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Fig. 1. Eye tracking in smart glasses is constrained by strict battery limits and device slippage. Existing trackers project glints onto the cornea to resolve the
ambiguity between slippage and eye rotation. Left: We present a method that resolves this ambiguity optically using an end-to-end designed camera. Middle:
We co-engineer a Point Spread Function (PSF) that varies rapidly across the slippage depth range, jointly optimizing it with the sensor and neural network.
Right: Our approach matches the 0.75° average gaze error of the best glint-free refractive baseline but uses more than 6× fewer floating-point operations.

Accurate gaze tracking is essential for interaction in VR and AR devices;
however, integrating it into the compact form factor of smart glasses remains
a challenge. Existing approaches typically rely on active glint-based pupil-
center corneal reflections to decouple eye rotation from devices slippage.
While effective, the required geometric arrangement of illumination sources
is challenging to integrate into compact eyewear. Without the reference
features provided by glints, passive tracking requires computationally ex-
pensive processing to resolve the ambiguity between slippage and rotation.

In this work, we introduce a glint-free nano-optical eye-tracking method
with the lens, sensor operation, and reconstruction network tailored to this
task. We design a point spread function that provides an optical encoding
that physically disentangles slippage from rotation. We validate our method
both in simulation and with an experimental prototype, finding that our
optical encoding with end-to-end design allows for an approximately 6×
reduction in floating-point operations (FLOPs) compared to conventional
glint-free methods relying on mobile-optimized networks. This creates a
viable path for always-on, glint-free eye tracking in compact smart glasses.
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1 Introduction
The transition from handheld devices to always-on smart glasses
is the next frontier in personal computing, and in this persistent
Augmented Reality (AR) paradigm eye tracking plays the role of
the desktop mouse cursor: the primary, continuous input for intent
recognition and interface control. Unlike tethered Virtual Reality
(VR) systems backed by powerful GPUs, smart glasses rely on con-
strained mobile processors that must simultaneously handle SLAM,
display rendering, and hand tracking, so eye tracking runs as an
“always-on” background service that must be robust at a minimal
computational footprint without monopolizing the inference capac-
ity of the primary AR applications.

Today’s eye tracking devices largely rely on Pupil Center Corneal
Reflection (PCCR) [Hansen and Ji 2009; Hutchinson et al. 1989],
using active near-infrared (NIR) glints to disentangle eye rotation
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Fig. 2. Eye Rotation vs. Glasses Slippage Ambiguity. (Row 1) With a
conventional lens, a rightward eye rotation without glasses movement looks
similar to the glasses slipping sideways without eye movement. (Row 2)
Glint-based trackers triangulate the true state from corneal reflections of
device-mounted IR LEDs, which stay surface-locked under rotation but shift
under slippage. (Row 3) Our depth-coded metalens resolves the ambiguity
without glints through optical signatures that vary rapidly with depth,
letting the network disentangle rotation from slippage in a single image.

from headset slippage. In smart glasses, however, frame-mounted
LEDs impose steep illumination angles that are easily occluded by
eyelashes or missed during rotation, and outdoor solar NIR further
degrades the signal [Guestrin and Eizenman 2006]. Appearance-
based alternatives remove the need for glints but inherit an ill-
posed ambiguity between rotation and slippage, as Fig. 2 illustrates.
This ambiguity can be mitigated either with multi-camera setups
[Tonsen et al. 2017], at the cost of large footprint and power, or
with over-parameterized networks that exceed the inference budget
of always-on wearables [Cheng et al. 2024; Yu et al. 2019]. In both
regimes, optics, sensor, and downstream network are designed in
isolation: lenses are optimized for sharpness and discard depth cues,
sensors are optimized for pixel count and flood the processor with
redundant data, and networks are asked to resolve ambiguities that
the optics could have removed physically. We instead treat these
three stages as a single system.
We introduce a depth-sensitive, compute-efficient eye tracker

built around a custom metasurface whose Point Spread Function
(PSF) optically encodes 3D depth cues into the sensor image. This
physical encoding disentangles eye pose from glasses slippage with-
out a heavy inference network. We jointly optimize the metasur-
face, effective pixel pitch, and backbone architecture against a task-
error + FLOPs objective, and validate the design in simulation and
on a hardware prototype, matching the accuracy of the best glint-
free refractive baseline with approximately 6× fewer floating-point
operations. Depth-coded PSFs have precedent in microscopy and
computational imaging [Guo et al. 2019; Pavani et al. 2009]; our
contribution is their use as a task-specific physical encoder of the
rotation–slippage ambiguity (Eq. 6), co-optimized with sensor pitch
and network architecture under a compute budget (Eq. 10).
We make the following contributions in this paper:

• Wepresent a new approach to disentangling eye rotation from
glasses slippage for glint-free eye tracking using nano-optical
depth encoding.

• We implement an end-to-end differentiable method that
jointly optimizes meta-optics and network, balancing
tracking accuracy against computational cost.

• We validate the method in simulation and on a physical pro-
totype: the co-designed system reaches sub-degree gaze er-
ror relative to refractive glint-free baselines with 6× fewer
floating-point operations.

2 Related Work
Eye Tracking. Eye tracking has evolved from invasive scleral

coils [Young and Sheena 1975] to Video-Oculography, where Pupil
Center Corneal Reflection (PCCR) remains the glint-based gold
standard [Hansen and Ji 2009; Hutchinson et al. 1989]. Wearable
trackers must resolve the ambiguity between eye rotation and sen-
sor slippage [Guestrin and Eizenman 2006]: classical systems use
active corneal glints or depth-based cues from RGB-D rigs or de-
flectometry [Funes Mora et al. 2014; Sun et al. 2015; Wang et al.
2025b], but these impose severe geometric constraints [Tonsen et al.
2017] and are easily disrupted by frame flex [Niehorster et al. 2020].
Appearance-based gaze estimation hasmatured fromCNNs to Trans-
former backbones [Cheng et al. 2024; Kim et al. 2019; Krafka et al.
2016; Xiao et al. 2025; Zhang et al. 2015], but without explicit depth
or glints the rotation–slippage ambiguity is paid for in FLOPs or in
continuous domain adaptation [Yu et al. 2019]. Event sensors [An-
gelopoulos et al. 2020; Gallego et al. 2020] and MEMS raster-scan
trackers [Meyer et al. 2020; Sarkar et al. 2017] cut bandwidth but
sacrifice static fixation, mechanical robustness, or the image fidelity
needed for tasks like iris authentication [Daugman 2009]. We pursue
a passive, image-based method that offloads the spatial encoding of
slippage and rotation to a depth-coded metalens.

Computational Optics and End-to-end Design. End-to-end optics
couple a learnable optical element to a reconstruction network,
encoding high-dimensional visual signal into a 2D measure-
ment [Heide et al. 2016, 2013; Peng et al. 2015, 2019; Sitzmann et al.
2018; Tseng et al. 2021a,b; Wetzstein et al. 2020], and have enabled
achromatic imaging, depth, HDR, and snapshot hyperspectral
capture [Baek et al. 2021; Chakravarthula et al. 2023; Chang and
Wetzstein 2019; Dun et al. 2020; Fröch et al. 2025; Guo et al. 2019;
Ikoma et al. 2021; Jeon et al. 2019; Metzler et al. 2020; Shi et al.
2024a,b; Su et al. 2018; Sun et al. 2025, 2020], with fabrication-aware
extensions [Wei et al. 2025; Zheng et al. 2023]. Recent near-eye
nano-optics fold the optical path or trim camera protrusion [Kim
et al. 2024; Yun et al. 2025], but focus on miniaturization rather
than task-specific signal encoding and — importantly — do not treat
compute cost as an objective.

Efficient Vision. On-sensor computing, sparse sampling, and NAS
reduce inference cost in isolation [Baek et al. 2025; Cai et al. 2019;
Feng et al. 2024; Wan et al. 2020; Wang et al. 2025a], while optical
neural networks [Lin et al. 2018; Mennel et al. 2020; Wei et al. 2024]
offload work into the optics but leave the sensor readout bottleneck
untouched. Hardware-software co-designs such as EyeCoD [You
et al. 2023] and Minimalist Vision [Klotz and Nayar 2025] couple
frontend and backend but do not optimize the optics. We instead
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Fig. 3. Efficient Nano-optical Eye Tracking. We co-design the full eye tracking pipeline -— optics, sensor, and neural inference -— for eye tracking accuracy
and compute cost. Specifically, we minimize a joint objective of task loss Ltask and energy cost Lenergy. To offload computation to the optical domain with
Loptics, we use the Fisher Information Matrix (FIM) to penalize similarity of eye rotation and slippage after optical encoding. We adopt an elastic neural
backbone to search for the minimum viable architecture subject to the compute budget. (Left) We built a hardware prototype to confirm the effectiveness of
the method.

co-optimize metasurface phase, effective pixel pitch, and model
architecture under a FLOPs budget.

3 Efficient End-to-End Eye Tracking
We describe a fully differentiable model for jointly designing the
optics, sensor readout, and downstream processing of the proposed
eye tracker (Fig. 3): the depth-aware image formation model and its
metasurface depth encoding, the processing model and its compute
cost, and the training strategy.

3.1 Depth-Aware Image Formation
We model light propagation from a point source of amplitude 𝐴0
at lateral position (𝑥,𝑦) and depth 𝑧 to the sensor plane; under the
paraxial approximation, the incident field 𝑈𝑖𝑛 at the metasurface
plane is the spherical wave

𝑈𝑖𝑛 (𝑥,𝑦; 𝑧, 𝜆) = 𝐴0 exp
(
−𝑖 2𝜋

𝜆

√︁
𝑥2 + 𝑦2 + 𝑧2

)
. (1)

We design a single nanophotonic element for simultaneous fo-
cusing and encoding, composed of sub-wavelength nano-pillars pa-
rameterized by a diameter map D ∈ R𝐻×𝑊 [2021a]. We map these
diameters to phase modulation 𝜙𝑚𝑒𝑡𝑎 and transmission magnitude
𝑇 via a proxy function

𝜙𝑚𝑒𝑡𝑎 (𝑥,𝑦, 𝜆),𝑇 (𝑥,𝑦, 𝜆) = F𝑝𝑟𝑜𝑥𝑦 (D(𝑥,𝑦); 𝜆). (2)

Here, F𝑝𝑟𝑜𝑥𝑦 is a polynomial fitted to a library of achromatic
nano-structures simulated via Rigorous Coupled-Wave Analysis
(RCWA) [Liu and Fan 2012], see Supplementary Material for details.

The complex field leaving the metasurface is 𝑈𝑜𝑢𝑡 = 𝑈𝑖𝑛 · 𝑇 ·
𝑒𝑖𝜙𝑚𝑒𝑡𝑎 .We propagate this field to the sensor plane using theAngular
Spectrum Method (ASM) to obtain the Point Spread Function (PSF)
for any depth 𝑧, that is

PSF(𝑧, 𝜆) =
��F −1 {F {𝑈𝑜𝑢𝑡 } · 𝐻𝑝𝑟𝑜𝑝 (𝑑𝑠𝑒𝑛𝑠𝑜𝑟 , 𝜆)

}��2 , (3)

where 𝑑𝑠𝑒𝑛𝑠𝑜𝑟 is the lens-sensor distance and 𝐻𝑝𝑟𝑜𝑝 is the free-space
transfer function. To compensates for depth-dependent radiometric

fall-off, we normalize the PSFs to maintain consistent signal energy
P̂SF(𝑧) = PSF(𝑧 )∑

𝑥,𝑦 PSF(𝑧 ) .

Image Synthesis with Distributed Field Sampling. We sample a
dense PSF stack P = {P̂SF(𝑧𝑘 )}𝐾𝑘=1 at ≤0.5mm depth intervals with
a data-parallel AllGather scheme [Sun et al. 2025], alpha-composite
the scene radiance layers with P following an occlusion-aware
model [Ikoma et al. 2021], and apply a differentiable sensor model
that includes a learnable box filter W𝑝 (effective pixel pitch 𝑝),
energy-preserving factor 𝜅 = (𝑝/𝑝𝑏𝑎𝑠𝑒 )2, and Gaussian + Poisson
noise. Full derivation in Supplementary Material Sec. A.

3.2 Separable Optical Encodings via Fisher Information
Eye rotation (gaze) and glasses slippage (slip) often induce linearly
dependent intensity variations on the sensor, and resolving this am-
biguity with priors alone requires complex, power-hungry networks.
Instead, we optimize the optical frontend as a physical encoder that
yields an inherently separable representation: the metalens phase
profile is a learnable parameter that maximizes the Fisher Informa-
tion with respect to the motion parameters Θ = (𝜃1, 𝜃2), with 𝜃1 the
gaze rotation and 𝜃2 the device slippage.
We analyze the sensitivity of the sensor image I to changes in

these parameters. We define the sensitivity field (or Jacobian image)
for the 𝑖-th parameter as J𝑖 = 𝜕I

𝜕𝜃𝑖
. Since the physical rendering

process is non-differentiable with respect to scene coordinates, we
approximate these fields using a finite difference triplet strategy. In
each iteration, we render a triplet of images {𝐼𝑎𝑛𝑐ℎ𝑜𝑟 , 𝐼𝑔𝑎𝑧𝑒+, 𝐼𝑠𝑙𝑖𝑝+}
to compute the discrete gradients, which we describe in detail in Sec
3.6. The elements of the Fisher Information Matrix (FIM), F ∈ R2×2,
are then computed as the inner product of these sensitivity fields
over the sensor pixel domain Ω

F𝑖 𝑗 (Θ) ≈ ⟨J𝑖 , J𝑗 ⟩ =
∑︁
𝑝∈Ω

(
𝜕I𝑝
𝜕𝜃𝑖

·
𝜕I𝑝
𝜕𝜃 𝑗

)
, (4)

where indices 𝑖, 𝑗 ∈ {1, 2} refer to the gaze and slip parameters,
respectively.
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Geometrically, J1, J2 ∈ R |Ω | are vectors in pixel space: the diag-
onals F𝑖𝑖 = ∥J𝑖 ∥2 measure the sensitivity to each motion and the
off-diagonal F12 their alignment, with span angle

cos𝜙 =
F12

∥J1∥∥J2∥
=

F12√
F11F22

. (5)

As illustrated in Fig. 3, we seek large ∥J𝑖 ∥ (high sensitivity) and
𝜙 → 90◦, so that rotation and slippage are encoded along orthogonal
directions in pixel space (Supplementary Material Sec. A.5).

Optical Embedding Loss. As an optical embedding loss, we use a
compound loss function designed to maximize information content
while favoring disentanglement

L𝑜𝑝𝑡𝑖𝑐𝑠 (𝜙𝑜𝑝𝑡 ) = −
∑︁
𝑖

log(F𝑖𝑖 ) + 𝜆𝑜𝑟𝑡ℎ

∑︁
𝑖≠𝑗

(F𝑖 𝑗 )2 + 𝜆𝑒 (1 − 𝐸encircled) .

(6)
The three terms encode sensitivity, orthogonality, and compact-

ness: −∑
𝑖 log F𝑖𝑖 maximizes the gradient magnitudes so that minute

motions yield intensity changes well above the sensor noise floor;∑
𝑖≠𝑗 F2𝑖 𝑗 drives the off-diagonal Fisher entries to zero, decorrelating

the encoded motions; and (1 − 𝐸encircled) penalizes PSF energy dis-
persion to preserve the per-pixel SNR for the downstream detector.
See Supplementary Material Sec. A for details.

3.3 Neural Reconstruction Model
To recover gaze efficiently, we search over sub-networks of a unified
supernet [Cai et al. 2019], each trading network capacity against
compute.

Architecture. We construct an elastic backbone B based on the
edge-friendly MobileNetV3 [Howard et al. 2019]. To resolve the
ambiguity between sensor slippage and eye rotation, we bifurcate
the architecture into two functionally orthogonal heads. Given an
input sensor image I, the backbone extracts a shared feature map
F = B(I;𝜃𝑠ℎ𝑎𝑟𝑒𝑑 ).

The first branch, Perception Head (H𝑝𝑒𝑟𝑐 ), employs a lightweight
decoder to predict a binary segmentationmaskM ∈ R𝐻×𝑊 , isolating
the 2D pupil centroid u ∈ R2 independent of scene depth. The second
branch, Calibration Head (H𝑐𝑎𝑙𝑖𝑏 ), flattens the feature map to retain
coordinate awareness, employing a regression layer to decode the
camera displacement vector Δt ∈ R3 (slippage).

Δt =H𝑐𝑎𝑙𝑖𝑏 (Flatten(F)). (7)

This regression is physically grounded in two cues: (1) lateral
slippage (Δ𝑥,Δ𝑦) is inferred from the translation of static periorbital
anchors (e.g., themedial canthus) relative to the sensor frame [Sesma
et al. 2012], and (2) axial slippage (Δ𝑧) is decoded from the depth-
dependent Point Spread Function (PSF) of the metasurface, which
modulates the texture sharpness of these anchors as a function of
camera-to-eye distance.

The pupil centroid u and slippage Δt are fused into gaze via a de-
terministic spherical-eye solver (Supplementary Material Sec. A.4) —
a slippage-corrected ray from u is intersected with an eye sphere of
radius 𝑅 to obtain the optical axis g𝑜𝑝𝑡 — followed by a lightweight
residual regressor R(g𝑜𝑝𝑡 ,Δt;𝜃𝑟𝑒𝑔) that predicts the subject-specific
angle-kappa offset to the visual axis g𝑣𝑖𝑠 . We supervise with a Dice
segmentation loss on the predicted pupil mask and an ℓ2 loss on

the predicted slippage vector, L𝑡𝑎𝑠𝑘 = L𝑠𝑒𝑔 + 𝜆𝑠𝑙𝑖𝑝L𝑐𝑎𝑙𝑖𝑏 , see Sup-
plementary Material Sec. A for the details.

We share weights across three elastic axes: kernel size𝑘 ∈ {3, 5, 7}
(quadratic in depthwise cost), depth 𝑑 (linear in layer count), and
width𝑤 (quadratic in pointwise cost). This spans a family of subnets
trading accuracy against compute.

Sandwich Rule Training. Training each sub-network indepen-
dently is infeasible, so we train the supernet as a stochastic weight-
sharing graphwith the “sandwich rule” [Cai et al. 2019]: at every step
we optimize the largest sub-network (N𝑚𝑎𝑥 ), the smallest (N𝑚𝑖𝑛),
and sampled intermediate ones (N𝑠𝑎𝑚𝑝𝑙𝑒 ), accumulating gradients
into the shared weights 𝜃 and the optical parameters 𝜙 as

L𝑡𝑟𝑎𝑖𝑛 = L𝑡𝑎𝑠𝑘 (N𝑚𝑎𝑥 ) + L𝑡𝑎𝑠𝑘 (N𝑚𝑖𝑛) +
𝑛∑︁
𝑖=1

L𝑡𝑎𝑠𝑘 (N (𝑖 )
𝑠𝑎𝑚𝑝𝑙𝑒

). (8)

N𝑚𝑎𝑥 and N𝑚𝑖𝑛 anchor the upper and lower accuracy bounds;
since the metasurface receives gradients from all sub-networks at
once, it becomes a “generalist” encoder that preserves the high-
frequency detail N𝑚𝑎𝑥 exploits while keeping the contrast N𝑚𝑖𝑛
needs—a robust warm start for the specializations in Sec. 3.5 (Sup-
plementary Material Sec. B.4).

3.4 Computational Cost Model
We model the per-inference cost 𝐶𝑡𝑜𝑡𝑎𝑙 as a differentiable function
of two coupled variables: the effective pixel pitch 𝑝 , which sets the
input resolution 𝐻𝑠𝑊𝑠 ∝ 𝑝−2 via physical readout or digital resiz-
ing [Sze et al. 2017], and the active subnet 𝛼 = {𝑤,𝑑, 𝑘}, which sets
the network capacity [Tan and Le 2019]. Summing the floating-point
operations of the MobileNetV3 inverted-residual blocks [Howard
et al. 2019; Ma et al. 2018],

𝐶total (𝑝, 𝛼) =
𝑑∑︁
ℓ=1

[
Opspw

ℓ
(·) + Opsdwℓ (·) + Opsseℓ (·)

]
, (9)

where the terms are the pointwise expansion/projection, depthwise
convolution, and squeeze-and-excitation operations, respectively.
This lets the co-design trade pixel density against depth and width
(Supplementary Material Sec. B.5).

3.5 Bi-Level Optimization
We formulate the co-design as a bi-level optimization (Fig. 4) that
decouples the discrete architecture 𝛼 ∈ A from the continuous
parameters 𝜃 ={𝜙𝑜𝑝𝑡 , 𝑝,w𝑛𝑒𝑡 }. For a fixed 𝛼 , the inner loop solves a
budget-penalized compound loss that couples the task loss with the
Fisher-information optics loss of Eq. 6,

𝜃 ∗ (𝛼) = argmin
𝜃

[
L𝑡𝑎𝑠𝑘 +𝜆𝑜 L𝑜𝑝𝑡𝑖𝑐𝑠 +𝜆𝑐

[
𝐶𝑡𝑜𝑡𝑎𝑙 (𝛼, 𝑝) −𝐶𝑏𝑢𝑑𝑔𝑒𝑡

]
+

]
,

(10)
where [ · ]+=max(0, ·) is the budget penalty, L𝑜𝑝𝑡𝑖𝑐𝑠 (𝜙𝑜𝑝𝑡 ) shapes
the learned PSF directly through the Fisher information at the sen-
sor (Eq. 6), and L𝑡𝑎𝑠𝑘 (𝛼, 𝜃 ) supervises downstream gaze accuracy.
We warm-start 𝜃 from the pre-trained supernet S and fine-tune for
3 epochs via differentiable wave propagation and sensor integra-
tion [Cai et al. 2019; Pham et al. 2018; Sitzmann et al. 2018]. The
outer loop then maximizes V(𝛼, 𝜃 ∗ (𝛼)) over A with a Regular-
ized Evolutionary Algorithm (REA) [Real et al. 2019], and sweeping

SA Conference Papers ’26, December 01–04, 2026, Kuala Lumpur, Malaysia.



Efficient Nano-Optical Eye Tracking for Smart Glasses • 5

Fig. 4. Bi-level Optimization. Outer loop: a Regularized Evolutionary
Algorithm (REA) samples architectures from a weight-sharing Supernet
S under a compute budget and takes validation feedback from the inner
loop. Inner loop: the sampled architecture inherits Supernet weights and
is fine-tuned end-to-end to jointly optimize the optics, sensor pitch, and
network weights.

𝐶𝑏𝑢𝑑𝑔𝑒𝑡 yields a Pareto set of accuracy–efficiency configurations. Full
outer objective, weight-inheritance projectionM(S, 𝛼), and REA
hyperparameters are provided in Supplementary Material Sec. B.

3.6 Synthetic Eye-Tracking Data
Training and evaluating our co-designed optics requires precise
supervision of both gaze vectors and sensor displacements across
a diverse user population, which we obtain from synthetic data.
We render subjects via physically-based path tracing (Blender Cy-
cles [Blender Online Community 2025]) of parametric face and
eye models registered against One-Light-At-A-Time (OLAT) scans
of a diverse population [Sarkar et al. 2023]. Each frame is pro-
duced from a random subject and a sampled 6-DoF state vector
s = (𝜙, 𝜃, 𝜔, 𝑡𝑥 , 𝑡𝑦, 𝑡𝑧) that jointly encodes eye rotation (𝜙, 𝜃 with
Listing’s torsion 𝜔 [Straumann et al. 1996; Tweed and Vilis 1990])
and glasses slippage (translation along the nasal bridge plus a small
mounting perturbation). The pipeline emits the discretized radi-
ance layers 𝐼𝑘 consumed by our forward model (Sec. 3.2) together
with per-frame ground-truth landmarks, gaze directions, and pupil-
segmentation masks; representative samples are shown in Fig. 6.
From this pipeline we construct two task-specific subsets.

A variational training set emits Fisher-information triplets
(𝐼anchor, 𝐼gaze+, 𝐼slip+) whose small gaze and slippage perturba-
tions stay in the local linear regime of the intensity function, so that
finite differences approximate the sensitivity fields ∇gaze𝐼 and ∇slip𝐼

used by the optical objective (Eq. 4). A projection-ambiguity evalua-
tion set then enforces pairs (𝐼slip, 𝐼gaze) in which distinct slippage
and rotation states project to the same 2D pupil centroid on the
sensor, so that disentanglement must rely on the depth-encoded PSF
rather than on lateral pupil position. Full rendering pipeline, triplet
equations, projection-equivalence construction, and per-parameter
sampling distributions are provided in Supplementary Material
Sec. C.

4 Analysis
We evaluate the proposed design in simulation along four axes: opti-
cal encoding separability (Sec. 4.1), PSF depth encoding (Sec. 4.2), the
accuracy–compute Pareto frontier (Sec. 4.3), and co-design ablations

Table 1. Quantitative Encoding Sensitivity and Separability. Average
absolute differential sensitivity and separability energies across the dataset.
The proposed lens achieves the highest signal energy across all metrics,
indicating robust encoding.

Lens Design Gaze Sensitivity Slip Sensitivity Separability
∥𝐼gaze − 𝐼anc∥2 ∥𝐼slip − 𝐼anc∥2 ∥𝐼gaze − 𝐼slip∥2

Hyperbolic 3.25 17.82 16.98
Double Helix 4.99 15.75 14.45
Proposed 6.00 28.47 26.60

(Sec. 4.4), using the projection-ambiguity dataset (Supplementary
Material Sec. C).

4.1 Evaluation of Optical Encoding
We benchmark our lens against two fixed baselines at matched
working distance (details in Supplementary Material Secs. D and E): a
hyperbolic lens that encodes depth only by defocus blur, and a double-
helix lens [Pavani et al. 2009] whose PSF rotates across the 16–26mm
depth range. We measure two quantities on the anchor/gaze/slip
triplet set (Supplementary Material Sec. C): sensitivity ∥𝐼pert − 𝐼anc∥2
and separability ∥𝐼gaze − 𝐼slip∥2 — high separability means rotation
and slippage leave distinct optical signatures at the sensor.
Fig. 5 (rows 1–2) shows that the hyperbolic and double-helix

baselines produce low-energy differential maps, i.e., nearly colinear
measurements for gaze and slippage, whereas the proposed lens
(row 3) reshapes the PSF into distinct patterns for each motion,
decoupling the parameters before digitization. Table 1 confirms this
quantitatively: our design nearly doubles the separability of the
double-helix baseline (26.60 vs. 14.45).

4.2 Evaluation of PSF Depth Encoding
We next characterize the depth encoding directly on the PSF, which
must be sensitive to axial displacement (for slippage) while remain-
ing laterally compact (for gaze).

We quantify axial sensitivity with depth-specific Fisher Informa-
tion, I(𝑧), computed via the finite difference of the PSF intensity 𝑃
with respect to axial depth 𝑧

I(𝑧) =
∑︁
𝑢,𝑣

(
𝜕𝑃 (𝑢, 𝑣 ; 𝑧)

𝜕𝑧

)2
≈
∑︁
𝑢,𝑣

(
𝑃 (𝑢, 𝑣 ; 𝑧 + Δ𝑧) − 𝑃 (𝑢, 𝑣 ; 𝑧)

Δ𝑧

)2
,

(11)
where Δ𝑧 = 0.2 mm. We compare the proposed method against the
Hyperbolic and Double Helix lens across the 16–26mm depth range.
This window encompasses the 3-𝜎 pupil-depth distribution derived
from large-scale demographic scans ([Sarkar et al. 2023], Sec. 4.1)
mapped to a smart-glasses rig, so operating over this range naturally
accommodates pupil-depth variation across demographics.

Fig. 7a visualizes the three encodings: the hyperbolic lens spreads
energy by defocus and degrades lateral resolution, the double helix
rotates and aliases for pixel binning, while our design combines
shape aberration (16–21mm) with intensity gradients (21–26mm)
and stays laterally compact. This is reflected in Fig. 7b: our axial
Fisher information I(𝑧) stays high across 1×1, 2×2, 3×3 binning,
whereas the double-helix information collapses under binning and
the hyperbolic is limited away from focus — so the learned optics
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Fig. 5. Effect of Optical Encoding. Cols. 1–3 show sensor measurements for our design vs. Hyperbolic and Double Helix baselines on an ambiguous scene
(16.7–38.5mm); cols. 4–6 report differential sensitivity (𝐼gaze − 𝐼anchor )2 and separability (𝐼gaze − 𝐼slip )2. Baseline maps are dim (poor separability), whereas
ours produces bright, distinct patterns that decouple rotation from slippage at the sensor level.

keep depth information in features that survive coarse sensor read-
out. X–Y PSF projections at more depths and resolutions are in the
Supplementary Material.
Since a smart-glasses camera views the eye obliquely and the

pupil traverses the sensor field, Tab. 3 reports I(𝑧) averaged over
16–26mm for simulated PSF stacks at field angles of 5–20◦: the
learned design retains 2.5–5× the axial information of both baselines
at every angle, so the depth encoding does not collapse off-axis.

4.3 Prediction Gaze Error vs. Computational Cost
We benchmark accuracy vs. compute on the ambiguity dataset
(Sec. 3.6) against fixed hyperbolic and double-helix baselines, us-
ing the shared supernet “sandwich” scheme over 100 REA-selected
subnetworks (5 stages; kernels {3, 5, 7}, expansion {3, 4, 6}, depths
{2, 3, 4}) with continuous resolution scaling in [0.3×, 1.0×] and per-
configuration batch-norm recalibration. Compute is reported in
multiply-accumulate operations (MACs) [Howard et al. 2017] (Sup-
plementary Material Sec. B.6).
Our co-designed optic produces a uniformly superior accuracy–

compute Pareto frontier (Fig. 8a): matching peak baseline accu-
racy with roughly half the compute, reducing error by ∼ 0.5◦ at a
small 120-MMAC budget, and still improving over the MobileNetV3-
MaxNet baseline at maximum capacity. Jointly optimizing lens, sen-
sor resolution, and network therefore yields both efficiency and
accuracy gains. The advantage persists at low SNR: with attenuated
illumination and an intense ambient background injected before
Poisson shot noise (15 dB SNR, emulating outdoor NIR flooding or
low light), our 480-MMAC subnet degrades gracefully from 0.75◦ to
1.12◦, whereas the matched hyperbolic and double-helix baselines
reach 2.58◦ and 2.84◦, as the nearly doubled signal energy (Tab. 1)
keeps the encoded contrast above the shot-noise floor.

Comparison to Deep Eye Tracking. To contextualize the co-design,
we benchmark three learning-based baselines on our 3D-slippage
ambiguity dataset, reporting 3D gaze error jointly with compute
(Tab. 2). NVGaze [Kim et al. 2019] is a lightweight, anatomically-
informed CNN for near-eye gaze trained on synthetic and real
captures under conventional optics; it is fast (70MMACs) but still
maps a single camera image to gaze without optical disambiguation
of device motion, so camera slippage entangles with eye rotation
and error rises to 3.81◦. Popovic et al. [Popovic et al. 2023] introduce
model-aware 3D gaze from weak and few-shot supervision; the
differentiable 3D eyeball still explains appearance through fixed
imaging, so depth–slippage ambiguities in the conventional projec-
tion remain and their estimator reaches 1.23◦ only at ∼13.2 GMACs.
De2Gaze [Xiao et al. 2025] is a recent representation-learning
method (deformable sparse attention + decoupled latent factors for
3D gaze from eye crops) at 0.69◦ and 6.78GMACs. At 480MMACs
our pipeline reaches 0.75◦ — comparable error at ∼14× less compute
than De2Gaze — and at 2.5 GMACs we reach 0.50◦, well below
De2Gaze at under half its MAC count. Jointly optimizing optics,
resolution, and decoding moves part of the slippage–rotation
disambiguation into the measurement, which is why we improve
both axes relative to these purely computational pipelines. To
separate optical from architectural gains, we retrained the De2Gaze
backbone on images formed with our metalens: its error drops
from 0.69◦ to 0.53◦ with the optics alone and to 0.47◦ when optics
and sensor resolution are additionally unfrozen for end-to-end
co-optimization, so the optical and co-design gains compound.

4.4 Ablation Experiments
We ablate in three co-design axes by freezing one at a time under
the same bi-level search (Fig. 8b, Sec. 3.5). Freezing the optics to a
hyperbolic lens collapses the Pareto frontier — the network cannot
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Table 2. Comparison to Deep Eye Tracking Baselines. 3D angular
gaze error and compute (MMACs) on our 3D-slippage ambiguity dataset;
NVGaze [Kim et al. 2019], Popovic et al. [Popovic et al. 2023], and
De2Gaze [Xiao et al. 2025] follow their published formulations.

Method NVGaze [2019] Popovic et al. [2023] De2Gaze [2025] Ours (eff.) Ours (acc.)

Gaze Error (◦) 3.81 1.23 0.69 0.75 0.50
Compute (MMACs) 70 13220 6780 480 2500

Table 3. Off-Axis Depth Encoding. Axial Fisher information I(𝑧 ) (Eq. 11)
of simulated PSF stacks averaged over 16–26mm at off-axis field angles;
the learned encoding retains the highest value at every angle.

Field angle 5◦ 10◦ 15◦ 20◦

Hyperbolic 0.24 0.24 0.31 0.33
Double Helix 0.31 0.31 0.33 0.30
Proposed 1.12 1.25 0.92 0.81

resolve the ambiguity within 1500MMACs. Fixing the pixel pitch to
𝑝 = 3 𝜇m (OVM6211 [OMNI 2015]) inflates early-layerMACs by≈3×
with no accuracy gain. Freezing the architecture to max-capacity
MobileNetV3 pushes the optimal resolution upward [Tan and Le
2019] and closes off the low-compute region. Jointly designing over
all three axes reaches the most favorable system.

5 Experimental Assessment

5.1 Experimental Setup and Data Acquisition
Experimental Prototype. We fabricate the proposed co-optimized

metasurface and a hyperbolic baseline on the same 0.5mm fused-
silica / 700 nm amorphous-silicon stack with a 1mm circular aper-
ture, using two-step electron-beam lithography (aperture + nanopil-
lar etch) on a pseudo-Bosch recipe. Full fabrication protocol in
Supplementary Material Sec. D.

Acquisition. We captured a controlled-slippage dataset using the
experimental setup in Fig. 9. Each subject’s head was fixed while
viewing a 7×7 stimulus grid spanning a 25◦ × 35◦ field of view on a
calibrated display [Chai et al. 2025]. The prototype was mounted
≈2 cm below the eye and tilted≈45◦ upward toward it, emulating the
oblique camera placement of a smart-glasses frame, and translated
by motion stages to emulate seven camera slippage states sharing
the same origin: the origin state, two lateral shifts along 𝑑𝑥 , and
four axial shifts along 𝑑𝑧 . This yields 7×49 samples per prototype.
In total, we collected data from 20 subjects. The study protocol was
approved by the Princeton University Institutional Review Board,
and all participants gave informed consent. Full display geometry
and per-trial protocol are provided in Supplementary Material Sec. D.

5.2 Experimental Eye Tracking Evaluation
Evaluation of Pupil Segmentation and Slippage Prediction. We eval-

uate the co-optimized network on the experimental dataset (8,219
frames; pupil masks from SAM-3 [Carion et al. 2025] with manual
inspection; slippage from the controlled camera translations). The
perception head reaches IoU= 0.94 with sub-pixel pupil-center lo-
calization across subjects and slippage states (Fig. 9). Projected into
the camera frame, the same on-screen stimulus maps to distinct
pupil locations under each slippage state (Fig. 10), confirming that

pupil-only estimation is ambiguous without depth cues; our calibra-
tion head resolves this, predicting slippage with 0.52mm MAE vs.
0.95mm for the hyperbolic baseline.

Evaluation of Eye Tracking Accuracy. We next evaluate eye-track-
ing accuracy under controlled camera slippage. A regressor (a fully
connected network with one hidden layer of 10 neurons) maps
pupil parameters and the estimated slippage vector to the on-screen
stimulus location; it is trained on 20% of the points and evaluated on
the remaining 80%, aggregated over all evaluated points. As shown
in Fig. 11, under axial (𝑑𝑧 ) slippage, our method achieves a mean gaze
error of 1.17◦, outperforming the hyperbolic baseline of 2.02◦. Under
lateral (𝑑𝑥 ) slippage, which is easier to predict for both designs, our
method still achieves lower error than the baseline, with 1.26◦ versus
1.49◦. These results show that the proposed nano-optical design
improves gaze prediction accuracy under both axial and lateral
camera slippage. The Supplementary Video shows the prototype
tracking gaze in real time during a gaze-controlled game under
induced camera slippage. Sec. 6 discusses the gap to simulation and
the lateral-slippage margin.

6 Discussion
Passive vs. active tracking. Unlike active PCCR, the passive encod-

ing needs no glint sources and their geometric arrangement, and it
is not bound by the eye-safety illumination budget that washes out
glints under outdoor solar NIR (Supplementary Material Sec. D.5);
the rotation–slippage ambiguity is resolved once in the optics and
decoded at 480MMACs. In exchange, the depth cue lives in a learned
PSF: the tracker still needs flood NIR illumination, a one-time per-
device calibration absorbing fabrication and assembly deviations
of the realized PSF, and, like any tracker, a per-user calibration to
the visual axis, which here fits the gaze regressor on only 20% of
the stimulus points (Sec. 5.2). Drift-free operation under continuous
wear remains to be shown.

Integration in smart glasses. The prototype PCB is a prototyping
platform, not an integrated module: a 0.5mm NIR filter, 0.3mm
metalens substrate, ≈2mm lens–sensor spacing, ≤0.5mm OG0TB-
class sensor package, and ≈0.2mm flexible circuit stack to ≈3.5mm
thickness with a sub-2mm lateral footprint, within a 4–6mm frame
cross-section, with sub-millimeter NIR LEDs on the flex. Our cap-
tures already use the oblique geometry of such a mount (Sec. 5.1)
and Tab. 3 shows that the depth encoding is retained across the field,
but validating the tracker in a worn device under free head motion
and variable lighting remains future work.

Trade-offs. The metalens has NA≈ 0.24, set by the 2×2×4mm
module volume and the 16–26mm pupil-depth range. A higher
NA strengthens defocus and axial Fisher information (helping 𝑧-
slippage) but enlarges the defocused PSF and off-axis aberrations,
reducing lateral Fisher information and the usable field of view;
Eq. 6 therefore targets 3D separability rather than axial sensitivity
alone. Lateral slippage is rarer in well-fitted frames, where nose
pads and temples constrain sliding, and appears mostly as a global
translation predictable from periorbital features (Sec. 3.3), so both
designs handle it better than axial slippage; at our 5mm lateral shift,
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larger than expected in practice, the margin narrows to 1.26◦ vs.
1.49◦.

Limitations. Our evaluation is a head-fixed indoor benchtop study
with motion-stage slippage, chosen because repeatable millimeter-
level slippage and reliable gaze labels are hard to obtain on a worn
device. The experimental error (1.17◦) exceeds the simulated one
(0.75◦) mainly because the ground truth comes from instructed
fixations, so fixation uncertainty and residual saccades count as
tracking error, and because fabrication and assembly tolerances
blur and shift the realized PSF; the hyperbolic baseline degrades
alike. Finally, electron-beam lithography does not scale to volume
production, although nanoimprint lithography was recently shown
feasible for smart-glasses optics [Choi et al. 2025].

7 Conclusion
We propose an efficient eye tracker that co-designs optics, sensor,
and neural processing: a nano-photonic metasurface optically de-
couples gaze from glasses slippage, resolving the tracking ambiguity
in the optics instead of in heavy computation. Simulation and ex-
periments confirm a 6× lower computational cost than existing
methods at robust accuracy under camera slippage. Future work
will extend the co-design to neuromorphic and event-based sensing
for ultra-fast, robust eye tracking.
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Fig. 6. Synthetic Eye Tracking Dataset Samples. 60 representative samples from our synthetic dataset, rendered by physically-based path tracing of
parametric face/eye models from random state vectors s; the resulting variation in subject identity, gaze, and slippage is essential for training the optical
encoder to disentangle eye pose from device motion.

Fig. 7. PSF Analysis of the Learned Optical Encoding. (a) X–Z PSF slices for hyperbolic, double-helix, and our design across 16–26mm and three pixel
binnings (1×1, 2×2, 3×3): hyperbolic encodes depth by defocus (lateral spread), double-helix by rotation (which breaks under binning), while ours combines
shape aberration (16–21mm) and intensity gradients (21–26mm) and stays laterally compact at every binning. (b) The corresponding per-depth-normalized
Z-axis Fisher information I(𝑧 ) (Eq. 11) confirms that our design retains high information density across all binnings, whereas the hyperbolic (focal-plane-only)
and double-helix (resolution-dependent) baselines do not.

(a) Accuracy vs. compute against baselines. (b) Ablation of co-design axes.

Fig. 8. Accuracy–Compute Pareto Frontier. (a) Angular gaze MAE vs. MMACs for hyperbolic, double-helix, and our co-designed lens; dots are individual
architecture–resolution configurations and lines are Pareto frontiers. Our design matches peak baseline accuracy at ∼50% compute and reduces error by
∼40% at the 120-MMAC budget. (b) Pareto frontiers of our full pipeline vs. fixed-optics, fixed-pixel-pitch, and fixed-architecture ablations: the full co-design
dominates at every budget (7× fewer MMACs than fixed-optics at matched accuracy and 3× fewer than fixed-pitch), confirming the benefit of jointly learning
over all three axes.
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Fig. 9. Experimental Setup and Capture Samples. (a) Head-stage-fixed subject views stimuli on a monitor; a nano-optical prototype below the eye emulates
near-eye AR. Controlled slippage is induced by translating the camera along its optical axis (z slippage) and along a direction perpendicular to the optical axis
(x slippage) in 2.5mm steps. Left inset: first-person view. (b) Captured eyes across subjects and different x-z slippage states; ground truth (green) vs. prediction
(red) show that the energy-efficient network segments pupils reliably across conditions.

Fig. 10. Slippage-Induced Ambiguity. Slippage-induced pupil-center ambiguity. (a) Pupil-center projections under axial camera slippage, color-coded by 𝑑𝑧 .
Different opacity levels indicate different stimulus rows on the display. (b) Pupil-center projections under lateral camera slippage, color-coded by 𝑑𝑥 . (c) Mean
and range of pupil centers for each slippage state (𝑑𝑥 , 𝑑𝑧 ) in millimeters. The same gaze angle can lead to different pupil-center locations under different
camera slippage states, causing slippage-induced ambiguity.

Fig. 11. Gaze prediction accuracy under camera slippage. Per-target angular gaze error for the co-optimized metasurface design (orange) and hyperbolic
baseline (blue), with marker size indicating error magnitude. (a) Under axial (𝑑𝑧 ) slippage, our method substantially reduces the mean gaze error from 2.02◦
to 1.17◦. (b) Under lateral (𝑑𝑥 ) slippage, which is easier to predict for both designs, our method still achieves lower error than the baseline.
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