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Fig. 1. A comparison of a HOOPOE-trained 3D hologram against those trained under three other loss functions: Mean Squared Error (MSE), Mean Squared
Error in LAB space (MSE LAB) [International Commission on lllumination 2019], and SCCGH [Markley et al. 2023]. The results shown here simulate temporal
integration at 480 fps. Note that the subjective differences are more significant to an in-person observer using our physical setup, due to the differences in
viewing conditions (e.g., spatial/temporal resolution, display luminance). A user study shows that our loss yields significantly better results than those of the

other approaches. Copyright for the Blender scene (licensed under CC-BY-SA) used to generate this focal stack goes to Tada [2023].

Holographic devices must reconstruct an entire light field given a finite
number of spatial light modulator (SLM) pixels, and must do so using scalar-
wave diffraction from coherent illumination alone. As a result, computer-
generated holography (CGH) often has speckling artifacts. We propose
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vision. HOOPOE is effective for CGH optimizations because it accounts for
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1 Introduction

Holographic displays have many advantages over traditional emis-
sive displays for virtual and augmented reality. Conventional dis-
plays present flat images at a fixed focal length, relying only on
binocular disparity to generate depth cues. In contrast, holographic
displays can theoretically replicate the entire outgoing light field by
using a spatial light modulator (SLM) to manipulate the wavefront of
light emitted from coherent (laser) sources. This allows holographic
displays to provide the correct depth cues to drive accommodation,
a key factor in immersive 3D experience. Additionally, holographic
displays have naturally wide color gamuts, can support larger eye-
boxes, and can eliminate bulky waveguides and projective lenses.

However, the quality of images rendered on holographic displays
is harmed by speckle noise, which arises from the constructive and
destructive interference of coherent light emitted by the holographic
display. Speckle noise obscures fine detail, reduces contrast, and
introduces distracting visual artifacts that undermine the advantages
that holographic displays would otherwise offer. Unlike many visual
artifacts that can be solved through calibration or post-rendering
correction, speckle is intrinsic to holographic displays.

The classic approach to speckle reduction is to increase the de-
grees of freedom in the system. This is achieved through either
temporal multiplexing, which requires operating the SLM at a high
frame rate, or through a high-resolution SLM. The increased de-
gree of freedom allows us to more easily synthesize a proper spatio-
temporal SLM pattern to match a given wavefront. Neither approach
is desirable, however, as they significantly increase the computa-
tional cost and power consumption of the system.

We take the reverse perspective and ask: without increasing the
system complexity, how can we most effectively hide speckles from
human vision — guided by a perceptual loss function?

Prior perceptual metrics such as CVVDP [Mantiuk et al. 2024],
MILO [Cogalan et al. 2025], LPIPS [Zhang et al. 2018], and DISTS
[Ding et al. 2020], while effective as quality predictors, may not be
effective as objective functions for CGH algorithms. These metrics
are often trained and calibrated on image quality datasets [Ding
etal. 2021], where natural images are corrupted with a specific set of
artifacts (e.g., blur, brightness changes, color saturation, spatial non-
uniformity). When using these metrics as loss functions for CGH,
the optimizer will discover stimuli that were unseen during metric
calibration. “Adversarial examples” can easily “hack” the perceptual
metrics: trained stimuli have low loss but are visually objectionable
(see Fig. 2 and Supplementary Material ?? for examples).

Existing perceptual metrics, understandably, perform subopti-
mally on these types of stimuli, because these stimuli are only pro-
duced during CGH training (when the metrics are used as a loss
function) and are not commonly present in existing image quality
datasets used for training metrics. There are no large-scale subjec-
tive datasets available that would allow for a thorough recalibration.

In this work, we introduce HOOPOE (Holography-Optimized
Perceptual ObjectivE), a loss function designed specifically for holo-
graphic image optimization. Our approach is guided by a key require-
ment: effective perceptual loss functions must not only correlate
with human perception, but must also remain robust against adver-
sarial stimuli encountered during optimization. HOOPOE accounts
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for the contrast sensitivity of human vision to stimuli of varying
spatiotemporal frequencies and color, and is specifically optimized
for stimuli that one might encounter during hologram synthesis.

Using a gradient-descent CGH algorithm [Liu and Takaki 2020;
Peng et al. 2020; Zhang et al. 2017] as a case study, we show that
HoOPOE generates more visually pleasing holograms compared to
existing loss functions. The loss function, by being temporally aware,
also informs the design of time multiplexing: the biggest perceptual
gains occur when increasing the frame rate from 120 frames per
second to 240 fps. The increase in perceptual quality for the jump
between 240 fps and 480 fps was not statistically significant.

We make the following contributions:

e We introduce HOOPOE, a novel perceptual loss function for
CGH that accounts for various aspects of human vision, while
remaining robust during optimization.

o We evaluate the performance of state-of-the-art perceptual
quality metrics, and demonstrate limitations when used as
holographic optimization losses.

o We benchmark HoOPOE against existing loss functions using
a pairwise comparison psychophysical test. We show that
HoOPOE generates holograms that are significantly more
visually pleasing.

Our project website is located at https://horizon-lab.org/hoopoe/.

2 Related Work
2.1 Perceptual Loss Functions for CGH

The shift from alternating-projection methods to gradient-based
optimization [Chakravarthula et al. 2019; Peng et al. 2020] reframed
CGH as a question of what to optimize rather than how to optimize.
Asitis impossible to remove all speckles from scalar wave diffraction
alone using coherent illumination [Goodman 2007; Iwai and Asakura
1996], perceptual models can play a critical role in improving visual
quality by hiding speckles where they are least visible.

Yang et al. [2022] conducted a comprehensive benchmark of im-
age quality metrics as holographic objective functions. The authors
evaluated 12 metrics using a two-alternative forced choice test, and
found that MS-SSIM [Wang et al. 2003] outperformed all alternatives.
However, their study was restricted to monochromatic image con-
tent. The metrics they benchmarked did not account for chromatic
or temporal aspects of perception.

For color holography, Simultaneous Color Computer Generated
Holography (SCCGH) [Markley et al. 2023] proposed a novel ob-
jective function that calculates loss in a cone opponent color space.
SCCGH applies a low-pass filter to the image to eliminate theoreti-
cally invisible signals of high spatial frequency. While this approach
models both color perception and spatial contrast sensitivity, it does
not account for temporal contrast sensitivity.

Others explored gaze-contingent techniques to optimize holo-
graphic rendering. Chakravarthula et al. [2021] exploits differences
in peripheral and foveal contrast sensitivity to suppress speckle
more aggressively in foveal vision. Walton et al. [2022] extends Free-
man and Simoncelli [2011] and Walton et al. [2021] to holography
by formulating a loss function that accounts for ventral metamerism.
Chakravarthula et al. [2022a] further improves holographic render-
ing by accounting for the pupil size and position of the viewer. These
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(a) Reference image. JOD: 10

(b) Predicted JOD: 8.51

(c) Predicted JOD: 7.03

Fig. 2. CVVDP scores Fig. 2b (trained by CVVDP) over 1 JOD higher than Fig. 2c (trained by HOOPOE), even though Fig. 2c is visually preferable. CVVDP’s
standard full HD display model was used to score both images. See Supplementary Material ?? for more examples. Copyright for the original 3D model

(licensed CC-BY-SA) goes to Tada [2023].

methods must be computed in real-time, as they rely on eye track-
ing data. While they do account for variations in spatial contrast
sensitivity, these solutions are not temporally aware.

Not every CGH algorithm can accommodate perceptual loss func-
tions, however. Closed-form solutions, like Maimone et al. [2017],
Choi et al. [2025], and Padmanaban et al. [2019], sidestep optimiza-
tion altogether. Because no objective is minimized, the choice of
loss function does not arise in these pipelines.

2.2 Temporal Multiplexing in Holography

Temporal multiplexing has emerged as a practical approach for
speckle reduction. Uncorrelated speckle noise displayed at a suffi-
ciently high frame rate becomes perceptually invisible, as the human
visual system integrates across time.

Takaki and Yokouchi [2011] and Mori et al. [2014] decomposed an
image into a set of point groups, then displayed them sequentially
to recreate the original image. Choi et al. [2022] further advanced
temporal multiplexing by demonstrating that jointly optimizing
hologram frames across time significantly increased the image re-
construction quality. The authors calculate loss by time-averaging
the holographic image to simulate the temporal summation of the
human eye. Sha et al. [2024] and Lee et al. [2022] also tabulate loss
against the time-averaged holographic image.

However, existing works on temporal multiplexing in holography
share a common limitation. They do not account for the human vi-
sual system’s variable sensitivity across temporal frequencies. Prior
work makes the implicit assumption that all noise that is above a
specific temporal frequency threshold is equally imperceptible with
an instantaneous cutoff. In reality, contrast sensitivity functions
show that sensitivity declines gradually with increasing temporal
frequency [Ashraf et al. 2024; Robson 1966]. This suggests that
weighting errors across temporal frequency bands could yield per-
ceptual benefits beyond what current methods achieve.

2.3 Perceptual Metrics vs. Objective Functions

Image quality metrics evolved from simple pixel-wise comparisons
to sophisticated models of human perception. Early structural simi-
larity methods like SSIM [Wang et al. 2004] and MS-SSIM [Wang

et al. 2003] compare local luminance, contrast, and structure be-
tween images. NLPD [Laparra et al. 2017] computes perceptual
distance through modeling contrast and gain control via Laplacian
pyramid decomposition. More recent learned metrics like LPIPS
[Zhang et al. 2018] are trained to be strong predictors of human
perceptual judgments. Visible Difference Predictors (VDPs) [Man-
tiuk et al. 2021, 2024] are perceptual quality metrics that account for
contrast sensitivity across different spatial and temporal frequencies,
color channels, and eccentricities.

Many of these metrics perform well on image quality benchmark
datasets like TID2013 [Ponomarenko et al. 2015]. However, a good
predictor is not necessarily a good loss function, and optimizing for
perceptual metrics may not yield visually pleasing images [Mustafa
et al. 2022]. Ding et al. [2021] conducted a study demonstrating this
gap, showing that many metrics with good evaluation performance
were outperformed by MSE when used as loss functions for image
generation tasks. Similarly, we observe that when used as an objec-
tive function, CVVDP generates “adversarial stimuli” that achieve
high predicted quality scores, but results may still appear visibly
degraded (Fig. 2 and Supplementary Material ??).

Complex perceptual metrics can be highly non-convex, hurting
convergence [Mantiuk et al. 2024, Sec. 6.2]. Interestingly, for speckle
suppression, we find that the non-convexity of existing metrics is
not the primary reason they perform poorly as loss functions. For
example, in Supplementary Material ?? we show that although the
optimization landscape of CVVDP contains many basins and the
optimizer can be trapped in different ones depending on initial-
ization, these basins tend to achieve similarly low loss values. We
observe the same behavior for other metrics, consistent with prior
observations in learning theory research [Allen-Zhu et al. 2019; Du
et al. 2019]. Instead, the ineffectiveness of existing metrics such as
CVVDP as a loss function for CGH is caused by “adversarial stimuli”
whose quality is systematically misjudged by the metric.

3 HoOPOE

HoOPOE is a loss function grounded in human vision and tailored
for computer-generated holography. Our loss function takes as input
a reference video (ground truth) and a test video (generated by a
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Chromatic Decomposition

Input Video

Spatial Decomposition

Temporal Decomposition

Fig. 3. Visualization of HOOPOE’s architecture. We decompose each video frame into three chromatic channels. Each channel is then decomposed into a set of
N spatial frequency bins through a Laplacian pyramid. Each combination of color channel ¢ and spatial-frequency s is associated with a trainable weight w, 5.
For each c and s bin, we further decompose the content into a set of M temporal-frequency bins through a Laplacian pyramid. Each temporal-frequency bin ¢
is associated with a trainable weight wy. The final loss is a weighted MSE across the bins between the reference and test videos. To avoid visual clutter, only
one spatial band per channel is temporally decomposed in this graphic. Copyright for the original video (licensed CC-BY) goes to Ram [2018].

CGH algorithm), and outputs a single loss value representing the
perceptual difference between the two. We provide an overview
first, followed by elaborations on the design details.

3.1 Overview

Our loss function is designed with three goals in mind. First, it must
be perceptually grounded. To that end, HOOPOE converts both the
reference and test videos into an opponent color space approxi-
mating the opponent process of color vision. Each color channel
(achromatic, yellow-blue, and red-green) is then decomposed into
a set of bins consisting of varying spatial and temporal frequency
bands. Operating in the spatio-temporal-chromatic space rather
than the RGB space allows us to, through learned weighting later,
account for the human contrast sensitivity to varying spatial and
temporal frequencies across color channels.

Second, the loss must facilitate the smooth, gradient-based op-
timization that CGH algorithms usually rely on. To that end, we
compute the loss as a simple weighted mean squared error (MSE)
across the spatio-temporal-chromatic bins between the reference
and test videos. Specifically, each spatio-temporal-chromatic bin is
assigned a trainable weight; we calculate the difference between
the reference and test videos on each weighted bin, and pool the
per-bin difference together to form the loss using MSE. A visual
representation of our loss function’s pipeline can be found in Fig. 3.
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Formally, the HoOPOE loss function is defined as

hooror = 3 2t N (Lueg(p.e,5,1) = Liea(poc,5, 1) (1)

&t WPseell 54

where L(p, ¢, s, t) denotes the magnitude at pixel p in color channel
¢, spatial Laplacian pyramid band s, and temporal Laplacian pyra-
mid band ¢. Py, is the set of all pixels across all spatio-temporal
bands and chromatic channels. w. s and w; are trainable weights
representing the perceptual importance of each spatio-chromatic
bin and temporal bin, respectively.

The loss formulation produces a quadratic (convex) objective
function in the prediction error, with well-conditioned gradients
that support efficient optimization. At the same time, the trainable
parameters w. s and w; permit perceptually motivated and CGH-
specific weighting across bins, which leads us to our third point.

Finally, the loss must be robust against adversarial stimuli en-
countered during optimization. These stimuli minimize the loss
while being perceptually objectionable. The key idea is that the
spatio-temporal-chromatic weights in the loss function should be
tuned with the CGH algorithm in the loop. In this way, the loss
function can correctly score the perceptual quality of content with
CGH-specific artifacts. This CGH-in-the-loop loss function tuning
amounts to a challenging bi-level optimization problem. Solving
that is the goal of this work.



3.2 Color Space Conversion

We first convert the input video data into the CIELAB color space [In-
ternational Commission on Illumination 2019], used as the basis
for our loss function. The CIELAB color space was derived with
the goal of perceptual uniformity. Calculating color difference in
a perceptual color space is critical for a loss function to produce
perceptually accurate images.

Compared to more recent color spaces designed for perceptual
uniformity, such as CAM16 UCS [Li et al. 2017], ICtCp [Interna-
tional Telecommunication Union 2025], and OKLab [Ottosson 2020],
CIELAB uses a simpler transformation from and to display-referred
color spaces, such as sRGB. In practice, we found that this reduces
the complexity of the optimization landscape and leads to better
convergence. Alternative physiologically relevant color spaces such
as the color-opponent DKL space were not employed. As they do
not aim to be perceptually uniform, the gradients in this space are
less useful for guiding optimization.

3.3 Spatial and Chromatic Weighting

We then decompose each color channel into a set of N spatial-
frequency bands through a Laplacian pyramid. Each pyramid level
acts as a band-pass filter, representing a particular spatial frequency
band. We associate each of the 3 X N pyramid levels with a weight
We,s, Which determines the relative importance of each spatial fre-
quency band s and color channel ¢ in the perceptual loss. We fit the
weights specifically for computer-generated holograms according
to their perceptual quality using the following procedure.

Optimization Space. We consider N = 4 to reduce the optimiza-
tion space. As such, the set of weights w = {w, s} is composed of
12 scalars, corresponding to four frequency bands and three color
channels such that each w.s € (0,1]. We also tune two learning
parameters: learning rate and step decay.

Optimization Problem. At a high level, we perform a bi-level op-
timization. The goal is to optimize a set of weights w of HOOPOE
(outer problem) such that the perceptual quality is maximized when
a holographic image is trained under HOOPOE with w (inner prob-
lem). This bi-level optimization problem is formulated as follows:

w' = argmax [lscoring (r, CGH(Q:M )] ’ (2a)
w

where 0, = argmin [lgoopog (r, CGH(0); w)] . (2b)
0

In the outer optimization, w is the set of all 12 w, s parameters,
and scoring is a scoring function (see below) that scores the percep-
tual quality, with respect to the reference image r, of a test image
generated by the CGH algorithm using the SLM pattern 6;,. In the
inner optimization problem, we are optimizing the SLM pattern 6
to minimize the HOOPOE loss parameterized by the parameters w.

Reference Image Selection. We select a random set of images from
Segment Anything 1B [Kirillov et al. 2023] as hologram optimization
targets. Five images in total were selected and cropped to 1080p.

Optimization Strategy. While the inner optimization problem in
Eqn. 2b can be solved using first-order, gradient-based methods, the
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outer optimization problem in Eqn. 2a only has the final value of
the inner optimization problem, and cannot compute gradients of
the outer loss back to w.

Therefore, we use a zeroth-order optimization algorithm CMA-ES
[Nomura and Shibata 2024], implemented in the popular framework
Optuna [Akiba et al. 2019], to optimize our spatial-color weights w.
The low dimensionality of w also makes the search space friendly to
zeroth-order techniques. It is theoretically possible to solve Eqn. 2a
and Eqn. 2b in tandem using hypergradient descent [Maclaurin et al.
2015], which we leave for future work.

Specifically, we repeatedly alternate between adjusting the loss
function weights via Optuna and performing CGH optimization via
gradient descent in a loop. For each set of weights w proposed by
Optuna, we form a loss function, using which we run a complete
gradient descent hologram optimization pass using HoOPOE as
a loss function. This produces a holographic image. We ran 1300
tuning trials in total.

Perceptual Scoring. We have two options to form [scoring in Eqn. 2a,
which scores the quality of CGH content: 1) human-in-the-loop,
where humans score CGH stimuli interactively as they are being
generated, or 2) leveraging existing perceptual quality metrics such
as CVVDP. The former is intractable; we estimate 200 hours per
participant for human-in-the-loop optimization.

Although CVVDP was not suitable as a direct loss function to
optimize SLM pixels, motivating the development of HoOPOE, it
performs well as a perceptual scoring function for optimizing we s.
When CVVDP is used as a loss function, the optimizer will nec-
essarily encounter “adversarial stimuli” that maximize CVVDP’s
predicted quality while remaining subjectively objectionable (see
Fig. 2 and Supplementary Material ?? for examples). As a conse-
quence, we found the resulting gradients unreliable in guiding the
optimization. In contrast, we employ CVVDP to generate the 12
weights in the HOOPOE loss. By reducing the degrees of freedom
of the optimization problem (from millions of pixels to only 12 pa-
rameters), we reduce the possibility of adversarial configurations
appearing in the parameter search space.

Interpretation. Recent perceptually-based methods use models of
human contrast sensitivity function (CSF) to generate weights for
local contrast bands [Mantiuk et al. 2021, 2024; Tariq et al. 2023;
Tursun et al. 2019], which has been shown to produce good results
when comparing test and reference stimuli at similar luminance
levels. We show that our weighting method can be interpreted
as a learned approach toward contrast weighting. We discuss in
Supplementary Material ?? why existing CSF-based weighting does
not directly apply.

Using the model of Peli [1990], the local Weber contrast of a pixel
p can be expressed by dividing the pixel value in a given Laplacian
pyramid level by the corresponding pixel value in the Gaussian
pyramid two levels below it in resolution:

L(p.s)

Clp,s) = Cps+2) ®)
where C(p, s) is the local contrast of pixel p at level s, G(p, s + 2) is
the pixel value at the Gaussian pyramid level s + 2, which represents
the local adapting/mean luminance, and L(p, s) is the pixel value at
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the Laplacian pyramid level s, which represents the local variation
from the local mean. C, G, and L are each defined per color channel
¢, but from this point on we drop the channel index c in the notation
for simplicity’s sake.

Given that L(p,s) = G(p,s)—G(p,s+1)and L(p,s+1) = G(p,s+
1) - G(p,s+2), we know L(p,s) + L(p,s +1) = G(p,s) — G(p,s +2).
Therefore, Eqn. 3 can be re-written as:

L(p.s)
G(p,s) = (L(p.s) + L(p,s + 1))

Now that each Laplacian level is associated with a weight, we can
express a form of weighted contrast as:

C(p,s) =

4)

3 wesL(p,s)
Ol = G~ (wenL(pr) + worerL(prs + 1)) &)
_ G(p.s) — (L(p,s) + L(p,s + 1)) _
T G(0,5) — (WesL(p,5) + WesriL(pos + 1)) aniw
5

Therefore, weighting the Laplacian pyramid levels has the effect of
weighting local contrast of pixels, where the contrast weights are
dependent on both the local image statistics (e.g., G(p, s) and L(p, s))
as well as the learned weights assigned to each Laplacian level (e.g.,
we,s). Compared to conventional contrast weighting (Eqn. ?? in
Supplementary Material ??), our weighting provides two degrees of
freedom to weight the contrast of each pixel! learned in accordance
with perceptual quality.

3.4 Temporal Weighting

We can also extend HOOPOE to account for the temporal dimension
of human vision. For each combination of spatial-frequency band
and chromatic channel, we build a temporal Laplacian pyramid with
M layers, each of which is associated with a weight w;. We use a
value of M = 3 to obtain a fine-grained decomposition of temporal
frequency, which is needed to explore the effect of temporal mul-
tiplexing commonly used in CGH. The set of weights w, = {w;}
determines the relative importance of errors in different temporal
frequency bands of the reference and test videos.

The temporal weighting is considered in isolation from the spatio-
chromatic weighting to reduce the parameter space. This is sup-
ported by the fact that spatial and temporal filtering in retinal
processing are approximately separable, or are modeled as such
(for chromatic channels) [Ashraf et al. 2024]. As a result, there are
3 X N X M bins, but only 3 X N + M trainable weights.

We determine w; through a human-in-the-loop procedure. Specif-
ically, we first use a Sobol sampler to draw 50 different temporal
weight configurations, each of which is used to train the CGH algo-
rithm and produce a corresponding set of stimuli. We then apply a
single-elimination tournament approach to select the weighting that
yields the most preferred video output. Unlike spatial weighting,
human-in-the-loop selection is viable here, as w; is composed of a
set of 3 weights, as opposed to the 12 weights of w ;. The parameter
search space grows exponentially as a function of parameter count,
so w;’s search space is 9 orders of magnitude smaller than w, .

These two degrees of freedom are shared by all the pixels at the same pyramid layer.
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4 Validation

We conduct an IRB-approved user study to compare HOOPOE against
prior loss functions for CGH.

4.1 Stimuli

We use HOOPOE to generate 5 CGH stimuli for subjective validation.
We generate a focal stack of images derived from Blender’s demo
scene files. For each demo scene, we generated 5 images from a
Blender camera with 5 different focal distances. These images have
no overlap with the images used to fit the HOOPOE weights, and
can be found in Supplementary Material ??.

4.1.1 CGH Stimuli Generation. We use a forward model based on
the Angular Spectrum Method (ASM) optimized through gradient
descent [Chakravarthula et al. 2019, 2022b; Peng et al. 2020]. Specif-
ically, we use the ASM propagation model from Peng et al. [2020]’s
repository, modified to incorporate a Fourier aperture of 0.5. More
details can be found in Supplementary Material ??. We use SGD
rather than neural network-based generation to isolate the effect
of loss function choice on final image quality. Neural architectures
like Shi et al. [2021], Peng et al. [2020], and Liu et al. [2025] could
potentially introduce inductive biases like network capacity that
would obscure the effect of loss function on visual quality.
We make the following assumptions:

o We optimize a focal stack for 5 propagation distances between
0.5 cm and 2.5 cm, uniformly spaced

o Phase-only SLM with a resolution of 1920 x 1080

e Pitch size of 8 ym

o RGB laser wavelengths of 638 nm, 520 nm, and 450 nm

For each RGB frame of the ground truth image, we generate three
independent SLM patterns, one per laser wavelength. We do not
perform any ROI cropping.

4.1.2 Baselines. In addition to HOOPOE, we benchmark three other
loss functions in our user study. All loss functions, including HoOOPOE,
had their learning rate and step decay parameters tuned using Op-
tuna [Akiba et al. 2019] to ensure that any difference in quality
stems from the loss function and not from hyperparameter selec-
tion. Latency and memory overhead for training under each loss
function are reported in Supplementary Material ??.

Simultaneous Color Computer Generated Holography. While not
the central focus of their paper, Markley et al. [2023] (SCCGH here-
after) proposes a perceptual loss function. The key idea of SCCGH’s
loss function is to filter out theoretically invisible high spatial fre-
quency features before using MSE loss on the filtered stimuli. The
original implementation in the paper uses empirical models of hu-
man vision. We implement an enhanced version using more psy-
chophysically accurate models of human vision. See Supplementary
Material ?? for more details.

Mean Squared Error. We also benchmark the conventional MSE
metric, which is a simple yet common metric used in prior CGH
literature [Choi et al. 2022; Peng et al. 2020; Yang et al. 2022]. In
particular, we find that forming the MSE in the holographic display’s
color space (as opposed to other color spaces) performs the best.



Ablation. We perform an ablation study on HoOPOE by testing
each addition in the HoOPOE pipeline in our validation study. We
test the following losses as part of our ablation study:

e MSE tabulated in CIELAB [International Commission on Illu-
mination 2019]. This represents HoOOPOE in the absence of
any frequency weighting (labeled MSE LAB).

e HoOPOE with spatial-chromatic weightings only, without
temporal frequency weighting (labeled Spatial HOOPOE).

Temporal multiplexing. All tested conditions except HOOPOE op-
timize the eight frames of the stimulus independently, relying on
stochastic decorrelation for speckle reduction. HOOPOE is the excep-
tion, as HOOPOE’s mathematical formulation considers temporal
frequency when tabulating loss (Sec. 3.4), and thus jointly opti-
mizes all eight frames together. We do not adopt the time-averaged
optimization technique of Choi et al. [2022] for the baseline loss
functions as it is incompatible with the conventional display we
perform validation on. When loss is tabulated on a time-averaged
image, individual frames are free to leave our OLED’s gamut, so
long as the average image is close to the reference stimulus. These
out-of-gamut pixels, when gamut-clipped and displayed sequen-
tially, result in visible discoloration. This discoloration is an artifact
of our display, not of the hologram itself. For reference, 31% of pixels
are out-of-gamut for jointly optimized 8-frame MSE, as opposed to
1% of pixels when the frames are independently optimized.

Other Losses. We chose these loss functions as they empirically
performed the best compared to a range of other alternatives that
we have experimented with, including SSIM [Wang et al. 2004], MS-
SSIM [Wang et al. 2003], MILO [Cogalan et al. 2025], ColorVideoVDP
[Mantiuk et al. 2024], MSE in CAM16 UCS [Li et al. 2017], and MSE in
OKLAB [Ottosson 2020]. We include examples of stimuli generated
with these loss functions in Supplementary Material ??.

Non-iterative CGH. We chose to exclude non-iterative holography
techniques (like those described in Maimone et al. [2017], Padman-
aban et al. [2019]), as these frameworks are not compatible with
perceptual loss functions. Subsequent work [Chakravarthula et al.
2019, 2022c; Peng et al. 2020] has reported higher reconstruction
quality for iterative, gradient-based methods.

4.2 Psychophysical Task

Each loss function was evaluated at four frame rates: 60, 120, 240, and
480 fps. This yields a total of 21 conditions per image (5 loss functions
% 4 frame rates, plus ground truth). Each stimulus consisted of an
8-frame holographic video. Frames were looped continuously.

Procedure. We use a 2-Interval Forced Choice (2IFC) task for the
psychophysics; a visualization of the task is in Fig. 4. Participants
are presented with three stimuli: a central reference stimulus and
two comparison stimuli. The stimuli are rendered on the center
1920 x 1080 pixels of the screen. Participants switch between which
stimuli they are viewing using keyboard inputs. After the participant
views all three stimuli, they are prompted to input which one of the
two comparison stimuli they perceive to be closer to the reference
stimulus. This psychophysical task is similar to Chen et al. [2024].
The two comparison stimuli are generated by randomly selecting
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Fig. 4. An example of a 2IFC task. Participants use arrow keys to switch
between three stimuli - two CGH renders and one ground truth stimulus.
After viewing all three stimuli, the participant is allowed to select which
one of the two options they perceive to be a more faithful recreation of the
ground truth. This methodology is similar to Chen et al. [2024]. Images are
cropped to 1080 x 1080 here, but are full HD in the actual study. Copyright
for the original 3D model (licensed CC-BY-SA) goes to Krynski [2022].

two of the 21 possible conditions, which are then randomly assigned
to either side. Despite optimizing the hologram for five planes, only
the simulated image at 1.5 cm is shown to the user. We perform this
simplification to reduce the complexity of the 2IFC task. The entire
set of generated stimuli can be found in Supplementary Material ??.

Adaptive Sampling. Since we are benchmarking 5 scenes over 21
conditions, 6,300 pairwise comparisons are required per participant,
which, if done naively, would take roughly 9 hours per participant.
We utilize the ASAP [Mikhailiuk et al. 2021] method to sample
pairwise comparisons to maximize information gain. This cuts down
the time needed to obtain a good fit to under an hour per participant.

Participants. We recruit 12 participants for our validation study
(ages 20-30, 1:1 male female ratio). All have normal or corrected-to-
normal vision. None had been involved in the research project.

Hardware setup. Stimuli were presented on a Sony INZONE M10S
OLED display, which supports refresh rates up to 480 Hz. The display
was configured to render SDR sRGB images, with a white point
luminance of 275 nits. Participants were comfortably seated 0.7
meters from the display. Head position was stabilized using a chin
rest to ensure consistent viewing distance.

4.3 Results

A total of 4,362 pairwise comparisons were performed across 12
participants. Pairwise comparison results were converted into Just
Objectionable Difference (JOD) scores via the pwemp library [Perez-
Ortiz and Mantiuk 2017]. 1 unit of JOD corresponds to a 75% chance
of a participant preferring one stimulus over another. We used 1,000
bootstrap samples to generate the fit. One participant was classified
as an outlier by pwemp and excluded from the data analysis (dist_L
of 2.0, which exceeds the customary threshold of 1.5).

Fig. 5 compares the JOD value across all methods (reference has a
JOD of 10) across all stimuli; Supplementary Material ?? shows the
JOD results for each individual stimulus. Fig. 7 visually compares
different methods using one stimulus; Supplementary Material ??
shows more results of other stimuli. Sample SLM patterns for the
benchmarked loss functions are in Supplementary Material ??.
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Fig. 5. JOD values tabulated with pwcmp [Perez-Ortiz and Mantiuk 2017] over 4,362 comparisons. The Y axis represents JOD values. A difference of 1 JOD
corresponds to a 75% chance of preferring one stimulus over another. Higher JOD values are better. JOD values by stimuli are in Supplementary Material ??.

Our method significantly outperforms other benchmarks at their
respective frame rates (p < 0.05, with some p < 0.001). Supplemen-
tary Material ?? shows the hypothesis test results. Spatial HoOOPOE
outperforms MSE LAB, which demonstrates the effectiveness of
spatial and chromatic weighting. HOOPOE outperforms Spatial
HoOPOE, which demonstrates the value of temporal weighting.

While more performance can be gained from increasing the frame
rate of the holographic display, there are diminishing returns. The
jump from 120 fps to 240 fps represents the greatest improvement
in visual quality. Users prefer the 240 fps rendering over the 120 fps
rendering 74% of the time. However, users are only 50.7% likely to
prefer the 480 fps rendering over the 240 fps rendering. Since display
power consumption is a function of refresh rate, our results point
to opportunities to make a calculated power-vs-quality trade-off.

To confirm that HOOPOE'’s advantage is not dependent on tempo-
ral multiplexing, we conduct a user study (N=18) with single-frame
stimuli. HOOPOE continues to significantly outperform baseline
losses under these conditions (Supplementary Material ??).

5 Discussion
5.1 Generalizability of HOOPOE

The fundamental methodology of HOOPOE generalizes to different
hardware setups and viewing conditions. Weights are tuned once
for each setup, which takes about 6 hours. Given that hardware and
viewing distances are fixed for an XR device, this one-time overhead
is negligible. We demonstrate that HOOPOE generalizes to different
hardware setups and data distributions, even without tuning.

First we show that HOOPOE generalizes to a different ASM
model [Matsushima and Shimobaba 2009]. HoOOPOE still outper-
forms all baselines (Supplementary Material ??). Additionally, we
re-tune HoOPOE’s spatial-chromatic weights for two different SLM
setups and propagation distances (4.5 ym with 0.25 cm to 1.25 cm
distances, 12.5 ym with 2 cm to 10 cm distances). HoOOPOE still out-
performs all other loss functions in both scenarios, even without tem-
poral weight tuning (Supplementary Material ??). We also generate
holographic images under the aforementioned two SLM hardware
setups without re-tuning HOOPOE. A user study (N=18) demon-
strates that users still prefer HOOPOE-generated stimuli over those
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of other losses. Results can be found in Supplementary Material ??.
HoOPOE also generalizes beyond the validation dataset. HOOPOE
empirically outperforms other losses in optical-see-through UI con-
tent (Supplementary Material ??).

HoOPOE can generalize across different hardware configurations
and viewing conditions because the tuning procedure represents
images in device-independent units (e.g., retinal frequency) using
CVVDP. Specifically, CVVDP serves as the scoring function used to
optimize the HOOPOE weights (Sec. 3.3); it takes as input a display
profile that specifies the characteristics of the display, and uses
this information to convert the HOOPOE-generated stimuli into
display-independent measures of frequency, luminance, and color.

In our current tuning procedure (Sec. 3.4), we utilize humans-in-
the-loop to set HOOPOE'’s temporal weights. In a pilot study, we
found that multiple judges converged to the same set of temporal
weights, given the same set of Sobol-sampled temporal weight con-
figurations. Despite being tuned by a small number of participants
on SA-1B data [Kirillov et al. 2023], the temporal weights generalize
to the validation study performed on a different dataset (Blender
renders) and on a large number of (different) participants (N=30 in
Sec. 4 and Supplementary Material ??). This suggests participant-
and content-wise generalization for the temporal weighting scheme.

5.2 Validation on a Conventional Display

We chose to perform validation on a conventional display rather
than a holographic prototype. The goal of HOOPOE is to mask ar-
tifacts from the propagation model itself. As is well-known in the
literature [Chakravarthula et al. 2020; Peng et al. 2020], an actual
CGH display would introduce confounding display-specific artifacts.
Validating on a conventional display isolates the contribution of
the loss function itself, and is a well-established approach in liter-
ature [Chakravarthula et al. 2021; Georgiou et al. 2023; Yang et al.
2022]. HoOPOE is also complementary with prior techniques that ad-
dress display-specific artifacts (e.g. CITL training [Peng et al. 2020]):
HoOPOE can serve as the loss function for such pipelines, where
the learned forward model can absorb display-specific distortions.

Simulation-based evaluation on a calibrated conventional display
additionally makes our results display-agnostic and reproducible.
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MSE LAB

Fig. 6. Camera captures for MSE, SCCGH, MSE LAB, and Spatial HOOPOE. MSE LAB is more color-accurate than MSE. HOOPOE preserves contrast, especially
in dark regions. Only 1 frame (3 sequential RGB frames) was optimized and displayed. SLM patterns rendered in Fig. ??. More details are discussed in
Supplementary Material ??. Copyright for the original 3D model (licensed under CC-BY-SA) goes to Morena [2023].

That said, we performed real hardware studies on a CGH display
using the HOLOEYE PLUTO-2.1 SLM. We empirically find that
HoOPOE still outperforms all baselines judging by camera captures
of the display output. An example is shown in Fig. 6, and more
examples and details are discussed in Supplementary Material ??.

5.3 Tone Enhancement in HOOPOE

Because HOOPOE weights loss across different Laplacian pyra-
mid layers, HOOPOE-reconstructed images may over- or under-
emphasize high frequency edges if the weights are improperly tuned.
This could make images appear blurred or tone enhanced. However,
our 2IFC study allows direct comparisons of image regions against
the reference. Artifacts like tonal enhancement and blurring are
immediately visible under 2IFC. Users still prefer our method over al-
ternatives, suggesting that the artifacts brought by HoOPOE do not
negatively impact user experience. In Supplementary Material ??,
we also analyze the randomness of HOOPOE’s SLM patterns.

5.4 HoOPOE as a Perceptual Metric

HoOPOE was designed as a loss function, not as a perceptual metric.
As observed by Mustafa et al. [2022], good domain-specific loss func-
tions are not necessarily good visual quality predictors. HOOPOE
adopts the same task-specificity principle for CGH: rather than
reusing existing metrics [Cogalan et al. 2025; Mantiuk et al. 2024],
we instead fit HOOPOE weights against CGH-specific artifacts.

That said, HOOPOE still performs well as a perceptual metric
when used on a video quality dataset, XR-DAVID [Chapiro et al.
2024], without any retuning. We outperform SCCGH, MSE LAB,
MS-SSIM, SSIM, and LPIPS [Zhang et al. 2018] in predicting stimuli
quality. A table of Spearman’s rank correlation coefficients can be
found in Supplementary Material ??.

5.5 Modeling of Other Visual Phenomena

HoOPOE aims to maximize performance as a loss function by only
modeling aspects of human vision that are beneficial for optimiza-
tion. We experimented with visual masking, local contrast calcula-
tion, and contrast sensitivity in HOOPOE. These additions degraded

results, and were excluded from the user study. A comparison of
these HOOPOE variants is in Supplementary Material ??.

5.6 HoOPOE-Applicable Optimization Targets

HoOPOE compares reference and test frame data in image space. It
is agnostic to how image data is generated. In Sec. 4.1 the focal stack
was derived from 3D mesh data. However, HOOPOE is applicable to
any CGH pipeline that optimizes an image-space objective, including
3D [Choi et al. 2022; Lee et al. 2022], pupil-aware [Chakravarthula
et al. 2022a], and light field based [Schiffers et al. 2023] approaches.
HoOPOE is independent of the scene representation and propaga-
tion model that produce the images.

In our user studies we benchmark HOOPOE’s performance using
static reference images, but HOOPOE is applicable to video content
as well. The temporal decomposition in Eqn. 1 is performed on
both the test and reference stimuli. We demonstrate that HOOPOE
is applicable to video reference data generated from a different
underlying 3D representation format in Supplementary Material ??.

6 Conclusion

We propose HOOPOE, a loss function for computer-generated holog-
raphy. The main contribution is a methodology that is robust against
“adversarial stimuli” encountered during CGH optimization that
have low loss under existing perceptual metrics but are subjectively
objectionable. HOOPOE addresses this by 1) parameterizing the loss
function across the spatio-temporal-chromatic dimensions that are
perceptually relevant, and 2) tuning HOOPOE parameters with a
CGH algorithm in the loop. We show that CGH content generated
using HOOPOE is visually preferable to content generated using
existing perceptual metrics.
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SCCGH @ 480 FPS HoOPOE @ 480 FPS

MSE @ 480 FPS MSE LAB @ 480 FPS

Fig. 7. Images generated by HoOOPOE, MSE, MSE LAB, and SCCGH at various frame rates for stimulus 1. The ground truth of this stimulus is Fig. ??. Other
examples can be found in Supplementary Material ??. Note that this visualization of time multiplexing via time averaging is only an approximation of real-life
viewing. Temporal artifacts like flicker are invisible in this render. Copyright for the original 3D model (licensed under CC-BY-SA) goes to Krynski [2022].
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