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1University College London, Gower Street, London, UK, WC1E 6BT
2Massachusetts Institute of Technology, MA 02139, Massachusetts, USA
3New York University, New York, USA
*kaanaksit@kaanaksit.com

Compiled June 21, 2026

Rendering holograms for holographic displays is often an iterative and computationally costly process.

Emerging learned holography methods have alleviated this bottleneck by enabling fast hologram rendering

with improved reconstruction quality. However, existing methods still depend on fixed display hardware

and scene parameters, requiring retraining for each new configuration. This limits rapid adaptation to

different visual needs, including scene brightness, user focus preference, and hardware compatibility.
We introduce Configurable Holography, a learned CGH framework in which a single model adapts to diverse
display-scene parameters through explicit conditioning, eliminating the need for retraining. As a prototype,
we present a configurable structure and derive a family of models that continuously adapt to propagation
distance, volume depth, peak brightness, pixel pitch, and wavelength. To further improve efficiency, we
incorporate auxiliary monocular depth estimation for depth-aware 3D hologram synthesis from RGB-only
inputs and apply knowledge distillation for interactive inference. Our extensive simulation and hardware
experiments on three holographic display prototypes with different combinations of configurations show
on-par reconstruction quality with existing methods, offering up to 2× speed-up in fp32. Our work
represents an initial step toward flexible, general-purpose learned holography systems that can seamlessly
adapt across diverse hardware and user-specific visual requirements.

http://dx.doi.org/10.1364/ao.XX.XXXXXX

1. INTRODUCTION1

Holographic displays [3] support optical focus cues and2

multiple perspectives, promising authentic immersive Three-3

Dimensional (3D) visual experiences as a potential future dis-4

play technology. However, rendering visuals for holographic dis-5

plays remains computationally demanding and slow [4]. Emerg-6

ing learned holography methods [1] promise to accelerate and7

improve visual quality in the holographic displays. However,8

existing learned holography models are inflexible as they re-9

quire training a dedicated model for each set of display-scene10

parameters. This constraint becomes a bottleneck in practice. For11

instance, users demand instant, continuous control over focus12

range and brightness levels; those users with prescriptions also13

require focus adjustments for clearer images; and developers14

building displays need full tunability at interactive-rate across15

system parameters to accelerate the development processes of16

display prototypes. Meeting these diverse requirements with sepa-17

rate models would cause substantial overhead in model management,18

deployment speed, initialization time, and training, compromising19

seamless visual experiences. This makes model configurability an20

important capability for future holographic displays. We also ac-21

knowledge that for a deployed holographic display with fixed22

focal length, per-configuration models remain practical.23

We advocate Configurability as an important objective for24

learned Computer-Generated Holography (CGH). We define25

configurability as the ability of a single learned model to adapt its26

hologram synthesis behavior according to the requested display-27

scene parameters at inference time, without retraining for each28

configuration. In this view, learned CGH is not merely a fast al-29

ternative to optimization under one setting, but a programmable30

hologram generator that can accommodate parameter changes31

that naturally arise across users, scenes, and devices. Achiev-32

ing this goal is non-trivial because display-scene parameters33

influence diffraction physics and perceived 3D appearance; a34

configurable model must therefore balance generality, recon-35

struction fidelity, and efficiency.36

Building on this concept, our work depicted in Fig. 1 fo-37

cuses on interactive 3D hologram synthesis across a continuous38

range of various display-scene parameters using a single learned39

model. We introduce a highly configurable network structure40

http://dx.doi.org/10.1364/ao.XX.XXXXXX
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Fig. 1. Our configurable holography model supports a range of display–scene parameters without retraining, including peak bright-
ness (s), propagation distance (Z), volume depth (VD), working wavelength (λ), and pixel pitch (ppi). We distill our model into
a student model, achieving 2x speed up w.r.t. literature [1]. Our model can synthesize single or multi-color 3D holograms from
RGB-only 2D input images by internally predicting depth, simply eliminating the need for depth input (Source Image: [2]).

that synthesizes conventional single-color [5] and multi-color [6–41

8] holograms while being conditioned on scene parameters42

(propagation distance, volume depth, peak brightness), and43

display parameters (pixel pitch and wavelength). Alongside44

configurability, we also explore two strategies to maximize the45

efficiency of learned CGH methods. First, we treat Monocular46

Depth Estimation (MDE) as an auxiliary training task to improve47

the 3D accuracy of hologram synthesis. Importantly, our goal48

is not to compete with advanced MDE methods, but to demon-49

strate that depth information can serve as an effective additional50

supervision signal for accurate 3D hologram synthesis from51

RGB-only inputs with no depth, the most common form of me-52

dia. Second, we apply Knowledge Distillation (KD) [9] to distill53

a compact and configurable student model that is substantially54

accelerated for interactive inference and preserves reconstruc-55

tion quality. While our models demonstrate that configurable56

CGH is feasible, we emphasize that this work is a prototype and57

configurability itself warrants more rigorous and scaled evalua-58

tion. Accordingly, beyond reporting performance, we propose59

several Research Question (RQ): why is achieving configurabil-60

ity important and non-trivial? Why are MDE and KD beneficial61

to CGH? What limitations does our method exhibit, and how62

might future work address them? We hope these observations63

will help readers reason about configurable CGH and inspire64

future research. Our contributions are as follows:65

• Configurable Holography. We introduce configurability as66

a target capability for the learned CGH method and present67

a configurable model structure as a prototype. From which68

we derive a family of models supporting both single- and69

multi-color 3D holograms across a range of display-scene70

parameters, including propagation distance, volume depth,71

peak brightness, wavelength, and pixel pitch.72

• Advancing efficient and accurate 3D Hologram Synthesis73

from RGB-only inputs. We unearth the correlation between74

depth estimation and 3D hologram synthesis tasks in learned75

methods. Our model leverages this correlation and adopts76

multitask learning with hard-parameter sharing [10] to con-77

vert RGB-only Two-Dimensional (2D) images to accurate 3D78

holograms. We also apply KD to train a compact student79

model that achieves up to 2× faster hologram synthesis than80

prior learned approaches [1] under 32-bit precision (fp32)81

while preserving reconstruction quality.82

• Evaluation and empirical validation. We conduct extensive83

quantitative and qualitative experiments comparing against84

existing learned CGH methods and validate our findings on85

three physical holographic display prototypes.86

Our design targets conventional holographic displays and there-87

fore inherits their typical FoV and eyebox constraints [11]; ex-88

tending configurability to emerging display architectures [12–14]89

and novel hologram representations [3, 15] remains an important90

direction for future work. Our code is available at [REVIEW].91

2. RELATED WORK92

Learned Computer-Generated Holography. Early learned ap-93

proaches to single-color hologram synthesis primarily adopt94

U-Net–based Convolutional Neural Network (CNN) architec-95

tures [16] or resolution-preserving residual stacks to accelerate96

inference [1]. These methods require RGB-D inputs and are re-97

stricted to a fixed set of display-scene parameters. To remove98

the dependency on depth input, Liu et al. [17] introduce a multi-99

stage pipeline that separately performs depth estimation and100

RGB-D hologram optimization, resulting in increased compu-101

tational cost. Ishii et al. [18] further extend this design with an102

additional hologram refinement stage, leading to even slower103

synthesis compared to prior methods [17, 19]. Akşit and Itoh [19]104

collapse these stages into a single-stage CNN for improved effi-105

ciency; however, the resulting 3d hologram exhibits inaccurate106

depth reconstruction. Concurrent works also explore feature107

distillation [20], diffractive decoding [21], propagation-adaptive108

CGH [22], and hologram synthesis from 2D-only inputs [23–109

25]. However, they either focus on 2D holograms or assume fixed110

optical configurations, our work addresses these limitations by intro-111

ducing a depth-input-free, single-stage approach that jointly supports112

display-scene parameters configuring for both single- and multi-color113

3D holograms at interactive rates within single model.114

3. METHOD: CONFIGURABLE HOLOGRAPHY115

Our method aims to synthesize 3D holograms for various holo-116

graphic displays at inference time using a single learned model.117
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Our proposed method takes RGB-only images and display-scene118

parameters as inputs and outputs depths and holograms. We119

leverage depth estimation as a beneficial parallel task to help generate120

accurate 3D holograms from 2D images. Thus, our model does not aim121

to compete the MDE models, rather our model could benefit from any122

potential advancements in their accuracy in the future.123

A. RQ1: Why is configurable CGH important and non-trivial?124

Configurability is important for both users and researchers: prac-125

tical holographic displays and viewing preferences require in-126

stant and frequent changes in propagation distance, volume127

depth, and brightness, while display development involves ex-128

ploring wavelength and pixel pitch variations across hardware129

prototypes. However, achieving configurability is non-trivial be-130

cause it requires a network to continuously adapt the diffraction-131

driven image formation process across parameters, rather than132

memorizing a fixed setting. This is particularly challenging for133

long-range light propagation in 3D hologram, where the optical134

field oscillates rapidly as light travels through space, and where135

different parameters exhibit uneven conditioning difficulty—an136

observation we analyze empirically later in Sec. A.137

A.1. Problem Definition: Synthesizing 3D Holograms138

Holographic displays rapidly play successive holograms to gen-139

erate full-color images, which the Human Visual System (HVS)140

fuses into a perceived color reconstruction. Single-color holo-141

grams are computed for one wavelength; multi-color holograms142

are computed jointly for multiple primaries. Hologram synthesis143

can be modeled by the optimization144
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where Z ∈ R denotes the light propagation distance, VD ∈ R145

the volume depth, P ∈ Z the number of color primaries (i.e. typ-146

ically three), and p ∈ Z the primary index. T ∈ Z denotes147

the number of subframes required to reproduce a full-color148

image (i.e. typically three), and t ∈ Z denotes the subframe149

index. l(p,t) ∈ RP×T represents the light source power of the150

p-th primary at the t-th subframe. λp ∈ 400–700nm denotes151

the active primary wavelength, while λpanchor
denotes the an-152

chor wavelength used for calibration. ut ∈ CH×W represents153

the phase-only hologram, and dx denotes the pixel pitch. Here,154

I(p,z) ∈ RH×W denotes the target intensity image, s ∈ R controls155

brightness scaling, and hp ∈ CH×W denotes the wavelength-156

and distance-dependent propagation kernel [26–28]. Limg mea-157

sures the visual discrepancy between the target and recon-158

structed images. For single-color holography, l reduces to iden-159

tity selection, whereas multi-color holography requires joint opti-160

mization across wavelengths. Existing optimization pipelines [6]161

typically require minutes per requested s and rely on RGB-D162

inputs. Configurability refers to replacing this parameterized163

optimization with a single model capable of adapting across a164

continuous range of (s, Z, VD, λ, dx).165

Diffraction exhibits scaling properties that relate wavelength,166

pixel pitch, and propagation distance: a hologram computed167

at one wavelength can approximate another by rescaling Z as168

Z2 = λ2
λ1
× Z1, and a similar relation connects pixel pitch and dis-169

tance as Z2 = (
p1

p2
)2 × Z1 (see Supplementary Sec. S9 for details170

and Point-Spread Function (PSF) visualizations). While these171

properties motivate shared structure across configurations, they172

hold only for single-color settings; multi-color holograms require173

jointly optimizing across wavelengths, where simple rescaling174

is insufficient. This partially explains why some parameters are175

harder to condition than others and motivates our explicit condi-176

tioning strategy. Additionally, iterative random-phase methods177

like GS and SGD [34, 35] are inherently non-configurable, as178

each run solves for a hologram under a fixed propagation kernel179

parameterized by (λ, dx, Z). To verify this, we conduct an ex-180

periment in Supplementary Sec. S12, where we jointly optimize181

a hologram using SGD across four propagation distances. Our182

findings confirm that changing any parameter invalidates the183

accumulated phase updates, and joint optimization produces184

non-ideal phases due to conflicting gradients.185

B. Answer to RQ1: A Configurable Model Prototype186

We convert the parameterized hologram synthesis process in187

Eq. (1) into a single-stage learned model that is explicitly condi-188

tioned on display-scene parameters. Our final deployed model is189

a compact student model distilled from a stronger teacher using190

KD. This design targets configurability as continuous generaliza-191

tion over supported parameter ranges. Our model unifies three192

stages: (a) wavefront synthesis, mapping RGB inputs to a complex-193

valued field via a parameter-conditioned U-Net; (b) wave propa-194

gation, propagating the field via kernel; and (c) phase extraction,195

using imaginary part of the propagated field as hologram. We196

first introduce teacher, then the student model.197

B.1. Teacher Model198

We provide a complete layout of our teacher model in Fig. 2, the199

details of the modules can be found in Supplementary Sec. SA.200

The teacher takes Iinput, λp, dx, s, VD, and Z as inputs, denoted201

as Paramcond. During training, we vary these inputs so that the202

model can adapt the hologram synthesis process to preferred203

display–scene parameters at test time. Specifically, our training204

draws the input variables from205

λp ⊆ {(640, 515, 470)} nm, s ⊆ {1.0, 1.4, 1.8},

VD ⊆ {4.0, 8.0} mm, Z ⊆ {2, 4, 7, 10} mm, dx ⊆ {3.74} µm.
(2)

Our choice of Z follows recent learned holography literature [1,206

19, 36], and our VD choices cover common VR focal ranges207

(40–75 mm), roughly corresponding to placing virtual images208

from our VD between 5 Diopter to infinity. Given the scalability209

property in Sec. S9, we deliberately include a single pixel pitch210

in Eq. (2) to control training permutations and computational211

cost. To study broader conditioning over dx (and other display212

parameters) with wider permutations, we also introduce an RGB-213

D condition variant (depth provided as input) and report its214

configurations and results in Tbl. 2 and Supplementary Sec. S17.215

Overall, we generate permutations of Eq. (2), resulting in 24216

training cases, and train the teacher on the full set in one session.217

Our teacher processes Iinput using a U-Net structure [37] with218

encoder EfficientNet 1B [38] (code from [39]). We condition the219

decoder on the display-scene parameters and aggregate multi-220

scale decoder features with an FPN to form a shared latent221

code. We feed this latent code into three task-specific heads222

for predicting phase-only holograms, light source powers, and depth223

from RGB-only input. Their outputs are regularized by224

Ltrain = α0Lrecon + α1Llight + α2Ldepth, (3)
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Fig. 2. Our teacher model. A Feature Pyramid Network (FPN) [29] connects to every decoder stage of our U-Net to leverage multi-
scale spatial features from RGB-only or RGB-D inputs. Convolutional Block Attention Module (CBAM) [30] introduces channel and
spatial attention, while each decoder stage is conditioned on peak brightness, wavelength, volume depth, propagation distance,
and pixel pitch. A Pyramid Spatial Pooling (PSP) layer [31] aggregates global context for depth estimation, and a dedicated light
head predicts the required light source powers. Here, BCP denotes the Bin Center Predictor (BCP) [32] (RGB-only source: [33]).

where α0 = 1, α1 = 1, α2 = 30 balance reconstruction, light225

power, and depth terms. Lrecon is a multiplane reconstruction226

loss [5] that measures the discrepancy between the optically sim-227

ulated reconstruction and the target image across depth planes.228

Given a ground-truth depth map, we generate target focal-stack229

images by applying per-pixel depth-dependent defocus follow-230

ing Kavaklı et al. [6]. Lrecon combines three L2 terms: a global re-231

construction term, a masked term emphasizing in-focus regions,232

and a self-weighting term prioritizing high-intensity targets:233

Lrecon = m0L2(reck, targetk) + m1L2(reck ·Mk, targetk ·Mk)

+ m2L2(reck · targetk, targetk · targetk) + Lsmooth,
(4)

where reck and targetk denote the reconstructed and target im-234

ages at depth plane k, Mk is the binary in-focus mask derived235

from the depth map, and Lsmooth is a multi-scale total varia-236

tion regularizer on the predicted phase [1, 6]. Llight constrains237

per-subframe laser powers to match the target color balance,238

following [6]. We also incorporate FLIP loss [40] to improve239

color consistency. Full mathematical definitions of all loss terms240

are provided in Supplementary Sec. S11.241

Parameter Embedding. We propose to encode Paramcond us-242

ing novel scalar embeddings and a 1D PSF that captures the243

underlying physical conditions. The scalar display–scene pa-244

rameters are embedded via sinusoidal encoding. A complex-245

valued 2D PSF parameterized by (λ, dx, Z) is computed,246

Fig. 3. Parameters Embedding layer.

from which the247

central x-axis is248

extracted as a 1D249

PSF. This 1D PSF250

is processed by251

two linear layers252

and concatenated253

with the scalars;254

the fused features255

are then passed256

through two addi-257

tional linear lay-258

ers to produce a259

conditioning vector injected into each decoder stage. Compared260

to prior 2D PSF conditioning [22, 41], our design is more effi-261

cient and uniquely supports multi-parameter conditioning. We262

include an ablation study in Supplementary Sec. S18 to validate263

the effectiveness of both branches.264

Multi-task Learning. We adopt hard-parameter sharing [10, 42,265

43], where a common U-Net backbone is shared across hologram,266

light power, and depth estimation tasks while maintaining task-267

specific heads. This design is motivated by the observation268

that prior single-stage RGB-only methods [19] produce highly269

inaccurate depth reconstruction; jointly learning MDE forces the270

shared representation to encode geometry relevant to 3D focus.271

Phase-only Hologram Synthesis Task. Our phase head maps the272

latent code to a complex-valued field, which is propagated us-273

ing a band-limited Angular Spectrum Method (ASM) with the274

input Z and λ across all subframes. We extract the imaginary275

part as the phase-only hologram. To support long propagation276

distances (e.g., Z = 10 mm), we incorporate an ASM CNN block277

and skip-connect its output with the propagated phase. We278

find this block empirically necessary for long propagation; see279

Supplementary Sec. SA.1 for details.280

Light Power Estimation Task. Our light head predicts a t× p (e.g.281

3× 3) matrix of light source powers in [0, 1]. It aggregates spatial282

information from the latent code and regresses intensities used283

to match the color of target reconstruction.284

Depth Estimation Task. Besides phase and light heads, the285

teacher includes a depth head as an auxiliary task that im-286

proves hologram prediction when only RGB input is available.287

The head follows a bin-based formulation and combines en-288

coder features with the latent code to predict dense depth. We289

define Ldepth = Lsilog + Lgm + Ltv, with Scale Invariant Log290

(SILog) [44], Gradient Matching (GM), and Total Variation (TV)291

terms detailed in Supplementary Sec. S11.292

B.2. Student Model293

While the teacher model achieves strong reconstruction qual-294

ity, it requires 651 ms per frame on an NVIDIA A100 GPU at295
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Fig. 4. Overview of our student model.

1920× 1080 under fp32 (10.74M parameters), being inefficient.296

This motivates KD: rather than deploying the teacher directly or297

training a small model from scratch (which fails; see Sec. B.2), we298

distill the teacher’s knowledge into a compact student (2.19M299

parameters) that achieves 39 ms inference time—a 16.7× speed-300

up over the teacher and 1.9× over Tensor V2 [1]—while pre-301

serving reconstruction quality. As shown in Fig. 4, we accel-302

erate the teacher by converting it to a smaller student model303

using KD [9, 45, 46]. KD transfers knowledge from large teacher304

models to students, typically via response-based [47] or feature-305

based [48] distillation, and has been combined with Multi-task306

Learning (MTL) in other domains [49, 50]. Without KD, smaller307

models trained independently fail to reliably solve our hologram syn-308

thesis task (see Sec. B.2). The student takes the same inputs as309

the teacher and preserves the same outputs (phase, light, and310

depth), but replaces the encoder with MobileNetV3 [51] (code311

from [39]) and uses a lightweight decoder (e.g., depthwise sepa-312

rable convolutions). Conditioning embeddings and prediction313

heads are shared with the teacher; module-level descriptions314

are provided in Supplementary Sec. S17. The last stage of our315

student decoder conditions the U-Net with λ, s, dx, VD, and Z.316

We apply logit-based KD [45] for our training317

LKD = T2 · DKL(S(ystudent/T), S(yteacher/T)), (5)

where DKL is the Kullback-Leibler divergence [52], S is softmax,318

and T = 5. We distill both phase and depth: Ldepth targets the319

teacher-predicted depth, and we add a Charbonnier loss [53] to320

encourage smooth phase profiles. Our distillation loss is321

Ldistill = LKDphase
+ LCharbonnier + LKDdepth

+ Ldepth. (6)

Final loss uses equal weighting: L = Ldistill + Ltrain.322

4. IMPLEMENTATION323

We summarize key training and evaluation settings here, with324

full implementation details provided in the Supplementary ma-325

terial. Our training data are sampled from the Segment Any-326

thing (SA) dataset SA-1B [54], with ground-truth depth gener-327

ated using MiDaS [55]. We select 44,000 images (0.4% of SA-1B)328

and synthesize target reconstructions following Kavaklı et al. [6].329

All models are implemented in PyTorch [56] using Odak [57],330

and optimized with Adam [58] (β1 = 0.9, β2 = 0.99) and a331

CosineAnnealingLR [59] scheduler. We use a batch size of 16332

and train both models for 20 epochs with an initial Learning333

Rate (LR) of 0.001. Owing to memory constraints, the teacher is334

trained at 800× 800, while the student is trained at 1024× 1024.335

All experiments are conducted on eight NVIDIA RTX 3090 GPUs,336

with a total training and distillation time of four days.337

Training a single network to continuously adapt across multi-338

ple display–scene parameters is computationally intensive, and339

auxiliary depth supervision further increases training cost. To340

make this trade-off explicit, we (i) train a teacher–student pair341

to study configurability with RGB-only 3D hologram synthesis,342

and (ii) introduce an RGB-D condition variant (depth as input,343

no depth head) to enable broader conditioning over λ, dx, and344

long-range Z with reduced training complexity.345

5. EVALUATION346

In this section, we aim to provide a comprehensive evaluation of347

our method and directly provide evidence to answer RQ1 and348

RQ2: Why are MDE and KD Beneficial to CGH?349

A. Evidence to RQ1: Quantitative and Qualitative results350

Method Input PSNR^ SSIM^ LPIPS_ FVVDP^ Conf

Our Method (teacher) RGB-only 27.4 0.91 0.42 8.0 Yes

Our Method (student) RGB-only 27.4 0.91 0.41 7.9 Yes

Our Method (RGB-D) RGB-D 28.2 0.93 0.37 8.5 Yes

HoloBeam [19] RGB-D 25.6 0.88 0.44 8.2 No

Tensor V2 [1] RGB-D 26.5 0.94 0.38 8.3 No

modified 3D NH [60] RGB-D 28.9 0.91 0.42 8.2 No

Two-stage DepthAny V2 RGB-D 28.3 0.93 0.39 8.2 No

Table 1. Averaged quantitative comparison across methods.

Quantitative Analysis. As shown in Tbl. 1, our method achieves351

on par performance across all metrics. Although modified 3D352

NH attains the highest PSNR, Fig. 6 shows pronounced blurri-353

ness in its reconstructions, resulting in worse perceptual quality354

compared to our method. Our approach uniquely supports con-355

tinuous configurability over display–scene parameters, whereas356

all baselines require costly retraining per configuration. Due357

to the large number of methods and parameter settings, full358

quantitative results (PSNR, SSIM, LPIPS [61], FLIP [40], and359

FVVDP [62]) and extended analyses are deferred to Supplemen-360

tary Sec. SA. In summary, KD preserves fidelity: the student361

remains comparable to the teacher and existing learned CGH362

methods (△PSNR<0.1%) while retaining configurability. No-363

tably, this marginal quality gap enables instant and continuous364

parameter adjustment at inference time, replacing costly per-365

configuration retraining (hours) and weight swapping (minutes).366

Consistent with iterative CGH pipelines [5, 6], increasing s and367

Z degrades image quality across methods; we quantify these368

effects and report statistical tests in Supplementary Sec. SB.

Ours s Z VD λ dx

RGB-only continuous discrete continuous fixed fixed

RGB-D fixed continuous continuous continuous continuous

Table 2. Configurability of our methods. Continuous denotes
generalization to arbitrary values within the range at inference;
discrete denotes a fixed set of trained values; fixed denotes a
constant parameter. The RGB-only model prioritizes scene
parameters (s, VD) with discrete Z, while the RGB-D model
supports broader display parameters (λ, dx, Z).

369

Configurability and Qualitative Evaluation. Tbl. 2 summarizes the370

flexibility of each model variant. Our RGB-only models continu-371



Research Article 6

Fig. 5. PSNR (dB) of the RGB-D conditioned model on 100 DIV2K test images under novel (unseen) Z and dx settings. Each point
shows the mean PSNR at a randomly sampled (Z, VD) or (dx, VD) pair. The top row and bottom-left panels evaluate a continuous
1 mm Z range at pixel pitches 3.74, 6.4, and 8.0 µm, while the bottom-right panel evaluates a continuous dx range (3.7–8 µm) at
Z = 2.0 and 10.0 mm. The model achieves an average PSNR of ≈26 dB with ≈1.1 dB standard deviation, with isolated drops
(10–20%) due to limited model capacity across the wide conditioning range.

ously support s in [1.0, 1.8]× and VD in [4, 8] mm, and support372

a discrete set of Z ⊆ {2, 4, 7, 10} mm, while keeping dx and λ373

fixed. This reflects the practical trade-off: simultaneously covering374

more parameters continuously will increase training permutations375

and resource requirements significantly. To probe broader display-376

parameter conditioning with reduced complexity, we use the377

RGB-D condition model and conduct three examples that sup-378

port continuous ranges for Z, dx, and λ:379

• Z: continuous ranges of 2–3, 4–5, 6–7, 8–9, and 10–11 mm380

(total 5 mm) with three dx values (3.74, 6.4, 8.0 µm).381

• dx: continuous range of 3.7–8.0 µm with two Z (2.0, 10.0 mm).382

• λ: continuous ranges of 425–480, 510–565, 625–680 nm with383

two dx (3.74, 8.0 µm) and two Z values (2.0, 10.0 mm).384

All RGB-D training supports continuous VD in [4, 8] mm with385

fixed s. Fig. 5 reports the PSNR distribution for long-range Z386

and dx conditioning, with each point evaluated on the same387

100 DIV2K images [64]. The full configuration experiments388

are included in Supplementary Sec. S19, where total of 3,364389

novel (unseen) configurations is evaluated across Z, dx, and λ.390

Across these studies, we observe that conditioning difficulty is391

not uniform: s and VD can be learned more smoothly, while392

long-range Z and display parameters (dx, λ) require broader393

permutations and stronger inductive bias (e.g., our ASM CNN394

block for long Z). Overall, our model maintains consistent qual-395

ity (average PSNR ≈ 26) with low variance (average std ≈ 1.1)396

across randomly generated parameters. Fig. 7 shows captured397

reconstructions from two of our three holographic display proto-398

types with different configurations, verifying our method under399

hardware setups; extra captured results are provided in Sup-400

plementary Sec. S16. Notably, our three prototypes span pixel401

pitches of 3.74, 6.4, and 8.0 µm, directly validating our config-402

urability claim. Additionally, Fig. 6 compares reconstructions of403

our method, Tensor V2, and modified 3D NH across short and404

long Z. Compared with the other methods that requires retrain-405

ing, our configurable model achieves competitive image quality406

while preserving correct focus/defocus cues across depth planes.407

To construct the modified 3D NH, we reimplement NH [60] and408

extend it to support RGB-D inputs.409

B. RQ2: Why are MDE and KD Beneficial to CGH?410

B.1. Depth Estimation411

For RGB-only 3D hologram synthesis, depth ambiguity directly412

leads to incorrect focus/defocus cues across planes. Such er-413

rors are perceptually obvious even when image metrics like414

PSNR change only slightly. In particular, single-stage RGB-only415

learned CGH methods that do not estimate depth during train-416

ing (e.g., Holobeam [19]) may produce plausible 2D reconstruc-417

tions but fail to generate 3D holograms with correct focus (see418

Fig. 8). Our key insight is that jointly learning MDE and hologram419

synthesis enables depth-aware hologram generation from RGB-only420

inputs. Specifically, the predicted monocular depth is normal-421

ized to the reconstruction range Z± VD
2 , compressing the focal422

stack into the target volume. As in prior methods [1, 19, 36], we423

do not model eyepiece-to-diopter mapping, as it is orthogonal424

to SLM-plane synthesis. This makes our method applicable to425

photos, videos, and live streaming, where depth is unavailable.426

Our depth estimation is intended as an auxiliary task for427

hologram synthesis, not as a replacement for dedicated MDE428

methods [66]. Our model is trained on 44K images, whereas429

state-of-the-art MDE methods use tens of millions. Despite this430

large gap, the depth head serves as a proof of concept that joint431

learning improves 3D hologram quality from RGB-only inputs.432

Therefore, we do not report standalone depth estimation metrics.433

Training Data Strategy. Because CGH requires significantly less434

data than MDE to converge [1], our joint training must account435
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Fig. 6. Simulated reconstructions comparing our method, Tensor V2, and modified 3D NH for short and long propagation distances.
Numbers report PSNR, SSIM, LPIPS, and FLIP, respectively (Source Image: [63]).

Fig. 7. Captured results from Jasper and Holoeye SLMs (2.1× pixel pitch difference) under varied parameters (source image: [65]).

Fig. 8. Comparison of reconstructions, depth, and phase pre-
dictions between the independently trained student mode
and the distilled student model. Numbers report PSNR, SSIM,
LPIPS, and FLIP, respectively. (Source Image: [67])

for this imbalance. We use SA-1B [54] for its scale and reso-436

lution, generating depth pseudo-labels with MiDaS [55]. Our437

framework is agnostic to the specific depth estimator and can438

naturally benefit from future improvements; further discussion439

is provided in Supplementary Sec. S14.440

B.2. Knowledge Distillation441

KD helps us to create smaller and faster models for hologram442

synthesis that could not otherwise be trained effectively from443

scratch. Fig. 8 compares an independently trained student444

with our distilled student. When trained from scratch with445

the same setting as distillation, the independent student strug-446

gles to produce accurate depth maps, which leads to incorrect447

focus/defocus behavior and degraded reconstruction quality.448

In contrast, the distilled student demonstrates improved depth449

estimation, better color preservation, and higher image quality.450

Additional failure cases are provided in Supplementary Sec. S13.451

Inference Time. Distilling the teacher into a student model re-452

sults in a great improvement in speed. Fig. 9 compares inference453

time across models and resolutions. Our student model is consis-454

tently faster than all baselines, achieving 2× speed-up compared455

to Tensor V2 [1]. Specifically, our student model is 41%, 46%, and456

44% faster than Tensor V2; and 17%, 14%, and 17% faster than457

modified 3D NH, respectively. The only method faster than our458

student is Holobeam [19]; however, as demonstrated in Fig. 8,459

excluding MDE as an auxiliary task leads to failures in reproduc-460

ing correct focus cues in 3D hologram. Our student model can461

be further accelerated by removing the ASM CNN block; how-462

ever, this component is essential for predicting holograms with463

Z larger than 4 mm. All timings are measured on an NVIDIA464

A100 40G GPU under fp32 with PyTorch.465

6. RQ3: LIMITATION AND FUTURE WORK466

Out-of-distribution Behavior. Extrapolation beyond the trained467

parameter ranges can degrade performance sharply (e.g., train-468

ing over Z in 2–11 mm and evaluating at 12 mm). This limitation469

is relevant to training cost: expanding parameter range cover-470

age by brute-force sampling becomes exponentially expensive.471

A core open problem for configurable holography is achieving472

robust generalization to novel configurations without densely473

training over them, especially for propagation distance under474

arbitrary volume depth in 3D hologram synthesis.475

Defocus Accuracy. The defocus accuracy of reconstructions in476

our method remains strongly correlated with depth estimation477
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Fig. 9. Inference time comparison across models. S denotes
single-color hologram and M denotes multi-color hologram
synthesis using our light head module. Two-stage methods first
estimate depth from RGB inputs and then generate 3D holo-
grams. Vanilla uses U-Net* for both stages; Adabin employs
Adabin [68]; and DepthAny V2 uses DepthAnything V2 [66] for
depth estimation. *Same architecture used in [19, 69–72].

accuracy; we provide error examples and their analysis in Sup-478

plementary Sec. S18. We emphasize that our depth estimation479

is introduced solely as an auxiliary signal to improve hologram480

synthesis, rather than to compete with dedicated MDE models481

such as DepthAnything V2 [66]; Accordingly, we do not include482

standalone depth estimation metrics. While the 3D accuracy in483

our method are greatly improved compared with Holobeam, the484

image quality remains slightly lower to RGB-D condition model.485

This gap is primarily attributable to training scale: our depth486

head is trained on only 44k images, whereas state-of-the-art487

MDE models typically rely on supervision from tens of millions488

of images. Future variants can therefore directly benefit from489

advances in MDE, enabling better geometric regularization and490

defocus in RGB-only 3D hologram synthesis.491

Fluctuating Quality Across Conditioned Ranges. As shown in492

Fig. 5, we observe that reconstruction quality for 3D holograms493

can fluctuate as conditioning variables vary within a supported494

range (see Supplementary Sec. S19 for detailed analysis). The495

underlying cause is not yet fully understood. Compared with496

iterative methods [6], which optimize holograms under a fixed497

configuration with stable image quality, configurable hologra-498

phy must implicitly approximate a global optimal solution across499

a wide range of optical configurations. Finding such a solution is500

inherently several orders of magnitude more complex than optimizing501

for a single configuration, which partially explains the observed502

quality fluctuations. Narrowing the conditioning range reduces503

these fluctuations, as shown in Supplementary Sec. S19. Improv-504

ing stability in feed-forward configurable methods may benefit505

from information driven inductive biases [73] or more carefully506

designed loss functions than naive per-pixel supervision [74].507

Training Cost and Data Trade-offs. A single model that contin-508

uously adapts over multiple display-scene parameters is ex-509

pensive to train, and incorporating auxiliary depth estimation510

further greatly increases data and computational requirements.511

As a result, we must trade off between (i) variety of configura-512

bility, (ii) range of configurability, and (iii) depth supervision513

diversity. In this paper, we trained a teacher-student pair as514

proof of concept to validate the feasibility of efficient and config-515

urable RGB-only 3D hologram synthesis. Additionally, we train516

an RGB-D condition model (without a depth head) to demon-517

strate how far and wide configurability itself can extend under518

reduced computational complexity. We acknowledge that due519

to the limited resources, using network variants to validate dif-520

ferent aspects of our approach is not ideal. The computational521

cost of dense training becomes prohibitive as parameter ranges522

expand: distilling a unified RGB-only student spanning 10 mm523

Z, 6 µm dx, the visible spectrum, 10 mm VD, and 1–1.8× s would524

require 16 A100 GPUs and 20 training days due to exponen-525

tially growing parameter permutations. Accordingly, while our526

network is more efficient than existing learned CGH methods,527

it should be viewed as a prototype rather than the perfect solu-528

tion for configurable holography. Future work should pursue529

unified architectures that jointly support broad configurability530

and depth-free inference, while avoiding dense parameter per-531

mutations through improved training and sampling strategies.532

Different Hologram Types and Hardware Non-idealities. Our work533

assumes an ideal Spatial Light Modulator (SLM) with smooth534

phase and does not model non-idealities such as pixel fill-factor,535

crosstalk, higher-order diffraction, or SLM tilt. Although we536

provide extensive simulated results, broad hardware general-537

ization and validation remain challenging because of the large538

number of combinations in the display hardware design. We539

therefore focus more on simulation and evaluate on three com-540

monly used systems with similar optical architectures. Practical541

systems span a much wider design space—including wearable542

near-eye displays [75], waveguide combiners [76], and beam543

splitters—each introducing additional aberrations, stray light,544

and non-uniform degradation. At present, our framework does545

not yet support this extended design space. Further investiga-546

tion is required for generalization across fundamentally different547

optical architectures, hardware calibration [60? ], and config-548

urable random-phase generation [74, 77] in future work.549

7. CONCLUSION550

We acknowledge that our research is based on well-established551

techniques, including networks, MTL, MDE, and KD. Our con-552

tribution lies not in them, but in (i) formulating configurability as553

a concrete objective for learned CGH, (ii) identifying which dis-554

play–scene parameter can be continuously conditioned within555

a single model and which remain challenging, and (iii) provid-556

ing, to our knowledge, the first empirical study quantifying the557

trade-offs between speed, parameter range, input requirements,558

conditioning difficulty, and image quality across thousands of559

novel configurations, (iv) revealing MDE as a beneficial auxil-560

iary task for CGH. We believe these insights provide a useful561

reference for future configurable CGH research beyond any spe-562

cific architecture. Our final goal is to build a CGH model that is563

continuously configurable and can adapt to novel configurations564

outside the training set without dense retraining. In other words,565

we seek a physically accurate CGH method that understands566

light propagation robustly across display and scene variations.567
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19. K. Akşit and Y. Itoh, “Holobeam: Paper-thin near-eye displays,” in 2023625

IEEE Conference Virtual Reality and 3D User Interfaces (VR), (IEEE,626

2023), pp. 581–591.627

20. Y. Wang, W. Wan, J. Fu, and Y. Su, “Complex-valued attention feature628

distillation network for high-fidelity phase-only hologram generation,”629

Opt. Express 33, 25134–25145 (2025).630

21. C. Isil, A. Chen, Y. Li, et al., “Snapshot 3D image projection using a631

diffractive decoder,” arXiv preprint arXiv:2512.20464 (2025).632

22. N. Liu, K. Liu, Y. Yang, et al., “Propagation-adaptive 4K computer-633

generated holography using physics-constrained spatial and Fourier634

neural operator,” Nat. Commun. 16, 7761 (2025).635

23. C. Chang, B. Dai, D. Zhu, et al., “From picture to 3D hologram: end-to-636

end learning of real-time 3D photorealistic hologram generation from637

2D image input,” Opt. Lett. 48, 851–854 (2023).638

24. C. Chang, C. Zhao, B. Dai, et al., “Conversion of 2D picture to color 3D639

holography using end-to-end convolutional neural network,” PhotoniX640

6, 30 (2025).641

25. J. Sonker and M. M. Gore, “NetHolo: hologram reconstruction from642

RGB image in computational holography using deep neural network,”643

The Imaging Sci. J. 73, 962–970 (2025).644

26. K. Matsushima and T. Shimobaba, “Band-limited angular spectrum645

method for numerical simulation of free-space propagation in far and646

near fields,” Opt. express 17, 19662–19673 (2009).647
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Fig. 10. The example of our phase-only hologram.

SUPPLEMENTARY 1816

8. PHASE PROFILE AND EXPERIMENTAL SETUP817

A. Phase Image Example818

Fig. S10 shows the example phase profile our model predicted.819

B. Hardware Image820

Fig. S11a and Fig. S11b show the photographs of two of the821

three holographic display prototypes we used in this paper. The822

optical path of our display prototype begins with a laser light823

source (LASOS MCS4), which integrates three individual laser824

lines. The emitted light from a single-mode fibre is collimated825

using a Thorlabs LA1708-A plano-convex lens with a 200 mm826

focal length. This linearly polarized, collimated beam is then827

directed by a beamsplitter (Thorlabs BP245B1) toward our phase-828

only SLM, the Holoeye Pluto-VIS (1920×1080 px, 8 µm), Holoeye829

LETO (1920×1080 px, 6.4 µm), or Jasper JD7714 (2400×4094,830

3.74 µm). The modulated beam subsequently passes through a831

lens system comprising Thorlabs LA1908-A and LB1056-A, with832

focal lengths of 500 mm and 250 mm, respectively. Following833

this, a pinhole aperture (Thorlabs SM1D12) is positioned at the834

focal plane of the lenses. Finally, we capture the holographic835

reconstructions using a lensless image sensor (Point Grey GS3-836

U3-23S6M-C USB 3.0), which is mounted on an X-stage (Thorlabs837

PT1/M) with a travel range of 0 to 25 mm and a positioning838

precision of 0.01 mm.839

9. DIFFRACTION’S SCALABILITY PROPERTY840

A hologram computed for one wavelength can be reused for841

another by scaling the propagation distance as Z2 = λ2
λ1
× Z1.842

Fig. S12 illustrates this property: the two PSF patterns are visu-843

ally similar despite different (Z, λ) pairs, because the Fresnel844

number is preserved under this scaling. A related scaling con-845

nects pixel pitch and propagation distance as Z2 = (
p1

p2
)2 × Z1.846

These properties apply to single-color settings where a fixed-847

wavelength model can be reused across wavelengths by adjust-848

ing Z. However, they do not resolve multi-color cases (Eq. 2849

in the main paper), where wavelengths interact through a joint850

optimization objective and a single rescaling factor is insuffi-851

cient. Given the scalability property, we deliberately include852

a single pixel pitch in our RGB-only training variable set to853

control training permutations and computational cost, while854

using the RGB-D condition variant to study broader pixel pitch855

conditioning.856

10. MODEL857

A. Model Structure858

A.1. Teacher Model859

Tbl. S?? summarizes the architecture details of both the teacher860

and student models.861

FPN Structure Following the U-Net decoder, we aggregate fea-862

tures from multiple decoder stages using an FPN [29]. Each863

decoder output Di is fed into its corresponding FPN layers ac-864

cording to their level. Each FPN layer in our model consists of a865

convolutional layer, batch normalization, and a nonlinear activa-866

tion function ReLU followed by a bilinear upsample layer and867

an additional convolutional layer. Each FPN layer upsamples868

feature map by a scale of 2. Each decoder output is projected869

to a common channel dimension and progressively upsampled870

to the full resolution. To upsample every decoder output to871

the same scale, the Di will be processed iteratively by FPN lay-872

ers. For example, consider the first decoder output Dec4 of size873

D4x H
32 x W

32 , the Dec4 will be processed by FPN layers five times.874

Each time the resolution is doubled, resulting in an output that875

is the same size D0xHxW. The aligned features are then fused876

(summation after lightweight convolutions) to obtain a single877

latent code that is shared by all prediction heads.878

Phase Prediction Layer Structure The phase prediction head is a879

Conv2d layer with no activation function, allowing the model880

to infer phase values without explicit constraints. Following the881

phase head are bandlimited ASM kernel and ASM CNN. We882

found that our model will only converge when extra learnable883

parameters are provided after the bandlimited ASM method884

during training, which makes ASM CNN essential for long885

propagation distance estimation. The ASM CNN contains a con-886

volutional layer, followed by three consecutive convolutional887

layers, batch normalization, and ReLU. The phase head predicts888

a complex-valued field and uses band-limited ASM, with an889

additional refinement block for long propagation distances. A890

similar structure is also used in Tensor V2, where the second-891

stage network is used after free space propagation. This obser-892

vation highlights that long propagation distance prediction is893

inherently more challenging and requires extra prior as part of894

the network to adapt to the long-distance light propagation bet-895

ter. Please also note that our model only supports direct phase896

encoding.897

Light Prediction Layer Structure The light prediction layer ag-898

gregates information in the model prediction out and predicts899

light intensity. The light head aggregates spatial features and900

predicts per-(subframe, color primary) light powers constrained901

to [0, 1]. Given the output of the model of size D0xHxW, first,902

the convolutional layers will downsample it by a scale of 4. Then,903

an adaptive pooling operation is applied to reduce the spatial904

dimensions to D0x1x1. The pooled data will be fed into two905

linear layers, which manipulate the channel dimension to yield906

a value of 9, resulting in a 9x1x1 feature map. The final light907

intensity prediction laser is obtained by reshaping this output908

to a 1x3x3 matrix. This design ensures an efficient and accurate909

prediction of light intensity from the decoder output. Since the910

data range of light intensity is between 0 and 1, Sigmoid is used911

to ensure the model output is appropriately scaled.912

Depth Prediction Layer Structure The depth prediction layer con-913

sists of a BCP and a depth head, following the PixelFormer914

implementation [80]. It adopts a bin-based formulation with915
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(a) First holographic display prototype: Jasper JD7714. (b) Second holographic display prototype: Holoeye Pluto-VIS.

Fig. 11. Hardware prototypes used in evaluation: (a) Jasper JD7714 and (b) Holoeye Pluto-VIS.

Input Conf Speed
Hologram SLM

Refresh
Rate

Stage 3D
Depth
Accuracy

Learned
Max Z
(mm)

VD
(mm)

Type PD DP

Our Method RGB-only Yes Fast M+S 8 No 60 Hz Single True Moderate Full ~10.0 ~8.0

HoloBeam[19] G-only No Fast S 8 Yes 60 Hz Single True Inaccurate Full ~0.0 ~6.0

Multi-DNN [18] RGB-only No Slow S 8 Yes 60 Hz Three True Moderate Full ~50.0 ~2.0

NH [60] RGB-only No Fast S 8 No 60 Hz Two False Accurate Full ~100.0 ~0.0

NH3D [? ] RGB-D No Slow S 8 No 60 Hz Two True Accurate Semi ~8.2 ~4.4

TensorV2 [1] RGB-D No Fast S 8 Yes 60 Hz Two True Accurate Full ~12.0 ~6.0

DGE-CNN [17] RGB-D No Slow S 8 No 58 Hz Two True Moderate Semi ~10.0 ~30.0

4K-DMDNet [78] RGB-D No Slow S 8 No 58 Hz Two False Accurate Full ~300.0 ~0.0

Time-multiplexed [15] RGB-D No Slow S 4 No 480 Hz Two True Accurate Semi ~79.0 ~12.0

Table 3. Comparison of hologram synthesis methods. Our method generates both single-color (S) and multi-color (M) holograms
from an RGB-only input for a preferred set of display-scene parameters. In Input, G-only denotes green-channel-only. In Speed, Fast
and Slow denote > 10 FPS and < 10 FPS, respectively, at 1920 × 1080 resolution. In Learned, Full denotes a fully learning-based
method, while Semi denotes a hybrid of learning and optimization. NH [60] is fully learning-based, whereas NH3D [28] uses learn-
ing only for hologram refinement. Conf, PD, DP, Z, VD, and SLM denote Configurable, pixel depth, double phase encoding [79],
maximum propagation distance, scene volume depth, and Spatial Light Modulator, respectively.

PSP and a bin-center predictor. Bin Center Predictor: Given916

a feature map E4 of size E4 ×
H
32 ×

W
32 , PSP applies adaptive917

global pooling at scales {1, 2, 3, 6}. The pooled feature is then918

passed to the BCP, following [32]. By predicting bin-center maps,919
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Fig. 12. Diffraction scalability. Scaling propagation distance
by the wavelength ratio produces similar PSF patterns. PSF 1:
Z = 3 mm, λ = 515 nm; PSF 2: Z = 3.723 mm, λ = 416 nm.
Both use dx = 3.74 µm. The amplitude and phase remain
highly consistent, while the difference maps on the right stay
close to zero, showing that the main diffraction structure is the
same.

Teacher

Module Layer Ch. Match

Enc.
EffNet-b1

6.51M

#0 16→32 Dec #0
#1 32→24 Dec #1
#2 24→40 Dec #2
#3 40→112 Dec #3
#4 112→320 Dec #4

Dec.+FPN
4.17M

#4 320→272 Enc #4
#3 272→176 Enc #3
#2 176→112 Enc #2
#1 112→88 Enc #1
#0 88→60 Enc #0

Heads Phase 60→3 –
Depth 60→1 –
Laser 60→9 –

Table 4. Teacher model.

Student

Module Layer Ch. Match

Enc.
MBV3-S
0.93M

#0 16→16 Dec #0
#1 16→16 Dec #1
#2 16→24 Dec #2
#3 24→48 Dec #3
#4 48→576 Dec #4

Dec.
1.2M

#4 576→336 Enc #4
#3 336→192 Enc #3
#2 192→112 Enc #2
#1 112→72 Enc #1
#0 72→52 Enc #0

Heads Phase 52→3 –
Depth 52→1 –
Laser 52→9 –

Table 5. Student model.

BCP reformulates depth estimation from pure regression into920

a classification-regression task. Depth Prediction Head: Given a921

feature map D4 of size D4 ×
H
32 ×

W
32 , the depth head takes the922

latent feature and BCP output, then multiplies them along the923

channel dimension to produce the final depth.924

11. LOSS FUNCTIONS925

Our training objective combines four loss components: flip loss,926

reconstruction loss, light loss, and depth loss. We provide the927

mathematical formulations below.928

A. Flip Loss929

We employ FLIP loss [40] to improve color accuracy by penaliz-930

ing perceptual color differences in IPT space. We simplify the931

original formulation by setting ∆ f eature = 0:932

L f lip = ∑
i

∆color(Ipi , Iti
), (7)

Fig. 13. Overview of the FPN aggregation module.

Fig. 14. Overview of the phase head module.

Fig. 15. Overview of the light head module.

where ∆color computes the redistributed Euclidean distance in933

IPT color space between predicted Ip and target It.934

B. Reconstruction Loss935

The reconstruction loss Lrecon is shown below:936

Lrecon = m0L2(reck, targetk) + m1L2(reck ∗maskk, targetk ∗maskk)

+ m2L2(reck ∗ targetk, targetk ∗ targetk) + Lsmooth, (8)

where m0, m1, and m2 represent weights, reck, maskk and targetk937

represent the reconstructed image, binary mask, and target im-938

age at the kth plane. Weighted with m0, L2(reck, targetk) is the L2939

norm that evaluates the entire image with respect to a target im-940

age, m1 ∗ L2(reck ∗maskk, targetk ∗maskk) applies a mask to the941

reconstructed and target images before computing the L2 norm.942

Finally, the m2 ∗ L2(reck ∗ targetk, targetk ∗ targetk) multiplies the943

reconstructed and target images together before computing the944

L2 norm, which emphasizes the regions of the target image that945

have high values. Additionally, Lsmooth refers to phase smooth-946

ing loss, we used multi-scale TV loss introduced by [6] to ensure947

the smoothness in phase prediction, and regularization loss in-948

troduced by [1] to constrain the standard deviation and mean949

value of phase prediction to be close to 0.950

C. Light Loss951

Following [6], we constrain laser intensity per frame through952

four regularization terms. Let channelsum[i] = ∑c laser[i, c] for953

frame i ∈ {0, 1, 2}:954

Lmean =
1

N ∑
i

(channelsum[i]− peakamplitude)
2, (9)

Labs =
1

N ∑
i

∣∣∣channelsum[i]− peakamplitude

∣∣∣ , (10)

Lamax = ∑
j

(max(recons[j])−∑dim=0(peakamplitude))
2, (11)

Lrgb = ∑
c,i

(max(peakamplitude[c])− peakamplitude[c, i]), (12)
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where j indexes depth frames, c indexes color primaries, and i955

indexes subframes. Lmean and Labs penalize deviations of per-956

frame channel sums from the target amplitude; Lamax constrains957

maximum reconstructed intensity; andLrgb encourages the three958

primaries to follow the R-G-B pattern. The combined light loss959

is Llight = γ(Lmean + Labs + Lrgb + Lamax) with γ = 1× 105.960

D. Depth Loss961

The depth loss function consists of three sub-loss functions:962

Lsilog, Lgm, and Ltv. Lsilog represents the scale-invariant loss in-963

vented by eigen et al. [44], Lgm represents the gradient matching964

loss, which compares edges of estimated depths with ground965

truth depth maps, and Ltv represents the total variant loss,966

which smoothes the edge of objects in the depth map.967

Lsilog: Given predicted depth d̂i and ground truth d∗i at ith968

pixel, the logarithmic distance between log(d̂i) and log(d∗i ) is969

calculated as Di = log(d̂i)− log(d∗i ), calculated as:970

Lsilog = α

(
1

n ∑
i

(Di)
2 −

λ

n2

(
∑

i

Di

)2
)

(13)

Lgm: We compute image gradients using the Sobel operator971

in horizontal (x) and vertical (y) directions. For predicted depth972

d̂ and ground truth d∗, gradient magnitudes are:973

Ĝ =
√

Ĝ2
x + Ĝ2

y , G∗ =
√

G∗x
2 + G∗y

2, (14)

where Ĝx, Ĝy are gradients of d̂, and G∗x , G∗y are gradients of d∗.974

The gradient matching loss is:975

Lgm = β
1

n ∑
i

(Ĝi − G∗i )
2, (15)

where β is the weight and n is the total number of pixels.976

Ltv: Given the predicted depth d̂, we first compute the adja-977

cent gradients in both the x and y directions g_x and g_y:978

g_x = d̂[:, :, 1 :, :]− d̂[:, :, : −1, :] (16)

g_y = d̂[:, :, :, 1 :]− d̂[:, :, :, : −1] (17)

The edge-smoothing loss Ltv is defined as the sum of the mean979

absolute values of these gradients, where n denotes the total980

number of pixels.981

Ltv =
1

n ∑
i

|g_x_i|+
1

n ∑
i

|g_y_i| (18)

The final Ldepth is defined as the sum of the Lsilog, Lgm and Ltv.982

Ldepth = Lsilog + Lgm + Ltv (19)

12. NON-CONFIGURABILITY OF ITERATIVE METHODS983

Iterative hologram optimization solves for a phase-only holo-984

gram under a fixed propagation kernel. To test whether such985

methods can be extended to support multiple configurations986

simultaneously, we optimize either: (i) a hologram with SGD un-987

der a single fixed propagation distance, or (ii) a single hologram988

jointly over four propagation distances Z ∈ {1, 2, 3, 4} mm by989

summing the reconstruction losses across all four settings.990

Fig. S16 shows the resulting reconstructions and holograms.991

Panel (a) presents reconstructions obtained by SGD with a fixed992

Z. The optimized hologram yields clean results at the target set-993

ting, with correct front/back focus behavior. Panel (b) presents994

reconstructions obtained when SGD jointly optimizes a single995

hologram over four different Z values. In this case, the recon-996

structions at all distances exhibit severe noise and loss of correct997

focus, indicating strong interference among the inconsistent op-998

timization objectives. Panel (c) compares the corresponding999

holograms from (a) and (b): the hologram optimized for multi-1000

ple Z values is visibly corrupted with fringes, which explains1001

the degraded reconstructions across all focal settings.1002

These results show that iterative methods cannot produce1003

a single shared hologram that remains valid across different1004

propagation configurations. The phase updates required by1005

one propagation kernel conflict with those required by others,1006

so changing the configuration necessitates re-optimizing the1007

hologram from scratch. This makes iterative optimization fun-1008

damentally non-configurable.1009

13. KD AND CGH ANALYSIS1010

A. Failure Cases Of Individually Trained Student Model1011

Fig. S17 compares the independently trained student with the1012

distilled student. Although both use the same training setting,1013

the independently trained student produces less accurate depth1014

maps, leading to weaker focus/defocus effects and lower re-1015

construction quality. By contrast, the distilled student achieves1016

better depth estimation, color preservation, and overall image1017

quality.1018

14. TRAINING DATA STRATEGY1019

Unlike depth estimation, which requires extensive training data1020

to learn robust geometric priors across diverse scenes, CGH is1021

fundamentally a mapping task that reflects diffraction physics.1022

Consequently, CGH networks exhibit significantly lower data1023

requirements for convergence and generalization. Prior work [1]1024

has demonstrated that typical learned CGH models can achieve1025

robust performance with only around 1,000 training images, as1026

the primary learning objective is to capture the wavelength- and1027

distance-dependent light transport kernel rather than high-level1028

scene understanding. Given this asymmetry, our joint learning1029

framework faces a design trade-off: while CGH alone requires1030

less data, incorporating MDE as an auxiliary task demands much1031

larger and more diverse training data. To address this, we se-1032

lect the Segment Anything dataset SA-1B [54], which provides1033

two advantages. First, SA-1B contains tens of millions of high-1034

resolution images with diverse content, satisfying the data scale1035

and variability required for effective depth estimation. Second,1036

unlike common depth datasets that are limited to lower reso-1037

lutions (e.g. NYU Depth V2 [85] at 640× 480), SA-1B provides1038

high-resolution images suitable for hologram synthesis training.1039

For ground-truth depth supervision, we employ MiDaS [55] to1040

generate pseudo-labels. We acknowledge that MiDaS is not the1041

state-of-the-art (SOTA) in MDE and exhibits known limitations,1042

including scale ambiguity and reduced accuracy in complex1043

scenes. However, as our goal is to demonstrate the feasibility1044

of depth-assisted RGB-only 3D hologram synthesis rather than1045

advancing MDE itself, MiDaS provides sufficient supervision1046

quality for this proof of concept. Our framework is independent1047

of the specific depth estimator used for pseudo-labeling and1048

naturally inherits improvements from future depth models.1049



Research Article 15

Fig. 16. Empirical evidence that SGD-based hologram optimization is non-configurable. (a) Reconstructions from SGD with a fixed
Z. (b) Reconstructions from jointly optimizing one hologram over four propagation distances (Z = 1, 2, 3, 4 mm), causing severe
artifacts at all settings. (c) Corresponding holograms from (a) and (b) (Source Image: [81]).

Fig. 17. Comparison of reconstructions, phase, and depth between the independently trained student model (in red) and the dis-
tilled student model (in green). From left to right, top to bottom: (Source Image: [82], [83], and [84])

15. EXTENDED EVALUATION TABLE1050

Tbl. 6 provides the complete quantitative evaluation at different1051

holography settings, including all conditions supported by our1052

teacher and student models.1053

A. Quantitative Analysis1054

We compute PSNR, SSIM, LPIPS [61], FLIP [40], and FVVDP [62]1055

using 100 test images from DIV2K [64] not used during train-1056

ing. The student model maintains comparable performance to1057

the teacher (△PSNR< 0.1%), supporting the practical value of1058

distillation. Across configurations, PSNR and SSIM vary by1059

7.0% and 6.3% between best and worst settings, while remaining1060

competitive with fixed-configuration baselines (+4.9% PSNR,1061

+2.9% SSIM relative to per-configuration models). Consistent1062

with prior iterative pipelines [5, 6], increasing s or Z reduces1063

quality; for example, s = 1.8× induces decreases of 1.9% (PSNR),1064

1.1% (SSIM), 2.6% (LPIPS), 8.3% (FLIP), and 3.6% (FVVDP).1065

16. HARDWARE CAPTURED RESULTS1066

A. Captured Results1067

Fig. S24 shows the hardware captured result of student model1068

for short propagation distance. Fig. S27 shows the hardware1069

captured result of student model for long propagation distance.1070

B. Comparisons under varying peak brightness1071

To facilitate direct comparison, this subsection aggregates the1072

hardware-captured results from the previous two subsections1073

into two large figures, allowing side-by-side evaluation with1074

simulations. Fig. S28 presents simulated and captured results of1075

the student model at a short propagation distance (Z = 2 mm).1076

Post-processing is performed using our in-house homography1077

pipeline implemented in Python with OpenCV. Our method1078

preserves fine details, color accuracy, and texture across differ-1079

ent s values. Fig. S29 shows the results at a longer propagation1080

distance (Z = 10 mm). Compared with the short-distance case,1081

moderate color deviations appear in the hardware captures. We1082
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Method Input Display-scene Parameters PSNR^ (dB) SSIM^ LPIPS_ FLIP_ FVVDP^ Parameters Speed
Mean Std Mean Std Mean Mean Mean

Our Method
(teacher)

RGB-only

dx : 3.74 µm, Z: 2 mm, VD: 4 mm, 1.0x 29.33 2.73 0.95 0.03 0.35 0.10 8.30

10.74 M 651 ms

dx : 3.74 µm, Z: 2 mm, VD: 4 mm, 1.4x 28.78 2.84 0.94 0.03 0.36 0.11 8.23
dx : 3.74 µm, Z: 2 mm, VD: 4 mm, 1.8x 27.65 2.80 0.94 0.04 0.36 0.11 8.20
dx : 3.74 µm, Z: 4 mm, VD: 4 mm, 1.0x 28.16 3.07 0.94 0.03 0.38 0.12 8.18
dx : 3.74 µm, Z: 4 mm, VD: 4 mm, 1.4x 28.15 2.99 0.94 0.03 0.38 0.11 8.19
dx : 3.74 µm, Z: 4 mm, VD: 4 mm, 1.8x 27.86 2.97 0.93 0.04 0.39 0.11 8.18
dx : 3.74 µm, Z: 7 mm, VD: 4 mm, 1.0x 27.80 3.06 0.93 0.03 0.40 0.12 8.11
dx : 3.74 µm, Z: 7 mm, VD: 4 mm, 1.4x 27.80 2.95 0.93 0.03 0.40 0.12 8.13
dx : 3.74 µm, Z: 7 mm, VD: 4 mm, 1.8x 27.52 2.92 0.92 0.04 0.41 0.13 8.11
dx : 3.74 µm, Z: 10 mm, VD: 4 mm, 1.0x 26.92 2.71 0.91 0.04 0.46 0.14 7.89
dx : 3.74 µm, Z: 10 mm, VD: 4 mm, 1.4x 26.97 2.66 0.91 0.04 0.47 0.14 7.93
dx : 3.74 µm, Z: 10 mm, VD: 4 mm, 1.8x 26.54 2.56 0.90 0.04 0.48 0.15 7.83
dx : 3.74 µm, Z: 2 mm, VD: 8 mm, 1.0x 28.23 2.87 0.93 0.05 0.39 0.12 8.00
dx : 3.74 µm, Z: 2 mm, VD: 8 mm, 1.4x 27.72 2.94 0.93 0.05 0.40 0.12 7.91
dx : 3.74 µm, Z: 2 mm, VD: 8 mm, 1.8x 26.89 2.91 0.90 0.06 0.40 0.12 7.85
dx : 3.74 µm, Z: 4 mm, VD: 8 mm, 1.0x 27.24 2.91 0.91 0.05 0.42 0.13 7.89
dx : 3.74 µm, Z: 4 mm, VD: 8 mm, 1.4x 27.21 2.94 0.91 0.06 0.42 0.12 7.88
dx : 3.74 µm, Z: 4 mm, VD: 8 mm, 1.8x 26.94 2.91 0.90 0.06 0.42 0.12 7.87
dx : 3.74 µm, Z: 7 mm, VD: 8 mm, 1.0x 27.00 3.01 0.90 0.05 0.44 0.14 7.89
dx : 3.74 µm, Z: 7 mm, VD: 8 mm, 1.4x 26.96 2.92 0.90 0.05 0.44 0.13 7.90
dx : 3.74 µm, Z: 7 mm, VD: 8 mm, 1.8x 26.73 2.88 0.89 0.06 0.44 0.13 7.89
dx : 3.74 µm, Z: 10 mm, VD: 8 mm, 1.0x 26.31 2.69 0.88 0.05 0.49 0.15 7.70
dx : 3.74 µm, Z: 10 mm, VD: 8 mm, 1.4x 26.33 2.65 0.88 0.05 0.49 0.15 7.72
dx : 3.74 µm, Z: 10 mm, VD: 8 mm, 1.8x 25.97 2.60 0.87 0.05 0.50 0.15 7.61

Our Method
(student)

RGB-only

dx : 3.74 µm, Z: 2 mm, VD: 4 mm, 1.0x 28.55 2.88 0.95 0.03 0.35 0.10 8.48

2.19 M 39 ms

dx : 3.74 µm, Z: 2 mm, VD: 4 mm, 1.4x 28.32 2.79 0.94 0.03 0.35 0.10 8.33
dx : 3.74 µm, Z: 2 mm, VD: 4 mm, 1.8x 27.69 2.78 0.94 0.04 0.36 0.11 8.18
dx : 3.74 µm, Z: 4 mm, VD: 4 mm, 1.0x 28.29 3.01 0.94 0.03 0.36 0.11 8.22
dx : 3.74 µm, Z: 4 mm, VD: 4 mm, 1.4x 28.21 2.98 0.94 0.03 0.37 0.11 8.13
dx : 3.74 µm, Z: 4 mm, VD: 4 mm, 1.8x 28.06 2.97 0.93 0.04 0.37 0.12 8.11
dx : 3.74 µm, Z: 7 mm, VD: 4 mm, 1.0x 28.28 3.15 0.93 0.03 0.39 0.12 8.15
dx : 3.74 µm, Z: 7 mm, VD: 4 mm, 1.4x 28.03 3.05 0.92 0.03 0.39 0.11 8.09
dx : 3.74 µm, Z: 7 mm, VD: 4 mm, 1.8x 27.93 2.85 0.92 0.04 0.40 0.12 8.03
dx : 3.74 µm, Z: 10 mm, VD: 4 mm, 1.0x 27.15 2.81 0.91 0.03 0.44 0.15 7.94
dx : 3.74 µm, Z: 10 mm, VD: 4 mm, 1.4x 27.07 2.72 0.91 0.04 0.44 0.15 7.90
dx : 3.74 µm, Z: 10 mm, VD: 4 mm, 1.8x 26.92 2.43 0.90 0.04 0.45 0.16 7.64
dx : 3.74 µm, Z: 2 mm, VD: 8 mm, 1.0x 27.89 2.98 0.93 0.04 0.39 0.12 8.02
dx : 3.74 µm, Z: 2 mm, VD: 8 mm, 1.4x 27.13 3.00 0.92 0.05 0.39 0.12 7.85
dx : 3.74 µm, Z: 2 mm, VD: 8 mm, 1.8x 26.76 2.86 0.91 0.06 0.40 0.13 7.71
dx : 3.74 µm, Z: 4 mm, VD: 8 mm, 1.0x 27.46 2.91 0.91 0.04 0.41 0.13 7.96
dx : 3.74 µm, Z: 4 mm, VD: 8 mm, 1.4x 27.34 2.88 0.90 0.05 0.41 0.13 7.84
dx : 3.74 µm, Z: 4 mm, VD: 8 mm, 1.8x 26.57 2.75 0.89 0.06 0.42 0.14 7.66
dx : 3.74 µm, Z: 7 mm, VD: 8 mm, 1.0x 27.24 3.07 0.90 0.05 0.43 0.13 7.91
dx : 3.74 µm, Z: 7 mm, VD: 8 mm, 1.4x 27.03 2.88 0.90 0.05 0.43 0.13 7.74
dx : 3.74 µm, Z: 7 mm, VD: 8 mm, 1.8x 26.32 2.80 0.88 0.06 0.45 0.14 7.58
dx : 3.74 µm, Z: 10 mm, VD: 8 mm, 1.0x 26.56 2.71 0.89 0.05 0.46 0.15 7.78
dx : 3.74 µm, Z: 10 mm, VD: 8 mm, 1.4x 26.23 2.76 0.88 0.05 0.46 0.16 7.64
dx : 3.74 µm, Z: 10 mm, VD: 8 mm, 1.8x 26.14 2.44 0.88 0.06 0.47 0.16 7.40

Our Method
(RGB-D condition)

RGB-D
dx : 6.4 µm, Z: 4.88 mm, VD: 6.75 mm, 1.0x1 27.73 1.98 0.93 0.02 0.37 0.11 8.64

6.84 M 566 msdx : 7.19 µm, Z: 2 mm, VD: 4.23 mm, 1.0x1 29.83 2.81 0.96 0.02 0.31 0.09 8.79
dx : 4.57 µm, Z: 10 mm, VD: 7.61 mm, 1.0x1 26.93 2.19 0.91 0.03 0.42 0.13 8.07

HoloBeam RGB-only2

dx : 3.74 µm, Z: 2 mm, VD: 4 mm, 1.0x 29.12 2.70 0.93 0.04 0.37 0.10 8.37

1.94 M 27 ms
dx : 3.74 µm, Z: 4 mm, VD: 4 mm, 1.0x 27.15 2.62 0.90 0.03 0.43 0.11 8.24
dx : 3.74 µm, Z: 7 mm, VD: 4 mm, 1.0x 25.31 2.24 0.87 0.03 0.47 0.13 8.11
dx : 3.74 µm, Z: 10 mm, VD: 4 mm, 1.0x 20.62 2.51 0.82 0.03 0.49 0.14 7.99

Tensor
V2

RGB-D

dx : 3.74 µm, Z: 2 mm, VD: 4 mm, 1.0x 29.23 2.26 0.97 0.03 0.34 0.10 8.47

0.04 M 75 ms
dx : 3.74 µm, Z: 4 mm, VD: 4 mm, 1.0x 28.01 2.01 0.95 0.03 0.37 0.10 8.32
dx : 3.74 µm, Z: 7 mm, VD: 4 mm, 1.0x 25.89 2.09 0.93 0.03 0.39 0.11 8.29
dx : 3.74 µm, Z: 10 mm, VD: 4 mm, 1.0x 23.04 1.98 0.91 0.03 0.41 0.11 8.12

modified
3D NH3 RGB-D

dx : 3.74 µm, Z: 2 mm, VD: 4 mm, 1.0x 29.01 2.45 0.94 0.03 0.40 0.10 8.41

3.87 M 49 ms
dx : 3.74 µm, Z: 4 mm, VD: 4 mm, 1.0x 29.03 2.31 0.92 0.04 0.41 0.11 8.25
dx : 3.74 µm, Z: 7 mm, VD: 4 mm, 1.0x4 28.92 2.18 0.90 0.04 0.43 0.13 8.17
dx : 3.74 µm, Z: 10 mm, VD: 4 mm, 1.0x4 28.98 2.39 0.89 0.04 0.45 0.13 8.05

Two-stage
DepthAny V2

RGB-D

dx : 3.74 µm, Z: 2 mm, VD: 4 mm, 1.0x 29.21 3.15 0.95 0.03 0.35 0.10 8.39

29.2 M 126 ms
dx : 3.74 µm, Z: 4 mm, VD: 4 mm, 1.0x 28.65 3.54 0.94 0.04 0.37 0.11 8.14
dx : 3.74 µm, Z: 7 mm, VD: 4 mm, 1.0x4 27.92 3.28 0.92 0.04 0.40 0.12 8.07

dx : 3.74 µm, Z: 10 mm, VD: 4 mm, 1.0x4 27.37 3.28 0.90 0.05 0.45 0.13 8.00

Table 6. The extended evaluation table at different holography settings. All the other CGH models in the table, excluding
ours, are separately trained with fixed configurations and have no configurability at all. Parameters refers to the size of
the model. Speed refers to the inference time of the model under fp32. Note that RGB teacher, RGB student, HoloBeam,
Tensor V2 and modified 3D NH were trained with 800 × 800, 1024 × 1024, 1024 × 1024, 384 × 384 and 1024 × 1024 data,
respectively. The test resolution is 1920 × 1080. 1Novel cases are in italic and not included in metrics comparison. 2We
improve the HoloBeam from G-only to RGB-only input. 3Since NH only supports 2D holograms, we modified NH‘s
HoloNet to generate 3D holograms. 4A notable disadvantage of the modified 3D NH is its sensitivity to resolution under
long propagation distances.
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attribute this to the larger diffraction cone in long-distance prop-1083

agation, which increases the required spatial bandwidth and1084

amplifies the impact of limited training resolution, leading to1085

chromatic artifacts. Training at higher resolution can alleviate1086

this effect but significantly increases computational cost. To fur-1087

ther investigate this sensitivity, we train an RGB-D conditioned1088

model using full-HD data for Z = 10 mm and compare it with1089

modified 3D NH, Tensor V2, and Two-stage DepthAny V2.1090

C. Hardware-captured Result On Other Holographic Displays1091

Fig. S26 shows the hardware captured result of RGB-D condition1092

on Holoeye Pluto-VIS holographic display (resolution at 10801093

× 1920 and pixel pitch at 8.0 µm). Fig. S25 shows the hardware1094

captured result of RGB-D condition on Holoeye LETO-3 holo-1095

graphic display (resolution at 1920 × 1080 and pixel pitch at 6.41096

µm). Both models are trained under Sec. S17’s condition.1097

17. RGB-D CONDITION MODEL1098

A. Model Architecture and Training Configuration1099

To demonstrate that our model structure can condition various1100

pixel pitches, wavelengths, and other display-scene parameters,1101

we derive an RGB-D version of our RGB-only model. Fig. S181102

shows the RGB-D version of our model. Similar to the RGB-1103

only model, this model also contains two consecutive Multilayer1104

Perceptron (MLP) layers for conditioning.1105

We choose the RGB-D approach for extensive parameter vari-1106

ation studies for two key reasons: First, RGB-D input directly1107

provides depth information as prior knowledge, allowing the1108

model to focus on phase-only holography prediction, which1109

greatly reduces data requirements compared to RGB-only mod-1110

els. Second, as the variable set grows larger, the number of1111

permutations increases exponentially, making RGB-D condition-1112

ing more computationally tractable.1113

B. Pair-wise Analysis of Variance (ANOVA)1114

Pair-wise ANOVA [86] was employed to evaluate the impact1115

of six different condition settings within the RGB-D condition1116

model on image quality metrics. Across PSNR, SSIM, LPIPS,1117

and FLIP, conditions (1)–(4) (pixel pitches of 10.8 µm and 8.0 µm)1118

show no statistically significant differences (p-values ranging1119

from 0.5 to 1.0), indicating that image quality is stable at larger1120

pixel pitches. In contrast, all comparisons involving conditions1121

(5) and (6) (pixel pitch 3.74 µm) yield p-values below 2× 10−16,1122

confirming that smaller pixel pitch has a statistically significant1123

impact on reconstruction quality. Tbl. S7 presents the result of a1124

pair-wise ANOVA test conducted between our student model1125

and other models. For PSNR, comparisons with Holobeam and1126

modified 3D NH yield p-values of 0.49 and 0.79 respectively,1127

suggesting statistical equivalence in PSNR stability. For Tensor1128

V2, lower PSNR p-values (0.12) are observed, likely because1129

Tensor V2 was evaluated using its short propagation weight (Z:1130

0mm, VD: 6mm) rather than a matched configuration, as reim-1131

plementing the MIT_CGH_4K dataset [1] for retraining was not1132

feasible. For SSIM and FLIP, p-values below 1× 10−16 against1133

modified 3D NH and HoloBeam indicate that our student model1134

achieves statistically better perceptual quality (student: SSIM1135

0.96± 0.03, FLIP 0.08 vs. modified 3D NH: 0.94± 0.03, 0.11 and1136

HoloBeam: 0.93± 0.04, 0.10). Tensor V2 comparisons on SSIM1137

(p=0.02) and FLIP (p=0.01) suggest the two methods are close1138

but not statistically equivalent. For LPIPS, the student model,1139

HoloBeam (p=0.21), and Tensor V2 (p=0.09) are weakly related,1140

with mean LPIPS of 0.35, 0.37, and 0.29 respectively.1141

PSNR SSIM LPIPS FLIP
student model & modified 3D NH 0.79 <2e-16 1e-15 1e-9

student model & HoloBeam 0.49 <2e-16 0.21 <2e-16
student model & Tensor V2 0.12 0.02 0.09 0.01

Table 7. The p-value results of pair-wise ANOVA test between
student model and various models. The optic setting of the
student model, modified 3D NH and HoloBeam is dx: 3.74 µm,
Z: 2 mm, VD: 4 mm, x1.0. The optic setting of Tensor V2 is dx:
8.0 µm, Z: 0 mm, VD: 6 mm, x1.0.

18. ADDITIONAL ANALYSES1142

A. Comparison Between HoloBeam and Student Model1143

Fig. S19 shows the reconstruction comparisons between1144

HoloBeam and student model. When the input data is RGB-1145

only, HoloBeam’s results exhibited a deficiency in accurately1146

representing the 3D phase, with incorrect defocus relationships.1147

Conversely, our student model do not have such focusing issues.1148

B. Impact of Depth Estimation Inaccuracies1149

Fig. S20 shows that depth estimation errors can cause unin-1150

tended defocus in regions meant to be sharp at specific depth1151

planes, especially in high-resolution images.1152

C. Ablation Study: Parameter Embedding1153

To evaluate the contribution of each component in our parameter1154

embedding layer , we conduct an inference-time ablation study1155

using a trained RGB-D condition model checkpoint. We com-1156

pare three variants: (a) the full embedding combining sinusoidal1157

scalar encoding and 1D PSF, (b) sinusoidal scalars only, and1158

(c) 1D PSF only. We evaluate on 100 DIV2K test images across1159

four representative configurations spanning short/long propa-1160

gation distances and two pixel pitches. Results are reported in1161

Tbl. S8.
Embedding Variant PSNR↑ SSIM↑ LPIPS↓ FLIP↓

dx=3.74 µm, Z=2 mm, VD=4 mm, ×1.0
(a) Full (sinusoidal + 1D PSF) 28.85 0.96 0.36 0.13
(b) Sinusoidal scalars only 27.52 0.94 0.41 0.15
(c) 1D PSF only 25.13 0.91 0.48 0.19

dx=3.74 µm, Z=10 mm, VD=4 mm, ×1.0
(a) Full (sinusoidal + 1D PSF) 26.41 0.94 0.40 0.15
(b) Sinusoidal scalars only 25.18 0.92 0.45 0.18
(c) 1D PSF only 23.06 0.88 0.53 0.22

dx=8.0 µm, Z=2 mm, VD=6 mm, ×1.0
(a) Full (sinusoidal + 1D PSF) 31.22 0.97 0.30 0.07
(b) Sinusoidal scalars only 30.05 0.96 0.34 0.09
(c) 1D PSF only 27.84 0.93 0.42 0.12

dx=8.0 µm, Z=10 mm, VD=6 mm, ×1.0
(a) Full (sinusoidal + 1D PSF) 28.76 0.95 0.35 0.10
(b) Sinusoidal scalars only 27.61 0.93 0.39 0.12
(c) 1D PSF only 25.49 0.90 0.47 0.16

Table 8. Ablation of the parameter embedding layer.
1162

The full embedding consistently achieves the best perfor-1163

mance across all four configurations. Removing the 1D PSF1164

branch (variant b) causes an average PSNR drop of 1.3 dB. Re-1165

moving the sinusoidal scalars (variant c) leads to a larger average1166

drop of 3.5 dB, as the 1D PSF alone cannot disambiguate config-1167

urations that share similar PSF shapes but differ in wavelength1168

or volume depth. These results confirm that both branches pro-1169

vide complementary information. The sinusoidal scalars supply1170

exact parameter values while the 1D PSF injects physics-aware1171

spatial structure.1172
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Fig. 18. The overview of the RGB-D condition model. (RGB input: [33])

Fig. 19. The simulated reconstructions comparison between HoloBeam and student model. The volume depth of the results is 4mm
and the propagation distance is 2mm (Source Image: [87]).

Fig. 20. Depth estimation errors causing incorrect defocus in high-resolution images. The student model predicts the top of the
price board at the mid-focus plane, leading to erroneous reconstructions in the mid- and near-focus planes. Blue indicates the mid-
focus region and green the near-focus region. (Source image: [88]).

19. VARYING DISPLAY-SCENE PARAMETERS1173

A. Generalizing Novel Cases Outside Of Training (Pixel Pitch)1174

Our model can generalize novel pixel pitch values when the1175

distance between the training conditions is small. Empirically,1176

we found that the model has the best performance when the step1177

size between cases is around 0.05 µm. We trained the RGB-D1178

condition model with the following conditions:1179

λp ⊆ {(640, 515, 470)} nm,

s ⊆ {1.0}, VD ⊆ {4.0, 8.0} mm,

Z ⊆ {2.0, 10.0} mm, dx ⊆ {3.7− 8.0} µm.

(20)

In this experiment, we include the pixel pitch covering a1180

span of 4.3 µm range, 2 propagation distance, and a volume1181

depth as large as 4mm. The pixel pitch conditions have a 0.051182
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Fig. 21. The PSNR, SSIM, and FLIP distribution of our RGB-
D condition model when conditioned on a 4.3 µm total pixel
pitch range across two propagation distances.

µm step size, which results in 54 conditions in total. The entire1183

permutation set contains 344 conditions in total and the model1184

is trained at the resolution of 896 × 896.1185

To conduct a comprehensive evaluation of the model, we1186

employ an uniform sampling approach across the entire range1187

of pixel pitch. For each pixel pitch interval (e.g. 4-5 µm), we1188

generate a set of 20 novel pixel pitches outside of the training set.1189

These randomly selected pixel pitches are uniformly distributed1190

within the interval, cases are approximately 0.05 µm between1191

each other. We use the following novel cases as test cases:1192

λp ⊆ {(640, 515, 470)} nm,

s ⊆ {1.0}, VD ⊆ {randomized between 4.0 - 8.0} mm,

Z ⊆ {2.0, 10.0} mm,

dx ⊆ {randomized pixel pitch distribution} µm.

(21)

The test permutation set contains 344 novel cases at a reso-1193

lution of 1280× 1280. Due to the large number of conditions,1194

tabular reporting is impractical; instead, we present the results1195

using figures. Fig. S21 reports PSNR, SSIM, and FLIP distribu-1196

tions, where each data point is computed from the same 1001197

images from the DIV2K dataset [64]. Overall, the model main-1198

tains stable image quality with low standard deviation across1199

randomly sampled pixel pitch conditions over a continuous1200

range. About 10% of cases show noticeable quality variations,1201

likely due to the limited model capacity when generalizing dx1202

across a wide continuous range (4.3 µm), which is more challeng-1203

ing than other display–scene parameters and makes adapting to1204

hundreds of conditions difficult.1205

B. Generalizing Novel Cases Outside Of Training (Propagation1206

Distance)1207

Similar to pixel pitch, our model can generalize novel propa-1208

gation distance values when the distance between the training1209

conditions is small. Empirically, we found that the model has the1210

best performance when the step size between cases is around1211

0.005 mm. We trained the RGB-D condition model with the1212

following conditions:1213

λp ⊆ {(640, 515, 470)} nm,

s ⊆ {1.0}, VD ⊆ {4.0, 8.0} mm,

Z ⊆ {2.0− 3.0; 4.0− 5.0; 6.0− 7.0;

8.0− 9.0; 10.0− 11.0} mm,

dx ⊆ {3.74, 6.4, 8.0} µm.

(22)

In this experiment, we include the propagation distance cov-1214

ering a span of 5mm range, 3 common pixel pitches, and a vol-1215

ume depth as large as 4mm. The training propagation distance1216

conditions are 0.005 mm between each others, which results1217

in 1000 conditions in total. The entire permutation set contains1218

6000 conditions in total and the model is trained at the resolution1219

of 512 × 512. We choose a discrete, rather than a continuous,1220

5mm range because we want to maximize the Z range coverage1221

while avoiding excessive computational demands. The condi-1222

tioning of a continuous 5mm range of Z will also work under1223

our training setting. To conduct a comprehensive evaluation of1224

the model, we employ an uniform sampling approach across1225

the entire range of propagation distances. For each propagation1226

distance interval (e.g. 2 - 3 mm), we generate a set of 100 novel1227

propagation distances outside of the training set. These ran-1228

domly selected distances are uniformly distributed within the1229

interval, cases are approximately 0.01mm between each other.1230

We use the following novel cases as test cases:1231

λp ⊆ {(640, 515, 470)} nm,

s ⊆ {1.0}, VD ⊆ {randomized between 4.0 - 8.0} mm,

Z ⊆ {randomized distance distribution} mm,

dx ⊆ {3.74, 6.4, 8.0} µm.

(23)

The test permutation set contains 3000 novel cases at a res-1232

olution of 1024× 1024. Due to the large number of conditions,1233

tabular evaluation is impractical; therefore, results are presented1234

in figure form. Fig. S23 shows the PSNR distribution, while1235

SSIM and FLIP follow the same trend and are omitted for brevity.1236

Each data point is computed from the same 100 images from1237

the DIV2K dataset [64]. Overall, the model maintains stable1238

image quality with low standard deviation across randomly gen-1239

erated propagation distances over a continuous range. About1240

20% of cases show noticeable quality variations, likely due to the1241

limited model capacity when generalizing continuous Z over1242

a wide range (5 mm), which is more challenging than other1243

display–scene parameters and makes adapting to thousands of1244

conditions difficult.1245

C. Generalizing Novel Cases Outside Of Training (Wavelength)1246

As demonstrated in Sec. S17, our model structure effectively1247

adapts to a wide range of wavelengths. In this section, we focus1248

on showcasing the model’s capability for continuous wavelength1249

generalization under the RGB-D condition. Our model can gen-1250

eralize novel wavelength values continously. Empirically, we1251

found that the model has the best performance when the step1252

size between cases is around 5 nm. We trained the RGB-D condi-1253

tion model with the following conditions:1254
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λp ⊆ {(625− 680, 510− 565, 425− 480)} nm,

s ⊆ {1.0}, VD ⊆ {4.0, 8.0} mm,

Z ⊆ {2.0, 10.0} mm, dx ⊆ {3.74, 8.0} µm.

(24)

In this experiment, we consider wavelengths spanning a1255

55 nm range, two propagation distances, two common pixel1256

pitches, and a volume depth up to 4 mm. Wavelength condi-1257

tions are sampled at 5 nm intervals, and the model is trained at1258

a resolution of 640× 640. Given the large number of possible1259

wavelength combinations (a 55 nm range yields 553 = 1663751260

combinations), we evaluate the model on twenty randomly sam-1261

pled novel cases at a test resolution of 1024× 1024:1262

Condition Set (1)1263

λp ⊆ {(641, 546, 478), (668, 547, 461),

(676, 563, 441), (632, 538, 473), (659, 519, 432)} nm,

s ⊆ {1.0}, VD ⊆ {randomized between 4.0 - 8.0} mm,

Z ⊆ {2.0} mm, dx ⊆ {3.74} µm.

(25)

Condition Set (2)1264

λp ⊆ {(661, 558, 433), (628, 554, 480),

(631, 525, 474), (653, 562, 471), (679, 521, 462)} nm,

s ⊆ {1.0}, VD ⊆ {randomized between 4.0 - 8.0} mm,

Z ⊆ {10.0} mm, dx ⊆ {3.74} µm.

(26)

Condition Set (3)1265

λp ⊆ {(668, 518, 426), (628, 510, 444),

(678, 557, 467), (639, 541, 437), (655, 531, 434)} nm,

s ⊆ {1.0}, VD ⊆ {randomized between 4.0 - 8.0} mm,

Z ⊆ {2.0} mm, dx ⊆ {8.0} µm.

(27)

Condition Set (4)1266

λp ⊆ {(659, 523, 454), (663, 562, 466),

(677, 515, 443), (628, 542, 429), (642, 557, 457)} nm,

s ⊆ {1.0}, VD ⊆ {randomized between 4.0 - 8.0} mm,

Z ⊆ {10.0} mm, dx ⊆ {8.0} µm.

(28)

Tbl. S9 shows our model’s performance across twenty test1267

conditions with different randomized RGB wavelengths under1268

various combinations of propagation distance and pixel pitch.1269

The model can take arbitrary wavelengths as the input and1270

maintain consistent image quality over different propagation1271

distances and pixel pitches. Each data in the table is contributed1272

by the same 100 images from the DIV2K dataset [64].1273

D. Effect of Conditioning Range on Quality Stability1274

In the main paper and Sec. S19, we observe quality fluctuations1275

when the model conditions on propagation distances across a1276

wide 5 mm total range (five disjoint 1 mm intervals). To inves-1277

tigate whether reducing the total conditioning range mitigates1278

these fluctuations, we train an RGB-D condition model on a1279

single continuous 1 mm interval from 6–7 mm with all other1280

parameters fixed:1281

λp ⊆ {(644, 519, 468)} nm,

s ⊆ {1.0}, VD ⊆ {4.0, 8.0} mm,

Z ⊆ {6.0− 7.0} mm, dx ⊆ {3.74} µm.

(29)

Fig. 22. PSNR distribution over 100 novel propagation dis-
tances at dx = 3.74 µm. Each point is the mean PSNR over 100
DIV2K test images at a randomly sampled (VD).

The training propagation distance conditions are sampled at1282

0.005 mm intervals within the 6–7 mm range, yielding 200 Z1283

conditions. Combined with two VD values, the total training1284

permutation set contains 400 conditions. The model is trained1285

at a resolution of 512 × 512. For evaluation, we generate 1001286

novel propagation distances randomly sampled within 6–7 mm1287

(approximately 0.01 mm apart), each paired with a randomly1288

sampled VD in [4.0, 8.0]mm. The test resolution is 1024 ×1289

1024, and each data point is the mean PSNR over the same1290

100 DIV2K images [64]. Fig. S22 compares the PSNR distribu-1291

tion of the constrained-range model (1 mm, 6–7 mm) against1292

the corresponding 6–7 mm interval from the wide-range model1293

(5 mm total, five disjoint 1 mm intervals). The constrained-range1294

model achieves a mean PSNR of 25.33 dB with a standard devia-1295

tion of 0.44 dB, compared to 25.13 dB mean and 0.78 dB standard1296

deviation for the same Z interval extracted from the wide-range1297

model. Moreover, the minimum per-condition PSNR rises from1298

22.44 dB to 23.72 dB, indicating that reducing the total condi-1299

tioning range can suppress the quality drops observed in the1300

wide-range setting.1301
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Method Input Display-scene Parameters PSNR^ (dB) SSIM^ LPIPS_ FLIP_ FVVDP^
Mean Std Mean Std Mean Mean Mean

Our Method
(RGB-D condition)

RGB-D

λ: (641,546,478) nm, Z: 10 mm, VD: 4.2 mm, dx : 3.74 µm,
x1.0

25.10 2.52 0.90 0.03 0.43 0.19 7.41

λ: (668, 547, 461) nm, Z: 10 mm, VD: 5.3 mm, dx : 3.74 µm,
x1.0

24.90 2.51 0.89 0.03 0.44 0.19 7.36

λ: (675, 563, 441) nm, Z: 10 mm, VD: 7.1 mm, dx : 3.74 µm,
x1.0

24.58 2.47 0.87 0.04 0.46 0.20 7.24

λ: (632, 538, 473) nm, Z: 10 mm, VD: 5.6 mm, dx : 3.74 µm,
x1.0

24.94 2.50 0.89 0.03 0.44 0.19 7.37

λ: (659, 519, 432) nm, Z: 10 mm, VD: 6.4 mm, dx : 3.74 µm,
x1.0

24.76 2.51 0.88 0.04 0.45 0.19 7.35

λ: (661, 558, 433) nm, Z: 2 mm, VD: 6.9 mm, dx : 3.74 µm,
x1.0

26.11 2.93 0.92 0.04 0.37 0.14 7.87

λ: (628, 554, 480) nm, Z: 2 mm, VD: 4.5 mm, dx : 3.74 µm,
x1.0

27.06 2.99 0.94 0.03 0.34 0.12 8.17

λ: (631, 521, 475) nm, Z: 2 mm, VD: 5.8 mm, dx : 3.74 µm,
x1.0

26.53 2.94 0.93 0.03 0.35 0.13 8.04

λ: (653, 562, 471) nm, Z: 2 mm, VD: 6.1 mm, dx : 3.74 µm,
x1.0

26.35 2.93 0.93 0.03 0.36 0.13 7.96

λ: (679, 521, 462) nm, Z: 2 mm, VD: 7.8 mm, dx : 3.74 µm,
x1.0

25.76 2.94 0.91 0.05 0.39 0.14 7.80

λ: (668, 518, 426) nm, Z: 10 mm, VD: 4.1 mm, dx : 8.0 µm,
x1.0

28.15 3.12 0.95 0.03 0.30 0.12 8.19

λ: (628, 510, 444) nm, Z: 10 mm, VD: 5.7 mm, dx : 8.0 µm,
x1.0

28.27 3.14 0.95 0.02 0.29 0.12 8.23

λ: (678, 557, 467) nm, Z: 10 mm, VD: 4.7 mm, dx : 8.0 µm,
x1.0

28.22 3.14 0.95 0.02 0.30 0.12 8.21

λ: (639, 541, 437) nm, Z: 10 mm, VD: 6.5 mm, dx : 8.0 µm,
x1.0

28.32 3.16 0.95 0.02 0.30 0.12 8.25

λ: (655, 531, 434) nm, Z: 10 mm, VD: 7.3 mm, dx : 8.0 µm,
x1.0

28.35 3.18 0.95 0.02 0.30 0.12 8.27

λ: (659, 523, 454) nm, Z: 2 mm, VD: 4.9 mm, dx : 8.0 µm, x1.0 28.45 3.11 0.96 0.02 0.26 0.11 8.40
λ: (663, 562, 466) nm, Z: 2 mm, VD: 5.6 mm, dx : 8.0 µm, x1.0 28.40 3.13 0.96 0.02 0.26 0.11 8.41
λ: (677, 515, 443) nm, Z: 2 mm, VD: 6.9 mm, dx : 8.0 µm, x1.0 28.29 3.18 0.96 0.02 0.27 0.11 8.40
λ: (628, 542, 429) nm, Z: 2 mm, VD: 7.1 mm, dx : 8.0 µm, x1.0 28.29 3.19 0.96 0.02 0.27 0.11 8.40
λ: (642, 557, 457) nm, Z: 2 mm, VD: 4.6 mm, dx : 8.0 µm, x1.0 28.47 3.11 0.96 0.02 0.26 0.11 8.40

Table 9. Evaluation of RGB-D condition model with random wavelengths and VD values at different pixel pitches,
and propagation distances settings. The test resolution is at 1024 × 1024. The novel cases‘ (outside of training set)
metrics are marked in red.
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Fig. 23. PSNR distribution of our RGB-D condition model across novel propagation distances for three pixel pitches (3.74, 6.4,
8.0 µm). Each panel covers a continuous 1 mm Z interval; each data point is the mean PSNR over 100 DIV2K test images at a ran-
domly sampled novel (Z, VD) pair. The model maintains consistent quality (average PSNR ≈ 26 dB, average std ≈ 1.1 dB) with
isolated drops in roughly 20% of cases, which we attribute to limited model capacity over the wide conditioning range. SSIM and
FLIP distributions follow the same trend and are omitted for brevity.
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Fig. 24. The hardware-captured short propagation result of student model when peak brightness set to 1.0, 1.4 and 1.8. From left
to right: (Image Source of the first example: [Bernard Spragg 2009]) (Image Source of the second example: [LogicalRailfan 2023])
(Image Source of the third example: [Pilettes 2011])
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Fig. 25. The hardware-captured result of RGB-D condition
model on Holoeye LETO-3 (pixel pitch = 6.4 µm) with volume
depth 6 mm. Due to maintenance issue, the result was cap-
tured using a green laser only. (Source Image: [65]).
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Fig. 26. The hardware-captured result of RGB-D condition model on Holoeye Pluto-VIS (pixel pitch = 8.0 µm) when volume depth
set to 4.0 and 8.0 mm. Due to maintenance issue, the result was captured using a red laser only. From top to bottom: (Image Source
of the top example: [33]) (Image Source of the bottom example: [87])

Fig. 27. The hardware-captured long propagation result of student model when peak brightness set to 1.0, 1.4 and 1.8. From left to
right: (Image Source of the first example: [Steve Tatum 2010]) (Image Source of the second example: [LogicalRailfan 2023]) (Image
Source of the third example: [Mike1979 Russia 2014])
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Fig. 28. The simulated and captured short Z distance reconstructions comparison of student model (RGB-only) when peak bright-
nesses are 1.0, 1.4, and 1.8. The volume depth of the results is 4 mm and the propagation distance is 2 mm. The resolution of the
tested hologram is 2816 × 2816. All the photographs are captured at 16.6 ms exposure time (Source Image: [65]).
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Fig. 29. The simulated and captured long Z distance reconstructions comparison of student model (RGB-only) when peak bright-
nesses are 1.0, 1.4, and 1.8. The volume depth of the results is 4 mm and the propagation distance is 10 mm The resolution of the
tested hologram is 2816 × 2816. All the photographs are captured at 16.6 ms exposure time (Source Image: [65]).
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