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Abstract

Miniaturized endoscopy has advanced accurate visual per-
ception within the human body. Prevailing research re-
mains limited to conventional cameras employing convex
lenses, where the physical constraints with millimetre-scale
thickness impose serious impediments on the micro-level
clinical. Recently, with the emergence of meta-optics, ultra-
micro imaging based on metalenses (micron-scale) has gar-
nered great attention, serving as a promising solution.
However, due to the physical difference of metalens, there
is a large gap in data acquisition and algorithm research.
In light of this, we aim to bridge this unexplored gap, ad-
vancing the novel metalens endoscopy. First, we establish
datasets for metalens endoscopy and conduct preliminary
optical simulation, identifying two derived optical issues
that physically adhere to strong optical priors. Second, we
propose MetaScope, a novel optics-driven neural network
tailored for metalens endoscopy driven by physical optics.
MetaScope comprises two novel designs: Optics-informed
Intensity Adjustment (OIA), rectifying intensity decay by
learning optical embeddings, and Optics-informed Chro-
matic Correction (OCC), mitigating chromatic aberration
by learning spatial deformations informed by learned Point
Spread Function (PSF) distributions. To enhance joint
learning, we further deploy a gradient-guided distillation
to transfer knowledge from the foundational model adap-
tively. Extensive experiments demonstrate that MetaScope
not only outperforms state-of-the-art methods in both met-
alens segmentation and restoration but also achieves im-
pressive generalized ability in real biomedical scenes.

1. Introduction

Miniaturized endoscopy provides reliable internal visual
perception within the human body (Fig. 1a). Recent ad-
vancements in computer vision have significantly enhanced
real-time clinical support, such as segmenting the gastroin-
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Figure 1. (a) Miniaturized endoscopy; (b) Comparing convex-lens
and our meta-lens about physical nature and imaging quality.

testinal tract. This is vital for the early detection of serious
diseases, aiding medical professionals in surgical decisions.

To facilitate endoscopic diagnosis and surgery [57, 67,
72, 73], lots of efforts have been made to develop more ro-
bust, accurate, and efficient solutions for disease recogni-
tion and segmentation. Some works [1, 9, 32, 41, 50, 56]
focus on data engineering by enhancing diversity, quality,
and scale. Some other works [2, 23, 39, 55, 92, 95] de-
velop more advanced deep-learning models by addressing
numerous algorithmic challenges, including domain gener-
alization [2, 46, 47], privacy preservation [17, 35, 58], and
label-efficient learning [48, 60, 88], among others.

Despite significant algorithmic advancements, existing
studies are limited to conventional cameras that utilize con-
vex lenses [44, 52], whose physical constraints pose sub-
stantial barriers to micro-level clinical applications. The
inherent curvature limitations of convex lenses (Fig. 1b
left) hinder the development of ultra-lightweight profiles,
restricting them to millimetre-scale thickness. This im-
pairs navigation through narrow or curved anatomical struc-
tures and negatively impacts device size, power consump-
tion, and operational efficiency, hindering progress toward
micro-miniaturized clinical applications.

Recently, with the emergence of meta-optics [13, 36,
69, 70, 82], ultra-micro imaging based on metalenses has
garnered significant attention in micro-robotics, showing a
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promising solution [19, 66]. As shown in Fig. 1b, these
ultra-thin lenses utilize nanostructured arrays to manipu-
late light at subwavelength scales. In contrast to conven-
tional in-vivo lenses, which typically weigh around 2.5
grams with 5-millimetre thickness, meta-lenses weigh less
than 0.05 milligrams and measure under 850-nanometer in
thickness. These superior physical properties significantly
reduce the device size [59, 61, 63]. This enables access to
narrow anatomical structures and facilitates minimally in-
vasive technologies within the human body.

While promising, these advancements pose challenges
in maintaining imaging quality, as severe chromatic aber-
ration [14, 52, 86] fundamentally limits their diagnostic
reliability by distorting spectral signatures critical for tis-
sue characterisation. The key challenge lies in achieving
achromatic design, where the main difficulty stems from
the wavelength-dependent phase modulation of nanostruc-
tures. Their resonant properties and material dispersion
make it physically challenging to achieve consistent wave-
front control across broad spectra, causing different wave-
lengths of light to focus at different points. Current physical
solutions typically stack multiple layers [43] or frequency-
dependent phase engineering combining geometric-phase
and propagation-phase elements [15], but these face lim-
itations in fabrication complexity, limited bandwidth, and
trade-offs between efficiency and device size. Hence, we
propose the computer vision solution for computationally
achromatic meta-lens endoscopy (refer to Sec. 3.1), under-
scoring its substantial industrial and academic value [82].

To address this challenge, we delve into the nature of
chromatic aberration with optical simulation, encapsulating
it into two sub-issues (Sec. 3.2). (1) Color and Position-
Dependent Intensity Loss: Different colors are attenuated
unevenly with inherent optical prior. (2) Color-Dependent
Blur and Misalignment: Different color has a varied “blur
kernel” (Point Spread Function, PSF). Mismatched color
offsets create color fringing around objects, especially at
high-contrast edges. Based on these observations, we fur-
ther propose MetaScope, a novel optics-driven network
to eliminate chromatic aberration and deliver precise seg-
mentation for clinical applications. MetaScope employs a
metalens encoder to correct distorted representations via
Optics-informed Intensity Adjustment (OIA) and Optics-
informed Chromatic Correction (OCC). Additionally, it in-
corporates a dual-branch decoder designed for accurate seg-
mentation, enhanced by an auxiliary restoration branch (see
Fig. 3). Specifically, with optical simulations, OIA encodes
optical priors into optical embeddings and then adjusts the
attention map. OCC estimates PSF distributions by learn-
ing implicit distributions adaptively, eliminating chromatic
aberrations through spatial aggregation. Furthermore, to en-
hance the robustness against chromatic aberration, we intro-
duce gradient-informed distillation, which transfers foun-

dational knowledge to enhance restored representation. By
addressing both hardware and algorithmic barriers, we
make clinical micro-miniaturization possible with enhanced
physical efficiency. The contributions are fivefold:
• We are the first to break through the endoscopy barrier via

metalenses from both data and algorithmic aspects, illu-
minating ultra-micro applications of healthcare robotics.

• We propose five datasets for metalens-based diagnostics
and surgery, starting and advancing the clinical research.

• Delving into two imaging challenges with optical simu-
lations, we propose a novel MetaScope to achieve joint
restoration and segmentation guided by optical priors.

• The proposed MetaScope consists of an Optics-informed
Intensity Adjustment to correct intensity attenuation
with encoded optical embedding and an Optics-informed
Chromatic Correction to rectify chromatic aberration.
Besides, a gradient-informed distillation is proposed to
enhance joint restoration-aware learning.

• Extensive experiments verify that MetaScope achieves
SoTA segmentation and restoration, which also works im-
pressively in real biomedical scenarios (Supp. C).

2. Related Works
Metalens Imaging uses optical metasurfaces to enhance
the imaging capabilities of cameras [36, 69, 70, 82], which
consist of arrays of nano-scale structures for precise fo-
cusing control, as shown in Fig. 2a. Their lightweight
design and wide fields of view, make them highly suit-
able for applications in augmented reality, micro-robotics,
and in-vivo healthcare [19, 66]. However, manufacturing
imperfections and inherent limitations lead to image dis-
tortion with severe chromatic aberration [83]. To break
through this, artificial intelligence has been increasingly in-
tegrated into meta-lens imaging to facilitate meta-lens de-
sign [5, 33, 78, 87, 96] and enhance image quality through
deep models [22, 29, 80, 81]. Unlike existing studies fo-
cusing on restoration, we are the first to explore micro-
miniaturized endoscopic applications, proposing a unified
perception model driven by optical priors.
Medical Image Segmentation [6, 40, 62] autonomously
delineates intricate anatomical structures, streamlining clin-
ical procedures. With the U-Net architecture [79], numer-
ous variants [10, 20, 27, 30, 45, 54, 76, 77, 85, 91] have been
developed to enhance multi-scale fusion, skip connections,
and bottleneck features [30]. Recently, U-shaped models
such as UNeXt [84], DC-UNet [65], Rolling-Unet [64], U-
Mamba [68], and U-KAN [42] have improved model effi-
ciency and interoperability. Additionally, generic segmen-
tation methods have shown remarkable efficacy in medical
applications, such as Mask2Former [18], EDAformer [93],
and SegNext [25]. Unlike traditional methods that rely on
high-fidelity images, our approach targets the more chal-
lenging metalens images via optical observations.
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Figure 2. (a) Our metalens nanostructure via scanning electron microscope; (b) Optical setup for meta-lens data collection; (c) Intensity
loss in metalens imaging with color and spatial dependence; (d) Color-dependent blur and misalignment due to inconsistent PSF patterns.

Image Restoration [11, 21, 37, 51, 53] seeks to reconstruct
high-quality images from degraded inputs, such as rainy,
foggy, etc [16, 93]. Chen et al. [11] proposes a compre-
hensive study of restoration-oriented CNN design and in-
troduces NAFNet, a lightweight model for efficient image
restoration. With the scalability of the Transformers archi-
tecture, SwinIR [51] employs shifted-window attention to
enhance global context while preserving local details. Ad-
ditionally, some methods, such as Restormer [94], SFH-
former [34], and MambaIR [24] have gained attention due
to their novel network architectures. Instead of focusing on
the natural restoration with convex lenses, we investigate
advanced meta-lens imaging driven by distinct optical sim-
ulation and explore its potential to assist perception tasks.

3. Preliminaries
Metalens Imaging. Conventional lenses achieve light fo-
cusing by varying thickness in a convex geometry and using
multiple lens elements, which poses challenges for micron-
miniaturized practice due to the bulky optical systems. In
contrast, metalenses employ nanoscale structures, meta-
atoms patterned on a flat surface (Fig. 2a) to manipulate
the light wavefront in a much more compact way. Each
meta-atom provides specific amplitude and phase modula-
tion. The focusing phase profile can be expressed as:

ϕ(r, λ) = −
[
2π

λ

(√
r2 + f2 − f

)]
, (1)

where ϕ(r, λ) is the required phase for the meta-atom at po-
sition r for wavelength λ, and f is the desired focal length.
Without achromatic design, metalenses exhibit wavelength-
dependent focal lengths, expressed as f(λ). This variation
prevents different wavelengths from converging on a single
imaging plane. We designed and fabricated polarization-
independent gallium nitride (GaN) metalens with a diame-
ter of 2.6 mm and a focal length of 10 mm.

3.1. Metalens Dataset Establishment
Due to the limited imaging quality of metalens cameras,
a significant barrier exists to clinical practice, resulting in
insufficient endoscopic data collection. This scarcity of
data impedes the design of algorithms aimed at correct-
ing chromatic aberration. To overcome this, we employ a

proxy photographic solution to establish datasets, as shown
in Fig. 2b. As the chromatic aberration patterns adhere to
consistent physical principles, we can create paired metal-
ens mapping data with and without distortion to train the
model that approximates the restoration function. Based on
this insight, we construct the necessary pairs by projecting
images from publicly available endoscopic datasets onto a
screen and capturing images with a metalens camera. Thus,
we can generate the metalens dataset with a triple data for-
mat, including the metalens image, associated high-quality
ground truth, and the corresponding semantic labels, such as
segmentation. Note that we empirically find that the model
trained on our datasets exhibits generalization capacity to
real scenes with varied depth and different metalenses,
demonstrating significant value to the community. More de-
tails can be found in the Supp C.

3.2. Identifying Metalens Imaging Challenges
The challenge of metalens images arises from the wave-
length dependence of the focal length, which fails to focus
all light onto a single focal plane. To explore this unique
characteristic, we conduct optical simulations and identify
two derived issues, motivating our method designs.
(1) Color and Position-Dependent Intensity Loss. We
illuminate the metalens with the directional white light of
uniform intensity while the CMOS sensor applies gains
of 1.67, 1, and 2.34 to RGB channels (built-in white bal-
ance function). We analyze the resulting intensity varia-
tions in the captured images, as shown in Fig. 2c, sum-
marizing two observations: (a) Imbalanced RGB Channel
Intensities: Even under the automatic white balance, color
channels exhibit inconsistent brightness due to wavelength-
dependent responses of meta-atoms. Specifically, non-
optimized wavelengths (e.g., red/blue) suffer from simul-
taneous amplitude and phase mismatch in meta-atoms, sig-
nificantly reducing modulation efficiency and causing light
intensity loss. (b) Vignetting and Structured Noise: The
surrounding regions experience significantly greater atten-
uation compared to the central area, which is analogous
to the dark channel observed in de-hazing [26]. This is
because of the superposition of off-axis efficiency drop of
nanostructures ηmeta(θ) and traditional geometric vignetting
(cos4 θ law), which could be approximated as Itotal(θ) =
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Figure 3. Illustration of the proposed MetaScope, which consists of two optics-informed modules, named (a) OIA and (b) OCC injected in
the encoder to correct the meta-distortion, and a (c) gradient-guided distillation strategy to facilitate the restoration-aware representation.

ηmeta(θ) ·cos4 θ ·I0. Inhomogeneous amplitude responses of
different meta-atoms and nanofabrication defects induce lo-
cal random fluctuations in transmitted light intensity, mani-
festing as spatially correlated brightness noise. Motivation:
To fully leverage observed optical priors, we propose to en-
code the efficiency and radial priors to adjust the feature
learning with restoration awareness (Sec. 4.1).

(2) Color-Dependent Blur and Misalignment. PSF is
the imaging response of an optical system to an ideal
point light source, directly governing spatial resolution and
color fidelity, which could be approximated as Ioutput =∑

λ

[
T (λ) ·

(
ηmeta(θ) · cos4 θ · I0(λ) ∗ PSF(λ, x, y)

)]
+ ϵ,

where ϵ is noise. Fig. 2d shows the simulated PSFs of a
coherent plane wave (ideal light source) under the wave-
length of 532 nm (green). In metalenses, chromatic aber-
rations cause wavelength-dependent PSF variations. Each
wavelength (color) has a different focal length for a sensor
fixed at the design wavelength (e.g., green), shorter (red)
and longer (blue) wavelengths defocus, broadening their
PSFs. Blue/red edges appear more blurred than green ones,
akin to applying color-specific Gaussian kernels. Imper-
fect phase gradient compensation of the metalens results
in PSF centroid displacement across wavelengths. Hence,
high-contrast edges exhibit color fringing, as misaligned
RGB PSFs create artificial chromatic gradients. Our ob-
servations indicate that such blur and fringing cause the
signal to spread from the source pixel into adjacent pixels.
Motivation: To tackle this issue, we propose a novel solu-
tion by estimating the full-color PSF distribution via learn-
ing inherent Gaussian mixtures adaptively, thereby spatially
guiding correction of chromatic aberrations (Sec. 4.2).

Problem Formulation. We have triplet data {Im, Ic, Y }
for training, including degraded images captured by metal-
ens Im, the associated high-quality ones captured from the

convex lens Ic, and the segmentation mask Y . Our goal is
to train a unified model F that can achieve reliable percep-
tion Ỹ and restoration Ic using metalens images Im. In the
test stage, the model can predict restored images and masks
directly from metalens images: {Ỹ , Ĩc} = F(Im).

4. Methodology
As shown in Fig. 3, given metalens images Im, we employ a
metalens encoder Fenc, which consists of two key modules,
(a) OIA and (b) OCC, to generate the restoration-aware la-
tent X̃ , addressing the two issues in chromatic aberration
(Sec. 3.2) with optical priors. Then, X̃ is sent to a dual-
branch decoder Fdec to generate both the restored image Ĩm
and the segmentation mask Ỹ . In this process, the interme-
diate feature of meta-restoration (low-level) guides the seg-
mentation branch with a simple residual connection. During
the training, we implement (c) gradient-guided distillation
that encodes the convex-lens image Ic with the foundation
model to facilitate the learning of restoration.

4.1. Optics-informed Intensity Adjustment
Metalens images experience severe attenuation in adhering
to specific priors. However, the limited data scale makes it
challenging to learn these priors solely through data fitting.
To overcome this, we aim to adjust the feature using the
optical priors derived from simulations, as shown in Fig. 3a.
Optical Prior Encoding. We begin by sending the metal-
ens image Im through a metalens encoding block to obtain
the feature X̃ . Due to inconsistent wavelengths, the cap-
tured images Im exhibit varying intensity attenuation with
optical evidence. To tackle this, we use the optical simula-
tion to generate two types of optical priors (see Sec. 3.2):
the color-depended vector T ∈ RL encoding the efficiency
of L visible light in sequential wavelengths, and spatial at-
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tenuation prior Y ∈ RH×W . Note that those priors can be
generalized to different metalens due to the similar attenu-
ation patterns. Then, we encode them into the optical em-
bedding at the channel Ech ∈ RĈ and spatial Esp ∈ RĤ×Ŵ

levels to calibrate the input feature X ∈ RĈ×Ĥ×Ŵ :

Ech = FEnc
Fc (T) ;Esp = FEnc

Conv (Y ⊕Cx ⊕Cy) , (2)

where Cx/y ∈ RH×W indicate the normalized coordinates,
⊕ is the concatenation, and FEnc

Fc /FEnc
Conv are simple fully

connected and convolutional based layers, abbreviated as
Conv/Fc in following sections. These optical embeddings
provide significant optical guidance to correct the intensity
attenuation at the spatial and channel levels.
Feature Adjustment with Optical Prior. To integrate op-
tical prior, a natural idea is to inject embedding into the net-
work like diffusion models [28]. However, instead of shar-
ing across all features, metalens images introduce attenua-
tion patterns exhibiting variability across wavelengths and
positions. Hence, we consider the distinct physical proper-
ties of efficiency (color-based) and spatial priors (position-
based) and propose a simple yet effective method that uses
optical embedding to rectify channel and spatial attention.
Specifically, the adjusted attention is integrated as follows:

Attnch(X) = Sigmoid
(
FProj

Fc (Meansp(X) +Ech)
)
,

Attnsp(X) = Sigmoid
(
FProj

Conv (Meanch(X) +Esp)
)
,

(3)

where Meansp/ch indicates the averaging over the spatial and
channel dimension, and FProj

Fc/Conv is a projection layer. Then,
given the feature X , the adjusted one can be represented as:
XOIA = Conv(Attnsp(X)⊙(Conv(Attnch(X)⊙X)))+X ,
where ⊙ is Hadamard product. Thus, by embedding the
optical prior, the model can dynamically adjust representa-
tions based on the color-specific and spatially varying opti-
cal prior, improving the restoration-aware encoding.

4.2. Optics-informed Chromatic Correction
Metalens images suffer from chromatic artifacts due to
wavelength-specific PSFs. Considering the difficulty in es-
timating explicit PSFs. we model the implicit PFS distri-
bution via Gaussian Mixture Models (GMM) in an adaptive
manner for chromatic correction (Fig. 3b).
Formulating Implicit PSF Distribution. Given an input
light with wavelength λ, metalens projects it to the 2-D im-
age at a specific position p = [x, y] coupled with dispersed
components to the neighbouring pixels, which can be for-
mulated as the spatial dispersion ∆p = [∆x,∆y], adhering
the implicit PSF distribution P (∆p). As shown in Fig. 2
(d), such dispersion can be naturally modeled as a mixture
of Gaussians with a main lobe accompanied by symmetric
side lobes. Based on this observation, we formulate the im-

plicit PSF distribution with GMM as follows,

P (∆p) =

K∑
k=1

πkN
(
∆p

∣∣µp,k, σ
2
p,k

)
, (4)

where P (∆p) represents the dispersion probability, p =
[x; y] is the 2-D position, πk is the coefficient for the k-th
Gaussian parameterized with mean µp,k and variance σ2

p,k.
Learning PSF Distribution via Multi-Expert Gaussian.
Based on the GMM formulation, we aim to learn a spatial
deformation ∆p for each position p to model PSFs, ad-
hering P (∆p). This can thereby facilitate the adaptive ag-
gregation of dispersed information. However, directly esti-
mating the GMM in Eq. 4 with conventional methods like
the EM algorithm is time-consuming and challenging since
each wavelength λ is associated with a specific GMM with
diverse patterns. To break through this barrier, inspired by
the Mixture of Experts (MoE) [71], we propose a Multi-
expert Gaussian (MeG) paradigm with K Gaussian experts,
where each expert MeGk serves for a specific Gaussian pat-
tern. Notably, instead of directly estimating the Gaussian
parameters, the expert is designed to estimate the linear
transformation from a normal Gaussian, i.e., residual part,
based on the scaling invariance of the Gaussian.

Specifically, given the input feature X , we first assume
a normally distributed latent P (z|X) with variational au-
toencoding for the PSF distributed offset space. To this end,
we deploy two linear layers for the mean µ(X) and log-
variance logσ2(X) as Gaussian parameters and implement
Kullback-Leibler divergence to ensure that offset space to
be Gaussian: KL (qϕ(z | X)∥N (0, I)) as [38], where qϕ
is simply formulated with the former Conv block [49].
Then, we establish K experts by leveraging the linear in-
variance property of Gaussian distributions, where each of
the experts parameterized with {ak,bk} aims to learn a
linear projection based on a sampled z ∼ P (z|X) using
the reparameterization trick [38]. Thus, this can gener-
ate a transformed Gaussian for each expert: MoGk(X) ∼
N (akµ(X) +bk,a

2
kσ

2(X)). Concretely, each MeG is de-
ployed with a convolution layer outputting 2×M×M chan-
nels where M = 3, which generates M2 offset candidates
[∆x; ∆y] modeling the implicit PSFs1. Finally, a small
router layer Router(X) is deployed with Conv−Pooling
to learn the aggregation weight with K-channel output.
Thus, the whole process can be formally represented as,

∆p =

K∑
k=1

πk · MeGk(X),where π = Router(X), (5)

and ∆p is the estimated spatial offsets in modeling disper-
sion patterns. These offsets are utilized to aggregate dis-
persed points with the well-estimated guidance of PSFs.

1To avoid the collapse to the same Gaussian and facilitate learning or-
thogonally, we deploy the MeG layers with different dilation rates.

25942



Metalens Segmentation

In-Vivo Diagnosis In-Vivo Surgery

Meta-CVC-Clinic Meta-CVC-Colon Meta-Kvasir-Seg Meta-EndoVis-17 Meta-EndoVis-18 Average

Method mIoU mDICE mIoU mDICE mIoU mDICE mIoU mDICE mIoU mDICE mIoU mDICE

UNet [79] 0.6623 0.7710 0.6238 0.7306 0.4814 0.6171 0.7174 0.8274 0.5931 0.7181 0.6156 0.7328
Atten-UNet [74] 0.6705 0.7752 0.6336 0.7306 0.4884 0.6255 0.7040 0.8163 0.5895 0.7200 0.6172 0.7335
UNet++ [97] 0.6765 0.7770 0.6417 0.7391 0.4746 0.6084 0.7195 0.8287 0.6003 0.7296 0.6225 0.7366
UNext [84] 0.7006 0.7948 0.6855 0.7707 0.5504 0.6651 0.7290 0.8377 0.5235 0.6496 0.6378 0.7436
Rolling-UNet [64] 0.7499 0.8259 0.6597 0.7460 0.5376 0.6482 0.7978 0.8847 0.6092 0.7359 0.6708 0.7681
U-KAN [42] 0.7454 0.8260 0.7191 0.7924 0.5929 0.6937 0.7753 0.8692 0.6482 0.7766 0.6962 0.7916
DeepLabV3+ [12] 0.6574 0.7506 0.6121 0.6943 0.4629 0.5882 0.7887 0.8784 0.6749 0.7956 0.6392 0.7414
UperNet [89] 0.6312 0.7201 0.7159 0.8041 0.5839 0.6910 0.8038 0.8810 0.6774 0.7999 0.6824 0.7792
Segformer [90] 0.7612 0.8378 0.6863 0.7729 0.4739 0.5970 0.8025 0.8878 0.6745 0.7965 0.6797 0.7784
EDAformer [93] 0.8169 0.8859 0.7507 0.8312 0.5705 0.6813 0.8161 0.8965 0.7310 0.8380 0.7370 0.8266
SegNext [25] 0.7639 0.8399 0.6528 0.7352 0.5790 0.6803 0.8207 0.8994 0.6266 0.7555 0.6886 0.7821
Mask2former [18] 0.7912 0.8612 0.7353 0.8157 0.6664 0.7558 0.8367 0.9010 0.7300 0.8371 0.7519 0.8342

MetaScope (Ours) 0.8555 0.9137 0.7868 0.8604 0.6972 0.7845 0.8802 0.9355 0.8057 0.8896 0.8051 0.8767

Metalens Restoration

Method PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

SwinIR [51] 25.3100 0.8442 24.1285 0.8338 23.7643 0.8328 26.1958 0.9143 25.2748 0.8786 24.9347 0.8607
Restormer [94] 33.5640 0.9581 33.9541 0.9719 31.3738 0.9778 30.9982 0.9561 30.6164 0.9356 32.1013 0.9599
NAFNet [11] 33.8970 0.9668 34.6834 0.9856 31.5939 0.9793 30.9660 0.9553 30.9087 0.9397 32.4098 0.9653
DRMI [80] 33.5517 0.9784 34.7755 0.9672 31.6620 0.9705 31.6709 0.9601 31.4767 0.9451 32.6274 0.9643
MambaIR [24] 25.5517 0.8689 26.9477 0.9128 24.7844 0.9165 24.1641 0.8852 24.3246 0.8572 25.1545 0.8881
NeRD-Rain [16] 30.3351 0.9370 31.1423 0.9558 28.3791 0.9564 25.7874 0.9072 25.4942 0.8712 28.2276 0.9255

MetaScope (Ours) 34.8483 0.9854 35.6603 0.9856 32.4454 0.9818 32.0365 0.9619 31.8664 0.9474 33.3714 0.9724

Table 1. Comparison with state-of-the-art methods on five benchmarks in terms of metalens segmentation (top) and restoration (bottom).
The best and second-best results are highlighted in red and blue, respectively.

Chromatic Correction. With the learned offsets, we fur-
ther aggregate the spatially dispersed points with a simple
deformable convolution layer, facilitating local aggregation
of dispersed information. This can ensure that the pixel col-
ors are accurately reconstructed by aligning with the under-
lying physical distribution modeled by the GMM, denoted
as X(p)OCC =

∑M+N
i=1 wi ·X(p+∆pi), where ∆pi repre-

sents the learned offset for the i-th element (i ∈ [1,M×M ])
at location p, and wi is the learnable weight. By learning
the positions of the sampled points, we can effectively mit-
igate color dispersion caused by PSFs, leading to more ac-
curate and visually consistent color correction.

4.3. Optimization
Gradient-guided Distillation. To better optimize the pro-
posed optics-informed modules in chromatic aberration
learning, we propose a distillation method that leverages
the pre-trained DINO v2 [75] to refine under-optimized re-
gions of X̃ , as illustrated in Fig. 3c. Given the feature X̃ ,
we back-propagate the restoration Loss LRest and collect the
gradient amplitude map M = |∂LRest

∂X̃
| to guide the feature

distillation, which can be denoted as follows,

LDistill =
1

sum(M̃)

∑
M̃⊙

∣∣∣FDINO(Ic)−FProj
Conv(X̃)

∣∣∣
1
,

(6)

where M̃ = M−min(M)
max(M)−min(M) is the normalized gradient

map, FProj
Conv is a projection layer structured as Conv −

ReLU−LayerNorm−Conv to match the dimension. Con-
sequently, the mask with higher values corresponds to areas
with greater distortion and under-optimization, enabling the
distillation to focus preferentially on critical regions.
Overall Objective. During the training stage of MetaS-
cope, the overall optimization objective is denoted as:

LMetaScope = LSeg + λLRest + ωdLDistill + ωkLKL, (7)

where LRest is for the auxiliary metalens restoration task,
deployed with PSNR loss, LSeg is the segmentation loss,
implemented with CE loss, LKL is the variational loss to en-
sure the Gaussian [38] in OCC estimating PSF distributions.
ωd and ωk balance the two representation learning modules.
λ is used to balance the segmentation and restoration.

5. Experiments
5.1. Benchmark Setup
Dataset Setup. We build up five benchmarks focusing on
two critical clinical procedures: diagnosis and surgery. Af-
ter establishing the metalens optical system, as described
in Sec. 3.1, we are able to capture the metalens image Im
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Figure 4. Comparison between conventional systems using high-
quality ground-truth images without Meta, and our metalens sys-
tem using the degraded images in Meta version dataset.

by photographing the publicly available database {Ic, Y }
projected on the screen, thereby generating the triplet data:
{Im, Ic, Y } in 1024 × 1024 resolution. Based on our
dataset, we carry out two streams of research to advance
the metalens vision, including metalens segmentation with
{Im, Y } (perception), metalens restoration {Im, Ic} (low-
level vision). Hence, we name our datasets by adding
the Meta prefix on the following five database: (1) CVC-
Clinic [8], (2) CVC-Colon [7] (3) Kvasir-Seg [31], (4)
EndoVis-17 [3], and (5) EndoVis-18 [4], such as Meta-
EndoVis-18. More details can be found in Supp. D.
Evaluation Metrics. Evaluation is conducted in alignment
with two clinical needs. (1) Clinical assistance: Metalens
segmentation adopts mIoU and mDICE [42] (IoU/DICE for
single-class datasets). (2) Clinical visualization: Metalens
restoration uses PSNR and SSIM [94].
Implementation Details. The proposed model is based on
the NAFNet [11] and is trained using the AdamW optimizer
with a learning rate of 1 × 10−3, a batch size of 2, and a
weight decay of 1 × 10−4. The training schedules of all
benchmarked methods are consistent. Training was con-
ducted on two 24G GPUs for 50,000 iterations. The num-
ber of MeG is set to K = 3. The ωd and the ωk are both
set to 1, and the λ is set to 0.01/0.1 for diagnostics/surgery
datasets. The simulation details and results of the optical
priors in Eq. 2 are in Supp. B.

5.2. Comparison with State-of-the-art Methods
Metalens Segmentation. In Tab. 1 (top), we compare with
state-of-the-art methods in both the medical field like U-
KAN [42] and Rolling-UNet [64] and the natural imaging,
including Mask2former [18]. Our MetaScope achieves su-
perior performance, attaining an 80.51% mIoU and 87.67%
mDICE across all five benchmarks, significantly outper-
forming the latest counterpart, EDAformer [93], by 6.81%
in mIoU and 5.01% in mDICE. Most importantly, MetaS-
cope exhibits the best performance across all five settings,
encompassing varied clinical devices, in-vivo scenes, and
diverse classes, demonstrating substantial robustness.
Metalens Restoration. Given promising achromatic met-

Setting Segmentation Restoration

- w/o mIoU mDICE PSNR SSIM

Seg-Base - 0.7376 0.8272 - -
Meta-Base - 0.7749 0.8573 31.1748 0.9538

+ Grad-Distill Grad 0.7975 0.8750 32.4870 0.9632
- 0.8312 0.8927 32.8153 0.9610

+ Grad-Distill; MeG 0.8382 0.9012 32.8078 0.9482
+ OCC - 0.8512 0.9088 34.0011 0.9603

+ Grad-Distill; Prior 0.8523 0.9109 34.1341 0.9806
+ OCC; + OIA - 0.8555 0.9137 34.8483 0.9854

Table 2. Detailed ablation study of the proposed modules on the
Meta-CVC-Clinic benchmark, where ‘w/o’ indicates removing the
sub-components, and ‘Grad’ indicates the gradient guidance.

Module Setting mIoU mDICE PSNR SSIM

Learned 0.8700 0.9293 31.6896 0.9600
Optical Only ch. 0.8715 0.9303 31.8751 0.9615
Prior Only sp. 0.8746 0.9320 32.0141 0.9612

Full 0.8802 0.9355 32.0365 0.9619

Num. MeG 1 0.8682 0.9279 31.8780 0.9616

K in Eq. 5 3 0.8802 0.9355 32.0365 0.9619
5 0.8793 0.9349 32.0637 0.9625

Loss Weight 0.01 0.8676 0.9280 29.8646 0.9452

λ in Eq. 7 0.1 0.8802 0.9355 32.0365 0.9619
1.0 0.8497 0.9168 32.0491 0.9622

Table 3. Sensitivity analysis of the simulated optical prior and
hyper-parameters on the Meta-EndoVis-17 benchmark, where
‘Learned’ indicates directly learning optical embedding.

alenses [52], we benchmark metalens restoration and com-
pare our method with state-of-the-arts, as shown in Tab. 1
(bottom). MetaScope achieves the best performance with
a PSNR of 33.3714 dB and an SSIM of 0.9724, surpass-
ing the latest metalens restoration method DRMI [80] and
the natural imaging method MambaIR [24], revealing that
our method can thoroughly correct distorted patterns. We
also observe that methods tailored for specific restoration,
such as NeRD-Rain for de-raining, perform unsatisfactorily,
highlighting the unique characteristics of metalens (Sec. 3).

Comparing Metalens and Conventional Systems. Fig. 4
presents a more challenging comparison between metalens
and conventional systems, where the latter utilizes high-
quality ground-truth images and state-of-the-art segmenta-
tion algorithms. Surprisingly, despite metalens introducing
chromatic aberration, our system (red bar) achieves the best
performance across all benchmarks. This demonstrates that
our method is robust to chromatic aberration and capable of
unleashing the potential of metalens. Notably, our system
transcends the physical weight limitations and algorithmic
precision constraints of conventional lens systems.
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Figure 5. Qualitative comparison in terms of state-of-the-art segmentation methods and image restoration methods.

Figure 6. Heatmaps of the feature before and after each module.

5.3. Ablation Study

Effect of Each Module. We conduct a comprehensive ab-
lation study presented in Tab. 2 and summarize several valu-
able observations. (1) Compared with the pure baseline
(Seg-Base), introducing the restoration branch (Meta-Base)
to guide segmentation yields a noticeable 3.01% mDICE
gain. (2) The gradient-guided distillation contributes an ad-
ditional 3.54% mDICE enhancement, highlighting the crit-
ical role of the restoration gradient (Grad). (3) Introducing
OCC enhances the mDICE by 1.61% and achieves a 1.18
dB gain in PSNR, with the restoration gains primarily aris-
ing from the MeG design, emphasizing the importance of
modeling dispersion patterns. (4) Incorporating OIA fur-
ther refines the restoration representation, achieving the best
performance in both segmentation (91.37% mDICE) and
restoration (34.8483 PSNR), demonstrating the effective-
ness of the optical prior in meta-restoration.

Sensitivity Analysis. We further conduct in-depth explo-
ration in Tab. 3. (1) Removing the spatial and channel pri-
ors results in a noticeable decrease in PSNR, highlighting
the essential role of correcting intensity attenuation. (2) Re-
garding the number of MeG, the performance remains ro-
bust when K ≥ 3 but experiences a noticeable decrease
when K = 1, revealing the effectiveness of modeling PSFs
by the Gaussian mixture. (3) There is a trade-off in joint
learning: Increasing the restoration loss weight yields fur-
ther gains in PSNR while sacrificing some mDICE.

5.4. Qualitative Analysis
Qualitative Comparison. Fig. 5 shows a comparison be-
tween segmentation (top) and restoration methods (bottom).
Compared to the latest method, EDAFormer [93], MetaS-
cope shows visually significant improvements in the spatial
completeness of challenging local regions. This is particu-
larly evident in the prograsp forceps (green) and monopolar
curved scissors (cyan) in row 1. Regarding the metalens
restoration, Metascope achieves significant gains in both
color accuracy and structural fidelity of local regions.
Analyze each Module with Heatmaps. In Fig. 6, we pro-
gressively visualize features before and after each module,
highlighting insightful interoperability and well-aligned
optical motivation. (1) By modulating features with spatial
priors, OIA enhances the near-border regions and relieves
the position-dependent intensity loss, showing a similar pat-
tern to Fig. 2c. (2) OCC encourages each pixel to cluster
with its surrounding pixels, addressing PSF-caused disper-
sion with a spatial grouping (consistent with Fig. 2d). It also
focuses on more distorted regions (bottom part) instead of
segmenting targets, perfectly aligning with chromatic cor-
rection designs. (3) Without distillation, only low-level de-
tails are focused, yet lacking semantic guidance.

6. Conclusion
For the first attempt, we study endoscopic intelligence on
the microscale with advanced metalenses. We establish
benchmarks with five datasets across diagnostic and sur-
gical applications. To address the chromatic aberration,
we propose a novel MetaScope with two key components:
Optical-informed Intensity Adjustment corrects intensity
attenuation by learning optical embeddings; Optical-
informed Chromatic Correction models and eliminates PSF
distortion with multi-expert Gaussian. A gradient-guided
distillation is integrated to enhance the meta-representation.
Extensive experiments demonstrate that MetaScope signifi-
cantly surpasses state-of-the-art methods.
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