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Abstract. Depth foundation models (DFMs) offer strong learned pri-
ors for 3D perception from single RGB images but lack physical depth
cues, leading to ambiguities in metric scale. We introduce metalenses,
an emerging class of ultrathin planar optical elements, as a solution to
physically encode missing metric depth cues via nanophotonics. In this
paper, we bridge the gap between metalens and DFMs to achieve ac-
curate metric monocular depth sensing. In a single monocular shot, our
metalens embeds depth-dependent positional shifts into two polarized
optical wavefronts. With an input adaptation strategty, we enable di-
rect fine-tuning that aligns a pretrained DFM with the optical signals.
To scale the training data, we further develop a comprehensive simula-
tion pipeline that synthesizes metalens responses from RGB-D datasets,
incorporating physical factors to minimize the sim-to-real gap. Experi-
ments demonstrate that this approach outperforms both monocular met-
ric depth estimation and depth-from-defocus baselines, showing an effec-
tive pathway for accurate monocular metric depth sensing.
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1 Introduction

Depth foundation models (DFMs) [34,/71] have recently achieved remarkable
progress in monocular depth estimation by learning rich geometric priors from
large-scale data, showing strong capabilities from relative to metric depth esti-
mation |79,24l52l{72]. However, the lack of physical depth cues from a monocular
capture makes metric depth estimation inherently ill-posed, resulting in ambi-
guity and inaccuracy in applications requiring precise metric depth.

To enable physically grounded monocular depth estimation, providing DFMs
with diverse modalities has emerged as a promising direction. Recent works
leverage auxiliary sensors such as LiDAR [38,/40L|48] to provide accurate metric
supervision. Yet, such systems depend on active, energy-consuming hardware,
and the inclusion of additional sensors increases form factor and system com-
plexity, deviating from a strict monocular setting. This raises a natural question:
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Fig. 1: Overview of our system and method. (a) Our birefringent metalens converts a
3D scene into two polarized images, encoding depth information in pixel-wise shifts
between the images (see Fig. [3c). (b) The compact 3-mm-diameter metalens (right)
consists of a two-dimensional array of 700-nm-tall TiO2 nanopillars with anisotropic
cross-sections, engineered to provide independent phase control for x- and y-polarized
light. For scale, it is shown alongside a l-inch plano-convex lens (left) and a U.S. 1-
cent coin (middle). (c¢) These depth-dependent optical signals are converted into model
inputs and processed by a fine-tuned depth foundation model. (d) Our method recovers
metrically accurate depth by combining physical depth cues with learned image priors,
enabling high-quality physically grounded monocular depth estimation.

can we ground DFMs in physics solely through passive optics within a compact
monocular device, without relying on active sensing and additional sensors?

To answer this question, we introduce a new framework that physically
grounds DFMs through passive light wave encoding in a single monocular cap-
ture. This is enabled by our custom-designed and fabricated birefringent met-
alens — an ultra-thin, planar element composed of nanophotonic structures for
modulating optical wavefronts with subwavelength resolution (see Sec. for
background). As illustrated in Fig. [1} our metalens decomposes incoming light
into two orthogonal polarization channels, each formed by a distinct depth-
dependent point spread function (PSF). These two channels are formed along
the same optical path and are projected onto the sensor in a single exposure,
where the positional shift between the conjugate PSFs encodes metric depth.
Both images originate from one viewpoint without multi-view parallax, making
our approach fundamentally distinct from stereo.

Subsequently, through an input adaptation strategy, we transform the two
polarization channels into a three-channel representation that embeds physical
depth cues while retaining scene semantics. This enables a pretrained DFM to
leverage its robust learned priors while simultaneously recovering metric scale
from the optical signals without necessitating any architectural modifications.
Specifically, we choose the Depth Anything V2 as our model backbone. To
solve the challenge in collecting large-scale training data, we develop a simula-
tion pipeline that synthesizes the polarization channels from RGB-D datasets
by physically modeling the birefringent metalens. While the simulation-to-real
gap can degrade performance, we analyze its sources and introduce a novel
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disocclusion-aware simulator that more accurately models the optical formation
of asymmetric PSFs, supplemented by polarization-aware data augmentation.
We evaluate our approach in both simulated and physical experiments, demon-
strating consistent improvement over state-of-the-art metric monocular depth es-
timators. Notably, we achieve performance comparable to PromptDA [40], which
relies on LiDAR as an auxiliary sensor. Our method also outperform depth-from-
defocus baselines [30,[59] in simulation, with ablation study verifying that both
the optical frontend and the pretrained model backend drive the performance
gains. These results underscore the potential of metalens in depth perception and
its applicability to VR/AR, miniature robotics, medical endoscopy, and other
embedded 3D vision systems. In summary, we make the following contributions:

— We introduce a new approach for physically grounded monocular depth es-
timation with birefringent metalens, featuring an input adaptation strategy
that enables direct fine-tuning of a DFM.

— We present a disocclusion-aware optical forward model that accurately cap-
tures the image formation of asymmetric PSFs, paired with polarization-
aware augmentation for improved simulation-to-real transfer.

— We demonstrate an integrated hardware-software depth sensing system, achiev-
ing highly accurate metric depth through the synergy of physical optical
grounding and learned depth priors.

2 Background & Related Work

2.1 Metasurface and Metalens

A metasurface is a planar nanophotonic device composed of a 2D array of sub-
wavelength dielectric pixels with different sizes and shapes chosen to locally
control the optical phase delay, so that the array of pixels collectively mold the
optical wavefront into a desired shape with subwavelength resolution [45}/73].
The pixels can also be designed to control the amplitude and polarization state of
the scattered light wave so that the metasurface can impart designer polarization
and amplitude profiles over the wavefront |[5}/11}29].

Metasurfaces have enabled ultra-compact optics for displays [22,/43\(74], op-
tical computation [66], and color imaging [12}|64]. They also show promise for
depth sensing, with prior work on active metasurfaces for structured-light pro-
jection [35,37,/46], LIDAR beam steering [36,49], and compact high-speed or
high-accuracy systems [151|33,/69]. These approaches rely on external illumina-
tion or electro-optic control. In contrast, passive metasurfaces can encode depth
information in the optical response of metasurface-based lenses — known as
metalenses — for example, in defocus |25] and chromatic aberration [62] of in-
dividual metalenses, and light fields of metalens arrays [14]. One promising route
for depth sensing use a helical PSF to encode depth information [6,/1631,[32./56].

However, lacking powerful computational backends with large-scale training,
these prior methods are largely confined to single-object depth estimation or
sparse feature matching. Consequently, they fail to reconstruct accurate, dense
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depth maps for full complex scenes. We overcome this limitation by combining
metalens-encoded physical depth cues with the rich depth priors embedded in
DFMs. Our approach leverages these priors to enable high-resolution, metric
depth estimation across the entire scene within a passive, single-sensor system.

2.2 Monocular Depth Estimation

Recovering 3D geometry from 2D images has long been a fundamental problem.
Recent progress in monocular depth estimation has advanced 3D perception us-
ing. Models trained on large-scale datasets, including diffusion-based and vision
transformer—based approaches, have evolved into DFMs [7,8,/18,70H72|, demon-
strating strong generalization across a wide range of scenes [9,27,/28,34,51].
However, because single-view intensity lacks absolute depth cues, these models
remain fundamentally scale-ambiguous. To resolve this, prompting DFMs with
additional sensors such as LiDAR has been explored [40,/48|. Recent work also
explored inference-time optimization strategy that uses defocus blur cues to re-
solve the scale ambiguity of Marigold |34l/61]. However, LIDAR-based prompting
requires a multi-sensor setup with active illumination [60], while inference-time
optimization is prohibitively time-consuming (taking approximately five minutes
on a modern GPU). In contrast, our approach employs a purely passive opti-
cal modulator, leveraging polarization-dependent PSF shifts to encode depth
without the need for active sensors.

A parallel line of work lies in computational optics. Conventional depth-from-
defocus (DfD) estimates depth from blur [226}/63], but destroys high-frequency
details and suffers from low sensitivity. To improve sensitivity, researchers de-
sign specialized masks [3}/30},/59,67.68//75] to engineer distinct PSFs. Other ap-
proaches use dual-pixel sensors [19}20,/47,/59] or conventional birefringent ma-
terials [4,/21,/42]. Despite these advancements, most systems train task-specific
networks from scratch, without leveraging the depth priors of DFMs, which
are crucial for reconstructing fine details and estimating depth in texture-less
regions. Furthermore, engineered DfD introduces blur, while dual-pixel and po-
larization methods rely on specific sensors or extra components. Overcoming
this, our metalens integrates PSF engineering, light focusing, and polarization
multiplexing into one element which avoids severe blur and extra components.

3 Method

As illustrated in Fig.[I} our system integrates three components: a birefringent
metalens that converts depth into and polarization channels (Sec. , a depth
foundation model backbone and a encoding mechanism to inject physical cues
(Sec. , and a disocclusion-aware optical forward model with alpha composit-
ing and data augmentation that reduce simulation-to-real gaps (Sec. .
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Fig. 2: llustration of our learning pipeline. The top half illustrates our learning
pipeline: synthetic RGB-D data are processed by our simulator to generate polarization
image pairs, which are then augmented and transformed to model input. We adopt the
DPT architecture of DepthAnything v2 with pretrained weights for fine-tuning.
The bottom half shows the workflow of our optical forward model, which integrates soft
slicing, PSF convolution, disocclusion handling, and blending to eliminate simulation
artifacts, narrowing the sim-to-real gap.
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3.1 Birefringent Metalens for Polarization-Based Depth Encoding

To optimally leverage DFMs, we adopt polarization-multiplexed single-helix
PSFs . Rotating PSFs provide noise-robust cues superior to standard de-
focus , while their sharp profiles preserve high-spatial-frequency details
essential for DFMs. Isolating single lobes via polarization eliminates ghosting to
maximize the DFM’s accuracy . Additionally, replacing prior near-infrared
designs with our visible-light TiO, metasurface aligns input features with
DFM priors while boosting depth sensitivity. Ablations (Tab. E[) verify that this
configuration provides strong physical grounding for DFMs without joint train-
ing overhead.

Birefringent Metalens. We employ a birefringent metalens to independently mod-
ulate the phase v, (k € {x,y}) for 2- and y-polarized light (Fig. [3a). For each
polarization k, we decompose its phase profile as ¥, = ¥y + ¥r . The s
term provides the focusing power. The v, ; component is engineered to create
a depth-dependent point spread function (PSF, the blur on the sensor formed
by a point light source), Pg(z). This PSF’s shape varies with source depth z,
an effect arising from the interplay between our engineered phase 1), ;, and the
natural defocus that occurs as z deviates from the in-focus plane.

Depth Encoding with Rotating PSFs. Following , we design the phase v, i,
to encode depth z as a PSF rotation. In the imaging plane’s polar coordinates
(ri, ¢i), the engineered PSF for both polarizations, Py, rotates by the same
depth-dependent angle A¢;(2):

Pr(ri, dis 2) = Pr(ri, i — Api(2); 25), (1)
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Fig. 3: Visualization of our metalens and PSFs at different depths. (a) Schematic of
the metalens. (b) Phase profiles for X- and Y-polarized light. (¢) Monotonic relation
between depth and PSF rotation angle in our designed depth range.

where z; is the in-focus depth. We set the two polarized patterns 180° apart,
so their relative disparity vector’s angle directly tracks their co-rotation A¢;(2),
enabling robust depth estimation [56].

To realize the PSF rotation, we partition the metalens at the pupil (radius R)
into N = 8 concentric rings, each with a topological charge of n (n =1,..., N)
. In the pupil polar coordinates (7, ¢m), the x-polarized phase profile is:

wr,z(rm,¢m)={n¢mlﬁs%<\/%}. 2)

The y-polarized phase profile .., is this pattern rotated by 180°: ¥y (7'm, dm) =
Yy 2 (T, @ — ). This design yields a PSF rotation angle Ag;(z) given by:

Agi(z) =L Ly 3)

 NX'z oz f
where A is the wavelength of light. The rotating PSF is illustrated in Fig.
Further details are provided in the supplementary material.

Polarization-Multiplexing Depth Encoding. The 2D image Ij is formed by inte-
grating the depth-wise convolutions between scene slices S(z) and their corre-
sponding depth-dependent PSFs Py(z). The rotating PSF induces slight, depth-
dependent shifts in 2D images (Fig. . Since P, and P, are 180° apart, these
shifts occur in opposite directions for polarized image pairs, creating a monotonic
disparity vector that serves as a geometric depth cue. To capture both polarized
images simultaneously, we engineer the focusing phase 1) ¢,) to introduce opposite
vertical deflections, spatially separating them onto the sensor halves:

2w (a2 4 (g — Ay + 2 k=a
A\ Va2 + (ym + Ay + 2, k=y,

Vs = (4)

where (Z,, ym) are the coordinates on the metalens.
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3.2 Physically Grounded Monocular Depth

Monocular Backbone. Recent depth foundation models largely follow
the architecture of Dense Prediction Transformer(DPT) [|54]. Given an input
RGB image I € REXHXW "5 Vision Transformer (ViT) [17] encoder processes
it into a hierarchy of token features T;, where each stage S; produces tokens
Ty € RE*(5 X5+ with feature dimension Cy and patch stride p. The DPT
decoder then reconstructs spatial feature maps F; € RE*% %% from tokens and
progressively fuses multi-level representations through a series of convolutional
layers, culminating in a dense depth prediction D € R¥*W_ While diffusion-
based monocular depth approaches have also emerged, their computa-
tional demands make them less suitable for real-time deployment. As such, we
only adopt DPT-based architectures as our base model in this work.

Adapting Polarization Measurements for Monocular Models. Our camera pro-
duces two polarization observations, (I, I,), whereas monocular depth models
are pretrained to take a three-channel RGB image as input. Therefore, a central
question is how to make these pretrained models compatible with our wavefront-
encoded measurements, while preserving their learned visual priors.

To this end, we propose a simple input adaptation strategy that converts the
two polarization channels into a three-channel input:

Iz, 1) = (I, Iy, (I + 1) /2) .

This input matches the expected input format of monocular depth models with-
out modifying any network layers or adding auxiliary branches. More impor-
tantly, it preserves scene structure in a form that remains compatible with the
model’s learned priors while injecting physically encoded metric depth cues. As
illustrated in Fig. ] a pretrained Depth Anything V2 model can still estimate
high-quality depth from this input, suggesting that it retains sufficient natural
image details for effective zero-shot transfer.

We also explored alternative designs. -
In particular, inspired from PromptDA
, we attached a decoder-side fu-
sion module following their design, while 4
adapting the fusion input from one chan- . ‘ *
nel to two channels to accommodate S ]
(I, I,). However, as shown in our abla- Fig. 4:'anhtatwe valzdat%on of input
tion study (Tab. [, this additional fu- comp ath,lthy' De_pthAnythmg V2 gen-
sion module brings no meaningful advan- crates h1gh—guahty .depth naps fr.om

. . . our adapted input without fine-tuning.

tage. In practice, the input adaptation

. ) g . This demonstrates that our encoding
is already sufficient to ahgn pretrained preserves essential scene structure and

monocular models with our polarization remains aligned with the model’s pre-
measurements while avoiding any extra trained natural image priors.
parameters or architectural overhead.

| A

Our Input
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Fig. 5: Reducing the simulation-to-real gap with a disocclusion-aware optical forward
model. (a) A 3D scene comprising a foreground sphere and a background. (b) Zoom-
in of the linear model’s I, channel, with arrows indicating PSF position shifts. Insets
highlight inherent artifacts: bright occlusion edges, dark disocclusion gaps, and aliasing
fringes on steep surfaces. (c¢) Polarization pairs and model input generated by the stan-
dard linear convolution model. (d) Corresponding outputs from our disocclusion-aware
model, which significantly mitigates these artifacts. (e) Qualitative ablation of the dis-
occlusion handling module. Omitting this step introduces erroneous sphere boundary
details (top) and severe artifacts in general scenes (bottom).

Simulator for Training Data. Training our model requires large-scale paired
polarization and depth data. Since collecting this in the real world with pixel-wise
accuracy is infeasible, we synthesize our training dataset by converting RGB-D
images into depth-encoded polarization pairs using an optical forward model.
We model the 3D scene capture as a discrete sum of layer-wise 2D convolutions
between the per-plane scene irradiance and its corresponding PSF Py (z):

Iy =Y (S ©M,)* Py(zn), (5)

n=1

where I}, is the image intensity for polarization channel k& € {z,y}, S is the scene
irradiance, and M, is the binary mask isolating the n-th depth bin z,,. The PSFs
Pr(z) are simulated using a Fast Fourier Transform (FFT) implementation of
the Kirchhoff diffraction integral .

Although our simulated PSFs align closely with the measured ones (see sup-
plementary), a pronounced simulation-to-real gap remains (Fig. . To address
this and improve real-world generalization, we introduce a disocclusion-aware
model with alpha-compositing and polarization-aware augmentation. These im-
provements are comprehensively validated through our ablation studies ( Tab. E[)

3.3 Bridging Sim-to-Real Gap

Disocclusion-Aware Optical Forward Model Pronounced simulation-to-real dis-
crepancies primarily arise in regions with rapid depth changes (Fig. ,c). The
standard linear model (Eq. ) fails here because it ignores occlusion
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geometry. While prior alpha-compositing approaches |30] mitigate this, they as-
sume symmetric blur and thus only handle occlusions. For general asymmetric
optics (e.g., rotating PSFs), boundaries present a dual challenge: overlapping
PSF shifts create bright occlusion edges, whereas diverging shifts leave dark
disocclusion gaps. Additionally, steep depth gradients severely undersample the
rapid PSF rotation, producing aliasing-like fringes.

To accurately render these complex dynamics, our pipeline (Fig. [2) intro-
duces a dedicated disocclusion handling module. We first generate layer-wise
opacity and brightness maps by convolving Gaussian-smoothed slice masks and
scene irradiance with the PSF. While our baseline employs hybrid compositing
(alpha blending for occlusions and direct summation for continuous regions), it
inherently fails at disocclusion gaps. We tackle this by explicitly detecting depth
discontinuities, applying edge extrapolation and background completion to re-
construct the missing background. Finally, an alpha correction step normalizes
the output to ensure full opacity and suppress undersampling fringes. Our up-
dated simulator significantly reduces simulation-to-real discrepancies (Fig. );
conversely, omitting this module produces inaccurate boundaries and severe arti-
facts (Fig.|5g), the consequence of which is illustrated in our quantitative ablation
(Tab. [6)).

Polarization-Aware Augmentation. Beyond simulator issues, several factors con-
tribute to the sim-to-real gap, including (1) polarization imbalance from illumi-
nation and surface properties, (2) sensor and environmental noise, and (3) fab-
rication imperfections. To improve robustness, we introduce polarization-aware
data augmentations: (i) global scaling for illumination changes, (ii) local bright-
ness perturbations via a Gaussian mask for spatial polarization imbalance, (iii)
Poisson and Gaussian noise for sensor and environmental effects, and (iv) Gaus-
sian blur for fabrication-induced aberrations. As shown in Fig. [2] these augmen-
tations regularize the model and improve tolerance to physical imperfections.

Few-Shot Real Adaptation. With the refined model and augmentation, most
physics-induced gaps are mitigated. We address the remaining domain shift be-
tween simulated and real scenes by mixing a few real shots into the training
set. Because dense depth is difficult to obtain, we manually segment objects and
assign approximate planar depths (Fig. [7b).

3.4 Implementation Details

Metalens Fabrication. We design and fabricate a 3-mm-diameter metalens oper-
ating at A=590 nm. The metalens consists of 700-nm-tall cross-shaped birefrin-
gent TiO4 nanopillars patterned on a 500-um-thick glass substrate; the nanopil-
lars are arranged in a square lattice with a subwavelength pitch of 400 nm
(Fig. [Ba). The fabrication (detailed in supplementary material) involves three
steps: (1) Electron-beam lithography patterning of a resist template, (2) atomic
layer deposition of TiOs into the template, and (3) dry etching and plasma ashing
to remove the resist and excess TiOq, leaving the free-standing TiO5 nanopillars.



10 B. Liet al.

Imaging Setup. We build a compact monocular depth imager (Fig. , which
consists of the metasurface mounted at a distance of 37.6 mm in front of a 20-MP,
1-inch monochrome CMOS sensor equipped with a 590-nm bandpass filter. The
imager’s in-focus depth is set to 35 cm, and the depth-sensing range is from 20
cm to 120 em (Fig. . As a research prototype, the chosen hardware parameters
aim to prove feasibility rather than maximize performance, which remains an
important future optimization direction.

Training. We use DepthAnything v2 [71] as backbone and evaluate all three
variants—ViT-Small, ViT-Base, and ViT-Large (denoted as Small, Base and
Large). Starting from the metric-pretrained weights, we fine-tune the model on
Hypersim [55] dataset. The depth range is linearly mapped to 0.2-1.2 m, followed
by our data-preparation pipeline in Fig. 2] We use an L; and gradient loss
Lgraa [8] as L = L1 +0.5 Lgraq. We additionally mix in 5 manually annotated real
samples with probability 0.05. The model is trained for 80k steps with a learning
rate of 4 x 1075 and batch sizes of 2 (Large) or 8 (Small/Base). Additional details
are provided in the supplementary material.

4 Experiments

We evaluate our method through both simulation and real captures. We first
compare against monocular metric depth estimation (MMDE) baselines in both
simulated and physical experiments. We then compare with representative depth-
from-defocus (DfD) baselines in simulation. Finally, we present ablations to iso-
late the contributions of our design choices.

4.1 Comparison with MMDE Baselines

Baselines and metrics. We compare against recent metric depth estimators,
including Depth Anything v2/v3 [39,|71] (DepthAny. v2/v3), DepthPro [9], Lo-
tus [27], Marigold [34], Metric3D v2 |28]|, MoGe v2 [65], UniDepth v2 [51], and
ZoeDepth |[7]. For each method, we use its largest available model variant. We
report standard depth metrics, including MAE, RMSE, AbsRel, and §y 5. For
our method, we evaluate with all three DepthAny. v2 backbones. Since different
models may operate over different metric depth ranges, we adopt a linear align-
ment {s, ¢} to map predictions to the ground truth, following prior work [40L59].
For a challenging and fair comparison, baseline results are optimized per im-
age by the normalization that best aligns its predictions D with the ground-
truth D: (s*,t*) = argmin,; || sD + ¢t — D||3. This alignment removes global
scale/shift ambiguity and can make baseline performance appear higher than
their raw metric-depth accuracy. We further compare our single-sensor method
with PromptDA [40], a recent dual-sensor RGB+LiDAR method. To emulate
LiDAR on synthetic data, we downsample ground-truth depth by 10x to match
the typical image-to-LiDAR ratio, adding uniform 1-2 c¢m noise to approximate
iPhone LiDAR accuracy [1]. Finally, we fine-tune DepthAny. v2 without depth
encoding on our dataset to isolate the benefit of the physical depth cues.



Physically Grounded Monocular Depth 11

B -
_H-iﬂ mpd’ ‘H’-l

' nii-ifas g

Input (Baselines/Ours) Ground Truth Depth Ours UmDepth v2 DeplhAnylhmg v2 Mangold

NYU Depth V2

H’A

A 3

MIT—CGH-4K

Fig. 6: Qualitative comparison with monocular depth estimation baselines. Bottom-
right insets show the error map where dark colors indicate low error.

Simulation. We first evaluate our approach in simulation, with quantitative and
qualitative results presented in Tab. [} and Fig. [6] respectively. We experiment
with two datasets: NYU Depth V2 [44], a standard indoor benchmark featuring
dense LiDAR ground truth; MIT-CGH-4k [57]58], a synthetic dataset containing
randomly placed 3D objects, serving as a zero-shot benchmark to assess gener-
alization and our utilization of physical depth cues. For both benchmarks, our
refined simulator is used to generate the necessary polarization images.

As shown in Tab. [I[] our method achieves the best performance among all
LiDAR-free baselines. On NYU Depth V2, our method demonstrate a clear ad-
vantage and is highly competitive with the LiDAR-assisted PromptDA, achiev-
ing lower RMSE, AbsRel, and §y 5 errors alongside a comparable L1 error. On
MIT-CGH-4k, where a lack of semantics severely degrades most baselines even
after scale/shift alignment, our method retains strong accuracy. This confirms
our model’s ability to reliably decode metric depth from polarization wavefronts.
Fine-tuning DepthAny. v2 does not improve performance on either benchmark,

Table 1: Quantitative comparisons on simulated experiment. Train : fine-tuned on
our dataset; Post. : post-aligned with GT using least-square fitting; w/ LiDAR : with
additional simulated LiDAR input. Method with * is finetuned on our dataset. We

highlight the top three results among LiDAR-free methods. Note that post-alignment
removes global scale/shift ambiguity which can substantially improve the results..

Zero| Train / Post. / NYU Depth v2 Zero MIT-CGH-4k

Shot w/ LiDAR MAE| RMSE| AbsRel] dp.51 |Shot| MAE| RMSE] AbsRel| 69571
Ours-Large 0.023  0.040 0.039 0.951 0.067 0.126 0.105 0.764
Ours-Base 0.022 0.039 0.036 0.957 0.068 0.129 0.102 0.772
Ours-Small 0.025 0.043 0.043 0.936 0.076  0.137 0.125 0.724
DepthAny. v2* 0.128 0.148 0.267 0.341 0.301 0.371 0.410 0.100
DepthAny. v2* 0.054 0.079 0.098 0.731 0.180 0.220 0.371 0.241
DepthAny. v2 0.043 0.067 0.079 0.805 0.151  0.190 0.308 0.300

Yes | DepthAny. v3 0.037 0.062 0.069 0.846 Yes 0.134 0.172 0.276 0.349
Depth Pro E' 0.038 0.061 0.071 0.841 0.144 0.181 0.292 0.309
Lotus 0.069 0.093 0.127 0.575 0.162 0.201 0.330 0.268
Marigold 0.045 0.070 0.085 0.785 0.174 0.213 0.355 0.243
Metric3D v2 0.056  0.082 0.110 0.766 0.212  0.252 0.442 0.183
MoGe v2 0.034 0.058 0.063  0.867 0.133  0.169 0.272 0.346
UniDepth v2 0.034 0.059 0.063  0.865 0.127 0.164 0.259 0.360

No |ZoeDepth m 0.041 0.062 0.076  0.805 0.205  0.247 0.428 0.204
PromptDA_l4_0' 0.021 0.042 0.036 0.955 0.058 0.113 0.099 0.802
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Fig. 7: Physical experiment setup and qualitative results. We encourage readers to see
our supplementary material for additional results.

indicating that the gains of our method do not arise from dataset-specific fine-
tuning, but from the physically encoded depth information.

Physical experiments. To acquire physical measurements, we mounted our metalens-
based depth camera prototype and target objects on an optical table with precise
distance control (Fig. E[) We captured 42 scenes featuring 25 distinct objects,
including single- and multi-object setups placed at various depths; 20 objects
are unseen in our five-shot training set. Our model uses both polarization chan-
nels as input (Sec. , whereas baselines are provided with a grayscale image
from one polarization channel. Obtaining dense LiDAR or stereo ground truth
is challenging due to field-of-view mismatch and sparsity [59]. Following estab-
lished practices , we assign reference depths to nearly planar objects using
masks and known mounting distances, with averaged label uncertainty (< 1 cm)
well below our performance margins.
As shown in Tab. 2| our method
consistently outperforms all LiDAR-
free baselines and achieves perfor-
mance close to the LiDAR-assisted T”:Vj If iDT;t' /|MAE| RMSE{ AbsRell 6o.5 1
PromptDA. Even after applying opti- Ours-Large | 0.036 0.075  0.060 0.888
mal scale/shift alignment to baseline Ours-Base |0.032 0.089 0.055 0.895
predictions, our approach maintains a ~Ours-Small | 0.048 = 0.098 0081 0818
; AT . DepthAny. v2*| 0.061 0.100  0.128 0.678
clear margin, highlighting its effective DepthAny. v2 | 0.135 0.169  0.234  0.483
use of physical depth cues. Qualita- DepthAny. v3 | 0.111 0.146  0.198 0.561
tive results in Fig. [7] further show that Depth Pro 0.089 0122 0.159  0.661

. . Lotus 0.140 0.181  0.261  0.479
our predictions are metrically accurate

Table 2: Quantitative comparisons on
physical experiment. Notations are consis-
tent with the previous table.

Marigold 0.062 0.101  0.117 0.744
while preserving sharp object bound- Metric3D v2 | 0.159 0.193  0.276 0.424
aries. Overall, these results demon- MoGe v2 0.063 0.095  0.119  0.709
trate that our phvsically prompted UMDepthv2 | 0107 0145 0196 0502
strate phy; y promp ZoeDepth 0.109 0.146  0.175 0.561
model transfers robustly from simula- PromptDA 0.030 0.086 _0.054 0.951

tion to real captures.

4.2 Comparison with DfD
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We consider two representative DfD  Table 3: Comparison on FlyingThings3D.

baselines: DeepDfD [30] and Split- T~ MAE| RMSE) logiol 61 1

Aperture [59]. For fair evaluation,

follow their orieinal metri g Ovurs-Small 0.022 0.132 0.005 0.995
we lollow thewr original MErics and  pe.,pep f30] 0.089 0.191 0.034 0.941
dataset, FlyingThings3D [41]. To match  split-Aperture [59] 0.086 0.147 0.011 0.993

their 1-5 m range, we retain the phase
design in Eq. and scale our metalens to a 5 mm diameter with a 50 mm
focal length, comparable to baseline optics. We report results using our small
backbone to match the baseline model capacity. As shown in Tab. 3] our method
consistently outperforms the DfD baselines across all metrics. To attribute these
gains, we next conduct ablations on both the optical design and the backbone

model (Sec. [4.3)).

4.3 Ablations and Analysis

Deconstructing the performance gains over DfD baselines. To isolate the source
of our improvements over DfD baselines, we conduct controlled ablations (Tab.
across three factors: metalens design (Meta), backbone architecture (ViT), and
learned pretraining prior (Prior). For baselines, we use DeepDfD’s optical de-
sign [30] which yields a compatible three-channel observation, and a U-Net of
comparable capacity to the ViT.

Our results reveal that the pre-
trained prior is the primary driver
of performance; omitting it causes
a steep drop in accuracy (row 1 v
vs. row 4), whereas fine-tuning a
pretrained ViT with DeepDfD op-
tics yields substantial gains (row 2
vs. row 5). Furthermore, our met-
alens design provides superior physical grounding for depth estimation, out-
performing DeepDfD optics when using the same pretrained backbone (row 1
vs. row 2, further discussed in supplementary material). Finally, while the ViT
marginally outperforms a similarly sized U-Net, the architectural difference alone
is not significant (row 3 vs. row 4).

Table 4: Ablation study on performance gains
over DFD baselines.

Meta ViT Prior MAE] RMSE] logiol 617

0.022 0.132 0.005 0.995
0.035 0.133  0.009 0.994
0.061 0.268 0.014 0.984
0.063 0.254  0.014 0.983
0.089 0.191  0.034 0.941

X NN X
X X NSNS
X X X NN

Preservation of pretrained priors. We further analyze why the pretrained depth
foundation model remains effective under our pseudo-RGB input adaptation.
Although the chromatic channels are remapped to polarization views, the input
preserves the spatial statistics most relevant to dense prediction, including edges,
object boundaries, and texture gradients. To quantify the resulting feature shift,
we feed the pretrained DA-V2 ViT-L the same Hypersim test scenes represented
as grayscale, a single polarization view tiled to three channels, and our pseudo-
RGB input, and then measure layer-wise CKA similarity to features extracted
from the original RGB input.
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As shown in Sec. [£:3] all vari-
ants maintain high similarity to
RGB features, with CKA scores
above (.83 across layers and
above 0.95 in the final three

blOCkS. MOI"eOVGI‘, pSGudO—RGB ODA-Vg ViT—C‘bIocl?indexs 0 :?Jatcazemblei, 2312 de;tsh-heza?i inpzuzt)
remains within approximately

0.04 CKA of the grayscale baseline. This indicates that the chromatic-to-
polarization remapping induces no larger representational shift than removing
color alone, supporting the transferability of the pretrained priors.

1.0
. —— grayscale (color removed)

0.7 —=— single polarization view
—— pseudo-RGB (our input)

CKA vs. natural RGB
o
=]

Alternative designs. To validate our input adaptation strategy (Adapt.) in
Sec. we compare it against a decoder-side fusion approach (Fusion) in phys-
ical experiments. We adapt the fusion module in PromptDA [40] to our setting
by modifying its input layers.

As shown in Tab. [5} our adapta-
tion strategy (row 1) achieves the
best overall performance. Adding
the fusion module (row 2) yields

Table 5: Ablation study comparing our input
adaptation strategy against decoder-side fusion.

Adapt. Fusion MAE| RMSE| AbsRell dp.5 1T

only a marginal RMSE improve- v x 0.0320.089° 0.055 0.895
. ) v v/  0.032 0.087 0058 0.875
ment while degrading other met- % v 0.063 0113  0.109  0.727

rics, and relying solely on fusion
(row 3) drastically reduces performance. This confirms that our input adapta-
tion strategy is a simpler, more effective way to inject polarization wavefronts.

Sim-to-real transfer. To decouple the benefits of physically accurate modeling
from the inherent advantages of real-world fine-tuning, we ablate our pipeline
(Tab. @ under two training regimes: synthetic-only and with real data included.
Removing disocclusion modeling (Tab. [6[a)) consistently degrades performance
which confirms that real-world data cannot fully compensate for inaccurate op-
tical modeling. Removing all augmentations (Tab. |§|(c)) causes a drastic perfor-
mance collapse in the synthetic-only regime, proving their necessity for zero-shot
generalization. (Tab. [6(d—f)) reveals that modeling light imbalance is the most
critical factor. Since our approach relies on polarization, we hypothesize it pre-
vents the network from overfitting to absolute light intensities and forces it to
focus on robust positional shifts.

Table 6: Ablation study on sim-to-real transfer. We disable simulator/augmentation
components from full pipeline and evaluate with and without including real data.

Component Synthetic only Real data included
MAE|l RMSE| AbsRel]l 605 T | MAE] RMSE] AbsRell do.5 T

(a) Full 0.107 0.149 0.148 0.546| 0.032 0.088 0.055 0.895

(b) w/o disocclusion 0.121  0.173 0.159  0.479 | 0.046 0.096 0.074  0.854

(c) w/o augmentation 0.198  0.260 0.226  0.240 | 0.038  0.097 0.066  0.865
(d) w/o light imbalance | 0.116  0.159 0.157  0.451 | 0.034 0.089 0.058  0.868
(e) w/o blur 0.112  0.151 0.153  0.496 | 0.034 0.091 0.059  0.876
(f) w/o noise 0.111  0.162 0.143 0.534 | 0.033 0.092 0.056 0.907
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5 Limitations and Future Work

Limitations. Our current system is intended as a proof of concept for physically
grounding DFMs with nanophotonic wavefront cues, rather than a deployment-
ready depth camera. The prototype is constrained by a system-level photon bud-
get. Its 3-mm, f/11.3 aperture and 10-nm bandpass filter substantially reduce
aperture—spectral throughput compared with mature f/6 RGB or DOE-based
systems. As a result, the current setup is better suited to well-lit, near-range
scenes with relatively longer exposures.

Polarization multiplexing does not directly discard the total collected signal,
but it maps the two polarization views to separate sensor regions, reducing the
effective field of view or sampling density. It can also increase sensitivity to
background and read noise in non-shot-noise-limited regimes. In addition, the
prototype currently has a limited field of view, increased tube length, and a
narrower operating range than mature multi-lens or RGB+LiDAR systems.

Real-world polarization imbalance is another practical limitation. Our low-
pass filtered mask and polarization-aware augmentation mitigate low-frequency
lighting discrepancies and encourage the network to rely on positional shifts
rather than intensity. However, high-frequency imbalance from specular reflec-
tions or actively polarized illumination remains challenging.

Future Work. Future work will explore end-to-end metalens-DFM co-design to
jointly optimize optical encoding and depth inference. Larger-aperture meta-
surfaces and polarization-resolved sensors could improve photon throughput,
compactness, field of view, and depth range, while reducing the need for nar-
row spectral filtering. We will also investigate training and calibration strategies
that improve robustness under complex environmental polarization, especially
for specular and partially polarized scenes.

6 Conclusion

We present a metalens-based depth imaging system that physically grounds
depth foundation models using polarization-encoded nanophotonic wavefronts.
Combining passive optical modulator with pretrained depth priors, we mitigate
monocular scale ambiguity and enable accurate metric depth, substantially out-
performing monocular depth estimation and prior depth-from-defocus methods
that did not leverage depth priors. We hope this work will help bridge emerg-
ing foundation models and nanophotonics materials, enabling compact depth
sensing for VR/AR, miniature robotics, medical endoscopy, and beyond.
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