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OUTLINE
This supplementary document provides further description and additional results to support the findings from

the main manuscript. The document is organized as follows.

Section A: Additional details on the reconstruction algorithm presented in the main manuscript.

Section B: Further details on the fabrication of the prototype metasurface optics in this section.

Section C: To facilitate the reproducibility of the results presented in this work, this section lists additional

details on the setup and experimental capture protocols.

Section D: Additional details on the generation of the synthetic dataset. We also list additional samples of the

dataset used to train and evaluate our approach.

Section E: This section provides additional synthetic results in support of the findings in the main manuscript.

Section F: This section provides additional experimental results that further validate the findings of the main

document. Additional experimental in-the-wild captures and captures of a monitor with a sparse

spectral response are presented as results in addition to the results from the main paper.

A ADDITIONAL DETAILS ON THE IMAGE RECONSTRUCTION METHOD
In this section, we provide additional details on the proposed nanophotonic phase optimization and probabilistic

image deconvolution method for the on-sensor array camera.
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A.1 Closed-Form Solution for Data Fidelity Term
As described in Sec. 4.1 of the main manuscript, the linear data fidelity term of the alternating optimization

objective

IC+1 = arg min

I

1

2

����I ⊗ k − S
����2 + ‘C

2

����I − zC
����2� (1)

can be solved in closed form assuming a circular convolution, with the following inverse filter update

IC+1 = F †

 
F ∗ (k)F (S) + ‘CF (IC )

F ∗ (k)F (k) + ‘C

!
� (2)

where F (·) denotes the Fast Fourier Transform (FFT), F ∗ (·) denotes the complex conjugate of FFT, and F † (·)
denotes the inverse FFT. We derive the solution here.

Primer. Typical filtering in image processing is represented in three forms:

• Matrix form Ax = b denoted by the matrix multiplication of a filter A and vectorized images x and b,
• Filter form � ⊗ - = � denoted by convolution of a filter kernel A and images X and B, and
• Using a fast Fourier transform (FFT) F (A) ◦ F (X) = F (B) where F (·) is the FFT and ◦ denotes the

Hadamard pixel-wise product.

In the case of convolution with circular boundary conditions, the above three representations are equivalent, i.e.

Ax = b ↔ � ⊗ - = � ↔ F (A) ◦ F (X) = F (B) (3)

Similarly,

A)x = b ↔ �
′ ⊗ - = � ↔ F ∗ (A) ◦ F (X) = F (B) (4)

where �
′
is the 180

◦
rotated mirror kernel of �.

Now, the �2 objective in Eq. (1) can be expressed in matrix form as

IC+1 = arg min

I

1

2

����Ki − s
����2 + ‘C

2

����i − zC
����2� (5)

whose solution can be obtained by setting the first-order derivate w.r.t. i to zero. Therefore,

K) (Ki − s) + ‘C (i − iC ) = 0 (6)

Given the circular boundary condition, following Eq. (3) and Eq. (4), the above Eq. (7) is equivalent to

F ∗ (k)
�
F (IC+1)F (k) − F (S)

	
+ ‘C (F (IC+1) − F (IC )) = 0 (7)

which can be rearranged to Eq. (2) for calculating IC+1
as a closed-form solution.

A.2 Diffusion Models
Background on Diffusion Probabilistic Models. While different variations of diffusion models exist, we implement

a canonical one [Ho et al. 2020; Sohl-Dickstein et al. 2015]. From a data distribution @(x), we denote a sampled

datapoint as G0, and iteratively add small Gaussian noise to obtain G1� G2 ���G) , until G) approximates an isotropic

Gaussian. This forward step is a Markovian fixed process [Ho et al. 2020; Song and Ermon 2019] and can be

defined as

@(G1:) |G0) =

)Ö
C=1

@(GC |GC−1)� @(GC |GC−1) = N(GC ;

p
1 − VCGC−1� VC � ) (8)
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where VC is a variance schedule. In practice, we sample GC using a closed-form parameterization

GC =
√
ŪCG0 +

√
1 − ŪCn (9)

where UC = 1 − VC , ŪC =
˛C

8=1
U8 , and n ∼ N(0� � ).

The goal of each training iteration is to train a model ?\ , often represented by a neural network, that inverts

the forward diffusion (i.e., learns the reverse diffusion process):

?\ (G0:) ) = ? (G) )
)Ö

C=1

?\ (GC−1 |GC ) (10)

and

?\ (GC−1 |GC ) = N(GC−1; ‘\ (GC � C)� Σ\ (GC � C)) (11)

The reverse process is also Markovian, and we fix the variances Σ\ . The reverse conditional probability is tractable

when conditioned on G0:

@(GC−1 |GC � G0) = N(GC−1; ‘̃ (GC � G0)� ˜VC � ) (12)

We apply Bayes’ rule to rearrange the terms and obtain

‘̃ (GC � G0) =

√
UC (1 − ŪC−1)

1 − ŪC

GC +
√
ŪC−1VC

1 − ŪC

G0 (13)

The closed form parameterization of GC yields

‘̃C =
1

√
UC

�
GC −

1 − UC√
1 − ŪC

nC

�
(14)

when we represent G0 as

G0 =
1

√
ŪC

�
GC −

√
1 − ŪCnC

�
(15)

by rearranging Eq. (9). Thus, we can train our model to predict ‘̃C , or alternatively, nC by rearranging the terms.

This work predicts ‘̃C for generating samples.

During test time, our diffusion model performs generation iteratively. In the vanilla DDPM [Ho et al. 2020],

generation is performed as follows

I0 = (5 ◦ ��� ◦ 5 ) (I) �) )� 5 (GC � C) = Ω(GC ) + fCn� (16)

where I) ∼ N(0� � ), fC is the fixed standard deviation at the given timestep, Ω is the model, and n ∼ N(0� � ).
However, this results in long sampling times. Instead, we follow DDIM [Song et al. 2021], which proposes a

non-Markovian diffusion process to reduce the number of sampling steps. Furthermore, DDIM has a "consistency"

property that allows us to manipulate the initial latent variable to guide the generated output. As a result, 5 (GC � C)
from Eq. (16) can be defined as

5 (GC � C) =
√
UC−1

�
GC −

√
1 − UCΩ(GC )√
UC

�
+

q
1 − UC−1 − f2

C · Ω(GC ) + fCn� (17)

Importantly, from Eq. (12), we have

˜VC = f2

C =
1 − ŪC−1

1 − ŪC

· VC � (18)

We let f2

C = [ ˜VC so that we can adjust [ to control sampling stochasticity. In a special case when [ = 0, the forward

process becomes deterministic except for C = 1, and the added random noise during generation becomes zero.
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Implementation.For the architecture of our di�usion model, we follow DDPM [Ho et al. 2020] and use a
UNet [Ronneberger et al. 2015]. The �rst input layer takes as input a tensor with 15 channels, where each input
condition in Eq. (20) of the main paper has 3 channels. There are 4 downsampling and 4 upsampling layers, with
dimensions 64, 128, 256, 512. Each layer contains two ResNet blocks with the corresponding dimensions and
self-attention. For the timestep, we employ a sinusoidal positional embedding followed by a 2-layer MLP.

We �x our forward variancesVusing a cosine schedule, following [Nichol and Dhariwal 2021]. [Ho et al. 2020]
set their variances to be a sequence of linearly increasing constants between»0”0001•0”02¼, but the authors of
[Nichol and Dhariwal 2021] found that the end of the forward noising process was too noisy and could not
contribute much to sample quality. Thus, they employed a cosine schedule so that there is a near-linear drop in
the middle of the training timesteps and small changes aroundC= 0 andC= ) .

VC = clip
�
1 �

�UC

�UC� 1
•0”999

�
• �UC =

5¹Cº
5¹0º

• 5¹Cº = cos
�
C•) ¸ B
1 ¸ B

�
c
2

� 2

” (19)

VC is clipped at0”999to prevent singularities nearC= ) and the o�setBprevents excessively small values ofVC
nearC= 0.
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B ADDITIONAL DETAILS ON NANOPHOTONIC OPTICS FABRICATION
Here we describe the fabrication details of our on-chip metalens array. In detail, for the fabrication of the meta-
optic we �rst deposited a thin �lm of 700 nm SiN via plasma-enhanced chemical vapor deposition on top of a
300µm quartz wafer (purchased from University Wafer). This deposition was performed in a SPTS DELTA LPX
using a mix of Silane and Ammonia. After deposition, the wafer was diced into square pieces with a side width of
2 cm. Then, we performed ultrasonication in Acetone and IPA to remove residues from previous steps, followed
by a short (30 s) plasma cleaning step using a barrel etcher in O2. Then, a layer of ZEP 520-A was spin-coated
on top of the sample with a thickness of 400 nm and baked at 180 C. This was followed by spin-coating a thin
layer (DisCharge H2O) of discharging polymer to reduce charging e�ects during the following lithography step.
The optimized phase pro�les were transferred into GDS �le formats (Figure 1) using custom python scripts and
subsequently converted into a specialized �le format through GeniSys beamer software, including large scale
proximity correction to account for varying pillar sizes and varying doses.

Electron beam lithography was then performed in a JEOL-JBX6300FS EBL system using a 100 kV, 8 nA electron
beam. After patterning, the discharging layer was removed in IPA and the polymer was developed in Amyl Acetate
for 2 min under gentle agitation. After developing the resist, we performed a short descum step (10 s) using a
barrel etcher with O2 plasma. Then, a 65 nm thick layer of Alumina was deposited on top using a home-built
e-beam evaporation system with Al2O3 crystals as the evaporation source. The layer was then lifted o� in heated
(110 C) NMP overnight. After copious rinsing with water and IPA, the sample was further plasma-cleaned in a
barrel etcher for 30 s to remove organic residues. We then used inductively coupled plasma reactive ion etching
(Oxford Instruments, PlasmaLab100) with SF6 and C4F8 in a 1:2 ratio to etch the SiN layer. An aperture layer
was then fabricated on the sample by �rst using laser direct writing in a Heidelberg-DWL66 with a negative
resist. Subsequently, a layer of Cr (5 nm) and gold (150 nm) was deposited and subsequently lifted o� in acetone
overnight. Optical microscope images after the etching process of the 3 by 3 MO array are shown in Figure 2.

Table 1. Fi�ed polynomial coe�icients for the inverse, phase-to-structure mapping.

Coe�cient 10 11 12

Value � 0”1484 0”6809 0”2923

Table 2. Fi�ed polynomial coe�icients for the forward, structure-to-phase mapping. Note that212, 221, 222 are all zero.

Coe�cient 200 201 210 202 211 220

¹nm� 1º ¹nm� 2º ¹nm� 1º

Value 6”051 � 2”03� 10� 2 2”26 1”37� 10� 5 � 2”95� 10� 3 0”797
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