above, such sys-
tems are particularly attractive for latency- and power-constrained
applications—smart glasses, near-eye displays, attention monitoring,
coarse gaze interaction, and foveated rendering with conservatively
padded foveal regions—where extremely low end-to-end latency and
compact passive hardware matter more than the highest attainable
gaze accuracy.
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