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ABSTRACT

We present a computational accommodation-invariant near-
eye display, which relies on imaging with coherent light
and utilizes static optics together with convolutional neural
network-based preprocessing. The network and the display
optics are co-optimized to obtain a depth-invariant display
point spread function, and thus relieve the conflict between
accommodation and ocular vergence cues that typically exists
in conventional near-eye displays. We demonstrate through
simulations that the computational near-eye display designed
based on the proposed approach can deliver sharp images
within a depth range of 3 diopters for an effective aperture
(eyepiece) size of 10 mm. Thus, it provides a competitive
alternative to the existing accommodation-invariant displays.

Index Terms— Computational near-eye displays, Optics,
Neural networks, Coherent imaging

1. INTRODUCTION

In the pursuit of realistic recreation of 3D content in near-
eye displays (NED), depth cues are of vital importance. Con-
ventional NEDs provide the binocular vergence and disparity
cues by displaying a separate stereoscopic view for each eye.
However, in such displays the monocular accommodation and
retinal defocus blur cues are typically missing. As a result,
such displays suffer from the well-known phenomenon called
vergence-accommodation conflict (VAC), which creates vi-
sual discomfort and fatigue [1].

Solving the VAC can be approached by either provid-
ing the depth cues accurately (i.e., accommodation enabling
displays) or by making the display accommodation-invariant
(AI). The former can be achieved, for instance, through vari-
focal [2], multifocal plane [3] or light field (LF) display [4, 5],
all of which usually work in the incoherent imaging regime.
In the case of coherent imaging, holographic displays are
capable of producing accommodation enabling content with
correct defocus blur cues, due to their accurate recreation of
the complete wavefield [6, 7]. On the other hand, AI displays
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provide depth-independent defocus blur cue, and thus the ac-
commodation is mainly (cross-)driven by the disparity signal
[8]. By this way, the VAC is avoided as both the vergence and
accommodation are consistently driven by the same signal.
In a Maxwellian-view display [9], such accommodation re-
sponse can be achieved by focusing the light rays (or image)
onto the entrance pupil of the eye, thus projecting the image
to the retina through an aperture effectively smaller than the
eye pupil size. The display point spread function (PSF) at the
retina can be also designed to be depth-invariant by using var-
ifocal optics, where the display content is projected rapidly at
different depths at a rate faster than the human temporal res-
olution [10]. Here the effective pupil size is equal to the full
pupil size, thus avoiding the limitations in Maxwellian-view
displays regarding, e.g., light throughput and eyebox.

Alternatively, an attractive approach to AI displays is to
employ end-to-end learning to co-design the optics of the dis-
play and the preprocessing algorithm, e.g., where the for-
mer design (optimization) component is chosen to be a static
diffractive optical element (DOE), working in tandem with a
refractive lens, and the latter one is implemented via a convo-
lutional neural network (CNN) [11, 12]. Here we propose a
computational AI NED based on similar end-to-end learning
based design framework, considering the promising results
reported in those works despite the simplicity of the optical
setup. The main distinction of our approach is that it re-
lies on coherent imaging, employing coherent light sources,
which can provide crucial advantages in designing AI dis-
plays compared to its incoherent counterparts [11, 12]. Im-
portantly, coherent imaging can provide wider depth of field
(DoF) compared to incoherent imaging assuming same imag-
ing optics [13]. Furthermore, coherent illumination ensures
operation on distinct wavelengths, whereas incoherently il-
luminated displays operate in broadband spectrum. As typ-
ically three channel (red, green, blue) images are utilized in
the modeling and design of display systems, in the former
case the wavelength-dependent behaviours of the display sys-
tem components can be more accurately incorporated in the
display design process. Though the coherent illumination
for the display imposes further constraints and issues to be
addressed, e.g, speckle noise, the inherently larger DoF is
demonstrated to ease the end-to-end optimization task.



2. COMPUTATIONAL NEAR-EYE DISPLAY

Our display design comprises of a coherently illuminated dis-
play panel and the display optics, which are a combination of
a refractive lens and a DOE (to provide desired phase mod-
ulation), as depicted in Fig. 1. The aim of an AI NED is to
produce as sharp images as possible within a certain accom-
modation depth range, thus the goal is to find the optimal set
of display optics to achieve such a response. We can extend
the display design by incorporating a computational element
in the form of a preprocessing algorithm. The algorithm fur-
ther assists in achieving an AI display response by compen-
sating for the effect of the display optics. This is analogous to
the post-processing deblurring step of similar computational
camera designs [14]. To find the optimal combination of dis-
play optics (i.e. DOE) and preprocessing algorithm (CNN),
we propose utilizing a learning based approach; the design
(optimization) procedure of the computational NED system
is illustrated in Fig. 2. During the design procedure, the op-
tics and the preprocessing CNN are jointly optimized utilizing
a set of training images, such that the display response is as
sharp as possible across the desired depth range. Such depth
range is covered by randomly changing the accommodation
distance z during learning.
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Fig. 1. Display design and imaging model.

As illustrated in Fig. 2, the training starts with feeding the
sharp input image I to the CNN, which pre-processes it and
outputs the display amplitude Ad. We then simulate, based
on the current state of the optics, the image Ip as it would
be perceived by a viewer given the distance of accommoda-
tion. The perceived image is compared against the ground
truth sharp image using the loss function L{I, Ip}. The loss
function drives the optimization procedure based on its gradi-
ent, optimizing the entire display system. The preprocessing
network in our proposed method is based on the well-known
U-net architecture [15], similar to our previous work [11].

2.1. Computational display model

We simulate the viewing process of the proposed display de-
sign, as depicted in Fig. 1, by assuming an aberration-free
eye accommodating at distance z. Assuming a planar retina,
the image can be found on a conjugate plane, denoted here as
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Fig. 2. The proposed learning based computational NED sys-
tem design approach.

the reference plane (x, y). Assuming monochromatic illumi-
nation at wavelength λ, the coherent system PSF hλ,z(x, y)
on the reference plane is

hλ,z(x, y) ∝ F
{
Q(s, t)|( x

λz ,
y
λz )

}
, (1)

whereQλ,z(s, t) is the generalized pupil function andF {·} is
the Fourier transform operator. The pupil function is obtained
as a combination of the (circular) aperture function A(s, t),
the phase delay of the DOE Φλ(s, t) and the refractive lens
defocus as
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is the defocus coefficient, r is the radius of the circular lens
and fλ is the effective focal length of the refractive lens. The
DOE phase delay is related to its height d(s, t) through the
wavelength-dependent refractive index nλ of the DOE mate-
rial as

Φλ(s, t) = k (nλ − 1) d(s, t). (4)

In the coherent image formation model, the reference plane
amplitude is a convolution between the coherent PSF and the
source amplitude, i.e., the amplitude from the display panel

Adλ(x, y) =
√
Idλ(x, y). Thus, the reference plane image is

obtained as

Ipλ,z(x, y) =
∣∣Adλ(x, y) ∗ hλ,z(x, y)

∣∣2 . (5)

The coherent image formation poses an issue not present in
incoherent imaging, as the display amplitude Adλ(x, y) con-
tains additional phase values, which are randomly distributed
in nature across the display pixels due to randomness in the
heights of the pixels at the scale of wavelength [16]. When
such values are convolved with the coherent PSF, the neigh-
bouring points (or pixels on the display) interfere such that the
resulting intensity pattern contains high frequency and con-
trast noise known as speckle noise. Though it significantly



degrades the image quality, it can be diminished by, for in-
stance, reducing the temporal coherence of the light source
[17]. During training, however, we assume the light to be per-
fectly coherent and have equal phase across the display, thus
discarding the speckle effects, for simplicity.

We optimize, in addition to the preprocessing network,
the phase delay of the DOE during the training phase. The
optimization is done for a nominal wavelength λ0, meaning
that the delay Φλ0

(s, t) is optimized, from which the delay
for another wavelength λ is calculated as

Φλ(s, t) = Φλ0
(s, t)

λ0 (nλ − 1)

λ (nλ0
− 1)

. (6)

The focal length of the underlying refractive lens fλ is also
wavelength-dependent and can be related to the nominal
wavelength focal length fλ0

:

fλ = fλ0

nλ0
− 1

nλ − 1
. (7)

2.2. Loss function

The loss function drives the learning process by minimizing
the difference, or error, between the desired and current out-
put of the system over time. Here we employ a combination
of two metrics: the L1 distance and the structural similarity
index measure (SSIM). The aggregated loss function attempts
to minimize L1 and maximize the SSIM as a compromise be-
tween the texture detail quality and the perceived change in
structural information. The overall loss is calculated as

L(I, Ip) = LL1
(I, Ip) +LS(I, Ip) +αR(I, Ip) + γRd(Id),

(8)
where LL1

(I, Ip) is the L1 distance, LS(I, Ip) is the SSIM-
based loss, αR(I, Ip) is the network output regularization
and γRd(Id) is the display image regularization. In order
to maximize the SSIM, we define its loss function as

LS(I, Ip) = 1− SSIM(I, Ip). (9)

The regularization terms in Equation (8) serve for two
purposes: the first one equalizes the intensity levels between
the network output and the input, whereas the latter term ap-
plies to the dynamic range of the display image. Here the
dark channel prior [18] is utilized as R(I, Ip), weighted by
α. As we aim to obtain display images within the range [0, 1],
the cut regularization term punishes (i.e., increases the overall
loss value) intensity values outside this range. Specifically,
the function Rd(Id) indicates whether a pixel is within the
range or not, which is then weighted by γ to achieve the de-
sired strictness of the regularization.

3. RESULTS

The display design is optimized for color images, where the
corresponding wavelengths are chosen as λR = 675 nm for

red, λG = 540 nm for green, and λB = 450 nm for blue.
The green channel is utilized as the nominal wavelength dur-
ing training. We assume physically feasible materials for the
optics: fused silica for the refractive lens and S1813 photore-
sist film for the DOE. We set the aperture radius r as 5 mm
and the distance between the optics and the display zd as 28.6
mm. The underlying refractive lens is assumed to have an ef-
fective focal length of 30 mm at 587.6 nm wavelength, a cen-
tral thickness of 2.90 mm and is set up to focus at 1.5 D at the
nominal wavelength. We aim to learn AI PSF response within
the depth range of 0–3 D, thus limiting the defocus coefficient
in Equation (3) by |Ψ| < 327.3. As per the discussion in [19],
this imposes a minimum display sampling rate; the spectrum
of the optimized DOE operates in the same band as the de-
focus term, therefore band-limiting the PSF spectrum. The
corresponding minimum sampling derived from the limited
defocus coefficient is 6 µm. The display pixel pitch is set as
12.48 µm, corresponding to 20 cycles per degree in spatial
resolution. During training, the accommodation depth is set
randomly within the target depth range at 0.5 D discrete steps.

The optimized coherent display properties are presented
in Fig. 3. Notably, the PSFs across the target depth range
illustrate the relative sharpness when accommodating at dif-
ferent depths. Here the PSFs remain relatively sharp in the
middle of the depth range and begin to spread out when ap-
proaching 0 and 3 D depths. Though not optimal in terms
of an AI response, the proposed display setup is still capable
of delivering a large DoF when combined with the optimized
preprocessing network, as will be demonstrated in the simula-
tions. Also note that in the coherent imaging regime, the final
reconstructed images include not only the linear superposition
of such PSFs but also their interference patterns (cross-terms).
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Fig. 3. The optimized DOE height map of the proposed de-
sign (left), and the 1D cross-sections of PSF intensities across
the target depth range (right).

In the case of coherent light assumption, the resulting re-
constructed images are naturally expected to suffer from se-
vere speckle noise. However, in reality the available light
sources, even the most coherent ones, have typically finite
temporal coherence length, i.e., they are actually partially co-
herent. In such case, the noise contrast can be observed to
be reduced compared to the ideal perfectly coherent case,
as the perceived images are effectively integrated (intensity-



wise) in spectrum. To take advantage of this and also to better
comply with practical scenarios, in our simulations we con-
sider partially coherent illumination. Based on the method
in [16], for each color channel, we take the weighted sum of
reconstructed images corresponding to different wavelengths
(within the spectrum of the simulated light source) and in-
dependently applied random surface height profiles for the
display phase components. The random height profiles are
assumed to follow a Gaussian distribution, where the stan-
dard deviation is equal to the wavelength. We further assume
that the partially coherent light source has a Gaussian profile
spectral response with a standard deviation of 13 nm, which
corresponds to a superluminescent LED [17].

To compare our simulation results against the state of the
art approaches in computational AI NEDs, we consider three
notable cases: an ideal coherent display, where the phase
components of all display pixels are assumed to be zero and
thus the reconstructed images have no speckle noise, a par-
tially coherently illuminated display exhibiting speckle noise,
and a time-multiplexed partially coherent display, which av-
erages 25 frames of independent noise realizations intensity-
wise to reduce the speckle noise. Such time-multiplexed re-
construction can be implemented in practice, for instance, by
introducing a moving diffuser in the illumination path [20]. In
addition to these, we evaluate the results of an equivalent opti-
mized display using incoherent illumination (similar to [11]),
and the AI display proposed by Konrad et. al. [10]. The latter
display sweeps through the desired accommodation range us-
ing a focus tunable lens, thus resulting in the perceived PSF
being modeled as the average of the individual PSFs corre-
sponding to different focal depths. Based on the averaged
PSF, the method applies a Wiener deconvolution-based pre-
processing step. We simulate this approach with three differ-
ent focal depths of 0.5 D, 1.5 D, and 2.5 D as a fair compro-
mise between the spatial resolution and extended DoF range.
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Fig. 4. Zoomed-in simulation results for the Baboon test im-
age at five different accommodation depths, and the corre-
sponding PSNR/SSIM values of the full image.

The zoomed-in simulated reconstructions are presented in
Fig. 4 for the well-known Baboon test image, where we com-
pare the reconstructed images with the sharp ground truth
image via PSNR and SSIM. In both metrics, the ideal co-
herent setup achieves the highest scores, followed by the in-
coherent setup and then the focus tunable lens AI display.
The results of the partially coherent display setups are as ex-
pected: without any additional speckle reduction methods,
the overall scores are among the lowest. However, by in-
troducing even a simplistic speckle reduction approach, the
result scores improve noticeably and are relatively compet-
itive with the two rivaling approaches. One can argue that
the proposed approach produces visually better (sharper) re-
sults in some or most of the cases, despite the PSNR and/or
SSIM metrics suggesting the opposite. Although, we keep the
more elaborate discussion on perceptual metrics out of scope
of this paper, the presented results in Fig. 4 addresses the
importance of that topic, especially when comparing (recon-
structed) images for displays with different characteristics of
introduced distortions. Importantly, when time-multiplexing
based speckle reduction method is employed, the proposed
display can keep the reconstruction quality also beyond the
intended depth range of 0 to 3 D that is assumed during train-
ing. Besides these inspiring results, the reconstruction quality
of images observed in the ideal coherent case indicate the po-
tential of our approach: if the speckle noise can be further
eliminated, via computational or optical means, the resulting
display can outperform the state-of-the-art methods.

4. CONCLUSIONS

In this work we present an AI NED that employs computa-
tional coherent imaging to address the VAC. By using jointly
learned (co-optimized) preprocessing network and hybrid
refractive-diffractive optics, the presented display achieves
sharp display response within the intended (training) depth
range of 0–3 D, which can be further kept beyond the train-
ing depth range (e.g., up to 4D) without significant loss in
the reconstruction quality. The comparative analysis shows
the benefits, and compromises, of replacing an incoherent
imaging setup with a coherent one: the reconstructed images
are noticeably sharper, however, at the cost of introducing
speckle noise. We demonstrate that the reconstruction results
can be significantly improved by incorporating speckle reduc-
tion methods. Additionally, as the proposed design uses static
optical elements, our design provides a simpler construction
in comparison, e.g., to varifocal optics based solutions. In
the future work, we target including the modeling of partial
coherence in the training stage, which can potentially provide
better optimized results based on the coherence length of the
display illumination source. Furthermore, we plan to incor-
porate more sophisticated learning-based speckle reduction
methods, which is to be also optimized in the initial training
stage.
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