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Analog and optical computing hardware offers orders-of-magnitude efficiency

gains for AI inference, but exploiting those gains requires running AI work-

loads on such hardware while remaining compatible with the model ecosys-

tem. This combination has proved elusive. Diffusion models, key workloads

in generative AI, present this challenge acutely: their iterative inference is

compute- and energy-intensive, yet prior analog implementations either mod-

ify the model formulation or remain partially digital, limiting compatibility

or efficiency. Our key observation is a fixed-point correspondence between

the physical equilibration dynamics of analog hardware and implicit diffu-

sion inference. We introduce Analog Diffusion Models (ADMs) that exploit

this correspondence to execute diffusion inference fully on analog hardware

while keeping the model and its training conventional and fixed-point-free.

On an iterative analog optical computer with 2,304 programmable weights, we

demonstrate fully analog generation of two-dimensional and latent-space dis-

tributions, with measured convergence times of 10–15 µs per step. Digital-twin

simulations across convolutional and transformer architectures (32M–13B pa-

rameters) show that the algorithm scales: ADMs match standard generation

quality with up to 16× fewer diffusion steps, sufficient to offset the additional

fixed-point iterations per step, preserving system-level efficiency gains. These

results raise the possibility that exploiting structural alignment between hard-

ware dynamics and algorithm requirements, rather than algorithm redesign,

may offer a broader and practical route to realizing analog computing’s effi-

ciency potential across AI workloads.
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Introduction1

Generative artificial intelligence (GenAI) has emerged as one of the most transformative tech-2

nological developments of recent years, with diffusion models (1, 2) becoming the dominant3

paradigm for generating images (3), audio (4), video (5, 6), and scientific data (7, 8). Their suc-4

cess comes at a cost: each sample requires many sequential forward passes to transform noise5

into data, making inference compute-, energy-, and latency-intensive. As these models scale,6

inference accounts for an estimated 90% of energy use in commercial deployments (9).7

Analog and optical hardware seems the natural platform for diffusion inference as it can of-8

fer orders-of-magnitude reductions in latency and energy consumption for the compute-intensive9

matrix multiplications central to AI workloads (10–27). Yet early demonstrations (10,18,20,21)10

expose a persistent gap between hardware-level and application-level gains. Some confine ana-11

log hardware to a small component within a larger digital pipeline, preserving standard model12

and training but limiting system-level benefit (18). Others redesign the generative model around13

hardware constraints (10, 18, 20, 21), sacrificing compatibility with standard training pipelines,14

pretrained weights, and the rapidly improving algorithms of the mainstream ecosystem. In15

either case, hardware-level efficiency does not reach the user.16

This gap is reinforced by a structural lock-in. The community develops and benchmarks dif-17

fusion advances on digital accelerators, so algorithms that map well to dominant platforms are18

the ones optimized and adopted: the so-called hardware lottery (28). Alternative hardware that19

cannot directly leverage these improvements risks irrelevance regardless of its raw efficiency.20

For unconventional computing to deliver on its promise, it must therefore offer application-21

level benefits at inference and remain compatible with the standard diffusion models and train-22

ing pipelines that the broader AI community continuously improves. To date, no system has23

demonstrated both.24

Here, we observe that each implicit diffusion step has the same convergence structure as25

the physical equilibration of an analog feedback loop, allowing the analog system to execute26

2



the diffusion update natively. Building on this correspondence, we introduce Analog Diffusion27

Models (ADMs) and demonstrate the first fully analog execution of diffusion inference while28

keeping the model and its training conventional and compatible with the standard ecosystem.29

While ADM inference may be implemented on a range of analog platforms with suitable30

equilibration dynamics (29–35), here we demonstrate it on an Analog Optical Computer (AOC)31

with 2,304 programmable weights, scaled tenfold from our earlier fixed-point computing plat-32

form (27). The AOC performs fixed-point search entirely in the analog domain by combining33

three-dimensional optics and analog electronics in a feedback loop until convergence (Fig. 1A).34

The fixed-point view relates to prior deep-equilibrium approaches in the digital domain (36–39);35

ADMs differ by requiring no fixed-point search at training, as implicit and standard sampling36

share the same trained denoiser, and by mapping inference onto physical analog hardware.37

Training remains digital: ADMs are optimized using conventional diffusion-model pipelines on38

GPUs. To account for analog-system non-idealities, we train models with a digital twin (DT)39

of the hardware. The DT acts as a task-agnostic, differentiable translation layer that applies40

hardware-specific alterations and corruptions to model parameters and outputs while leaving41

the neural network itself in standard form. Unlike approaches that incorporate hardware-in-42

the-loop training or iterative digital-twin refinement (18,40–42), we employ a single DT whose43

non-model parameters remain fixed across all experiments, eliminating the need for hardware44

evaluations during training and allowing the approach to extend to a wide range of hardware45

implementations, including those unsuitable for backpropagation-based training (40).46

We benchmark ADMs in three settings spanning analog execution, image generation, and47

algorithmic scalability. First, we demonstrate fully analog diffusion steps on hardware using48

diverse two-dimensional distributions (Fig. 1B, Fig. 2A), with measured convergence times of49

10–15 µs per diffusion step. Second, using a latent diffusion framework (43), we execute the50

iterative diffusion process entirely on the hardware, performing only the final decoding step dig-51

itally, to generate MNIST, FashionMNIST, and ExtendedMNIST samples (Fig. 1C). Third, to52
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demonstrate the algorithmic scalability of implicit diffusion sampling beyond the current hard-53

ware prototype, we conduct digital-twin simulations using common backbone architectures,54

including convolutional U-Nets (44) and diffusion transformers (DiT) (45), on high-resolution55

image datasets such as Smithsonian Butterflies, AFHQ, and Oxford Flowers-102. Across ar-56

chitectures, datasets, and model sizes ranging from 32 million to 13 billion parameters, ADMs57

consistently reduce the number of diffusion steps required to reach a given sample quality,58

achieving the same Fréchet Inception Distance (FID) as conventional methods, with up to 16×59

fewer steps. Although each implicit step requires multiple fixed-point iterations rather than60

the single function evaluation of standard explicit sampling, the trade-off breaks even in total61

computation and can reduce total network evaluations by 1–2×. This means that the additional62

fixed-point iterations do not offset the benefit of using fewer diffusion steps, allowing analog63

per-operation efficiency gains to carry through the denoising workload. Combined with pro-64

jected hardware energy gains (Fig. 1E) from next-generation miniaturized implementations,65

these results suggest that matching hardware physics to algorithmic structure, rather than adapt-66

ing algorithms to hardware, may be a more general route to unlocking analog computing’s67

efficiency for AI workloads.68
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Analog realization of fixed-point diffusion steps69

Diffusion models iteratively transform Gaussian noise into samples from a target distribution70

by integrating either a stochastic or an ordinary differential equation (ODE) (46, 47). Here71

we focus on ODE-based diffusion variants, specifically the recently proposed flow-matching72

formulation (47–49). Our method extends directly to other deterministic sampling methods like73

Denoising Diffusion Implicit Models (50).74

While the iterative nature of ODE solvers is conceptually compatible with analog hardware,75

direct implementation faces two mismatches. First, diffusion models integrate their underlying76

ODE over a finite time horizon, typically from t = 0 to t = 1, whereas analog systems evolve77

according to physical relaxation dynamics toward a stationary state, effectively solving the ODE78

as t→∞. Second, early termination at a precise time is generally difficult on analog systems:79

unlike digital implementations with well-defined discrete iterations, many analog platforms (20,80

21,27) evolve through continuous-time dynamics without an intrinsic notion of iteration count.81

To address these issues, we implement the diffusion process using an implicit ODE solver,82

where each step corresponds to a fixed-point search. The choice of ODE solver affects the83

number of steps required to reach a given sample quality (51,52). While conventional diffusion84

solvers employ explicit discretizations of the underlying ODE (Equation 3), ADMs rely on85

an implicit discretization scheme (Equation 4), requiring the solution of a nonlinear system at86

each step. This formulation naturally aligns with equilibrating analog hardware, defining each87

diffusion step as the stable fixed-point of a learned nonlinear transformation conditioned on the88

previous state and diffusion time.89

This formulation avoids the stability limitations of explicit discretizations in rapidly varying90

vector field regimes near the data manifold and pure noise (46). It further provides robustness to91

analog noise, arising from two complementary mechanisms. First, the attractor dynamics of the92

fixed-point iteration make each diffusion step inherently robust to noise (fig. S13B left). Sec-93

ond, the diffusion process itself further suppresses noise, since each denoising step is designed94
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to operate on noisy inputs, with additional analog noise effectively absorbed into the diffusion95

noise (fig. S13B right; C).96

Model parameters are learned using standard diffusion objectives on digital GPUs, without97

fixed-point search during training. Because analog non-idealities affect inference-time behavior,98

in analog models training and inference are inherently coupled: to reflect the non-idealities cor-99

rectly, inference needs to be based on exactly the same operations as training, which in this case100

would require prohibitively costly fixed-point training. We avoid this by capturing these non-101

idealities in the DT and exploiting a duality between explicit and implicit Euler discretization102

schemes. This ensures the competing goal of consistency between training and inference while103

preserving standard training procedures, yet enables implicit ODE discretizations in ADMs that104

are naturally suited to equilibrating analog hardware with inherent noise. Details on methodol-105

ogy and implementation are provided in supplementary materials.106

We demonstrate ADMs on AOC that integrates 3D optical and analog electronic technolo-107

gies in a recursive loop. We use micro light-emitting diode (microLED) arrays, reflective spatial108

light modulators (SLMs) with pixels encoding model weights, and photodetector (PD) arrays,109

leveraging fan-out and fan-in of light in the third dimension to enable inherently parallel, scal-110

able matrix multiplications. Compared to the system presented in (27), our hardware is scaled111

up by a factor of about 10×, to 2,304 programmable optical weights, and has been re-designed112

(e.g. implementing two independent optical paths instead of a single pass to represent positive113

and negative weights simultaneously) to reduce noise, mitigate non-idealities, and minimize114

discrepancies between experimental results and DT (refer to fig.S1 and supplementary materi-115

als A for additional hardware details). Fig. 1A describes the modular design for implementing116

multi-layer diffusion models on non-traditional hardware: each layer of the neural network is117

represented by a module, implementing optical matrix-multiplication and analog non-linearity.118

Multiple modules are connected sequentially through a crossbar analog switch, and the final119

module is connected back to the first to form a closed loop for the implicit scheme. The same120
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principle can be implemented using a single module with one of the blockmatrix structures121

exemplarily shown in the inset. The latter approach has been used in our experiments. Repre-122

sentative 2D distributions generated on hardware are shown on the right. Fig. 1B visualizes the123

diffusion process using hardware results. Each diffusion step consists of a fixed-point search124

(columns). Once converged, the result of the diffusion step is used to condition the next fixed-125

point search (rows). On this system, fixed-point inference for 2D distributions takes 10–15126

µs per diffusion step, governed by the current system bandwidth of 5 MHz (-3dB; fig. S9B).127

Such per-step latencies are expected to be on the order of tens of nanoseconds in future hard-128

ware generations with target modulation speeds of a few GHz and centimeter-scale hardware129

footprints (11, 53).130

Fig. 2A presents samples from a diverse set of 2D distributions generated on the same131

hardware, showing that analog fixed-point search reliably implements diffusion steps despite132

hardware noise and device nonidealities. Across the 2D target distributions, the hardware re-133

sults closely match the DT results, with a per-step normalized root mean square error (NRMSE)134

around 10−2 (fig. S10C). For quantitative benchmarking, we compare distributional discrepan-135

cies of the generated distributions to the target distribution with those of a Gaussian distribution136

used as a metric reference (Fig. 2B and C; Supplementary Section H for metric definitions). In137

all cases, our results significantly improve over the Gaussian reference. To reduce remaining138

stochastic errors, we average results either across multiple experimental runs (fig. S7A) or over139

convergence windows (fig. S7B), which yields stable outputs. Due to the noise robustness, five140

repetitions corresponding to convergence window of 0.2 µs is sufficient.141

Latent ADMs on hardware142

Following the state-of-the-art in diffusion modeling, we employ a latent diffusion framework143

(43), performing the diffusion process in the latent space of a variational autoencoder (VAE).144

At training time, an ADM learns the latent space distribution of the VAE-encoded data. At145
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inference time, the latent ADM is evaluated on the hardware and the final result mapped to146

the data space using the VAE decoder (Fig. 3A). The diffusion process runs entirely in the147

analog domain, while only the final decoding step remains digital. In latent diffusion at scale,148

energy consumption is dominated by the iterative diffusion process in latent space, whereas149

VAE decoding is a single one-time operation, making the diffusion process the key bottleneck150

and particularly well suited for analog hardware acceleration. The all-analog nature of our151

diffusion process is in contrast to prior optical diffusion work (19), where a large digital decoder152

network is employed in every diffusion step, leaving only a small fraction of the diffusion153

process to be implemented in the optical domain.154

Using the latent ADM approach we generate samples from the canonical MNIST, FMNIST155

and EMNIST datasets. Fig. 3B compares samples generated with ADM on the AOC hardware156

with those obtained using ADM on the DT and a standalone VAE (VAE-alone). Results show157

that ADMs (hardware) substantially outperform the VAE-alone baselines qualitatively (Fig. 3B)158

and quantitatively, yielding lower FID in the data space (Fig. 3C) and lower distributional159

discrepancies in the latent space (Fig. 3D). Figure S8 provides additional representative results160

for EMNIST, showing the evolution of the ADM (hardware) samples across diffusion steps and161

the robustness to analog noise across trials and time intervals. Figure S14 further shows close162

correspondence between the latent distributions generated by the hardware, the DT and the163

ground truth on MNIST. These benchmarks demonstrate that latent ADMs provide a hardware-164

compatible pathway for high-dimensional generative modeling with our prototype hardware,165

enabling high-fidelity image synthesis while confining all iterative diffusion computations to166

the analog domain.167

ADMs at scale on the digital twin168

We next evaluate algorithmic scaling beyond the present AOC hardware. In DT simulations,169

we test the implicit sampling scheme of ADMs on multiple high-dimensional image datasets170

8



comprising Smithsonian Butterflies, AFHQ, and Oxford Flowers-102, and across a range of171

model architectures. These include convolutional U-Nets, DiT, and a scaled-up DT of our ana-172

log hardware without non-idealities. In addition to the implicit Euler scheme discussed so far173

(labeled as Implicit), we investigate the Crank-Nicolson solver (Implicit-CN), an implicit vari-174

ant that combines the implicit update with an additional explicit model evaluation, enabling175

direct compatibility with our hardware (see supplementary materials). We compare these ap-176

proaches with the explicit Euler scheme (Explicit) employed in state-of-the-art models (6, 54).177

We consider 256×256 image generation with model sizes ranging from 32 million to 13 billion178

parameters, training in the Stable Diffusion VAE latent space (6) and decoding generated la-179

tents with TAESD for the 32–100M models or with the Stable Diffusion VAE decoder for the180

13B setting. All our models are trained using the standard flow matching objective without loss181

weighting or rectification steps. For each experiment the same model is evaluated with different182

schedulers. Architectural details and training hyperparameters are provided in Supplementary183

Section F.3.184

Across datasets and backbone architectures, implicit sampling consistently outperforms ex-185

plicit sampling in the low-step regime, while converging to the same asymptotic sample quality186

as the number of diffusion steps increases (Fig. 4A). For example, on Oxford Flowers-102 us-187

ing a U-Net backbone, the implicit sampler, and similarly Implicit-CN, achieves an FID of 26.1188

using only 8 diffusion steps (with 4 fixed point iterations per step), outperforming the explicit189

variant with 128 steps (FID 30.2), corresponding to a 16× reduction in steps and 4× reduction190

in total neural network evaluations (algorithmic improvement), see middle graph in Fig. 4A.191

On Smithsonian Butterflies, both implicit variants reduce diffusion steps by 4× compared with192

explicit sampling, corresponding to up to a 2× reduction in total network evaluations, see left193

most graph in Fig. 4A. On AFHQ with DiT, the implicit sampler shows no advantage. This194

is explained by the stability of the fixed-point search. Stable convergence imposes a lower195

bound on the number of diffusion steps, Tmin, which scales with the Lipschitz constant of the196
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learned vector field v, Tmin ∼ Lip(v), see Theorem 1 in supplementary materials. In the case197

of AFHQ with DiT, this constraint limits the effectiveness of basic implicit methods. Here,198

the Crank–Nicolson variant, Implicit-CN, provides a more favorable trade-off. As a second-199

order method with O(∆t2) global error, compared to O(∆t) for explicit and implicit Euler, it200

improves accuracy at larger step sizes, while its fixed-point formulation admits a more relaxed201

stability condition, with Tmin,CN ∼ 2×Lip(v). On AFHQ, where the Implicit scheme is unstable202

at low diffusion step counts, Implicit-CN restores stable fixed-point convergence and recovers203

the efficiency gains of implicit sampling. This yields an up to 8× reduction in diffusion steps,204

comparing 8 steps of Implicit-CN (FID 19.3) with 64 steps of Explicit (FID 19.6) and 1-2×205

reduction in total neural network evaluations, see most right graph of Fig. 4A.206

Fig. 4B shows qualitative samples comparing implicit variants (Implicit for Smithsonian207

Butterflies and Oxford Flowers-102, and Implicit-CN for AFHQ) with the explicit Euler scheme208

at low diffusion step counts across datasets and architectures. For the same number of steps,209

implicit sampling yields sharper images with clearer structure and greater sample diversity,210

whereas the explicit baseline exhibits noticeable blur and loss of detail. These qualitative dif-211

ferences are consistent with the corresponding improvements observed in FID.212

Considering the total operation count as diffusion steps times fixed-point iterations per step,213

even where the total is comparable, implicit solvers concentrate computation into fixed-point214

iterations that are cheaper on analog hardware, yielding a net energy advantage. Fig. 4C shows215

FID versus projected energy for different implicit solver configurations on the butterfly dataset216

compared to conventional explicit Euler sampling on digital hardware, each for 8, 16, 32, 64,217

128 diffusion steps respectively. A detailed examination of these projections is deferred to the218

Discussion.219

Figure S2 shows that implicit samplers approach convergence with as little as two fixed-220

point iterations; more iterations can improve the results especially for small numbers of diffu-221

sion steps but show diminishing improvement for 8 and more steps. In particular for eight or222
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more diffusion steps implicit sampling with two iterations yields similar or better results than223

a higher order Heun sampler, which is a commonly used best practice (51) and uses the same224

number of function evaluations. Additional qualitative results are presented in fig. S3, S4, S5.225

Finally, Fig. 4D and fig. S6 qualitatively show that the implicit paradigm can be beneficial226

even for highly optimized state-of-the art models. We use FLUX.1 (54), a 13 billion param-227

eter text-to-image diffusion model. As a rectified flow model optimized for few-step explicit228

Euler sampling, the model produces high quality results already at 5 explicit steps. To explore229

a possible advantage of implicit methods we thus reduce the number of steps to 2. The stan-230

dard implicit scheme does not converge at such low step counts, as per previous discussion.231

However, Implicit-CN achieves robust fixed-point convergence: with 2 diffusion steps and 4232

fixed-point iterations, it significantly improves sample quality, producing sharper fine-grained233

details. These initial findings underline the generality of the approach, extending beyond con-234

trolled experiments to industry-grade diffusion models.235

Discussion236

We introduce ADMs and experimentally demonstrate fully analog diffusion steps on an ana-237

log optical computer. ADMs exploit a correspondence between the equilibration dynamics of238

analog feedback systems and the fixed-point structure of implicit diffusion inference. This cor-239

respondence avoids the training burden typically associated with fixed-point models such as240

deep equilibrium models, while harnessing the energy efficiency of analog fixed-point dynam-241

ics. Efficiency is gained without redesigning the model and without forfeiting the pretrained242

weights, training pipelines, and continually improving algorithms of the mainstream ecosys-243

tem. We combine prototype hardware experiments with DT simulations to test algorithmic244

scalability beyond the present hardware scale. The projected end-to-end energy gain of ADMs245

on analog hardware, relative to explicit sampling on digital accelerators, depends on four fac-246

tors: the per-operation hardware efficiency, the reduction in diffusion steps, the number of247
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fixed-point iterations per step, and, when latent-space scaling is used, the cost of a final digital248

decoder. Analog optical hardware is estimated to reach femtojoule-scale energies per opera-249

tion (12, 25–27); here we use a conservative 100× advantage relative to current digital accel-250

erators. Implicit sampling reduces the number of diffusion steps by up to 16× compared with251

explicit sampling, while each implicit step requires multiple fixed-point iterations, yielding a252

net 1-2× reduction in total network evaluations. For generation within the hardware’s native253

resolution, where no digital decoder is required, the full 100× per-operation advantage should254

be preserved. For higher-resolution generation through standard latent-space scaling, a final255

digital decoding step is added; this decoder overhead reduces the projected end-to-end gain to256

26× in our representative Smithsonian Butterflies setting (Fig. 4D). A detailed breakdown is257

provided in supplementary materials section B.258

Realizing these projected energy gains for industrial and scientific applications requires ana-259

log hardware that matches the scale and precision requirements of modern generative models.260

Advances in low-bit and quantized inference on digital hardware (55) are expected to carry over261

to analog implementations, further increasing their efficiency. Scaling is particularly critical for262

high-dimensional image generation tasks, which demand millions or billions of weights. Sig-263

nificant progress has recently been demonstrated in this direction (11, 14), but planar optical264

approaches (11,14,17,25) remain limited by chip reticle size, as routing and computation share265

the same plane. In contrast, the AOC hardware we used for the ADM implementation leverages266

the third dimension to separate computation from data routing, enabling improved scalability.267

Each SLM pixel can serve as an individual weight modulator, with a footprint that is several268

orders of magnitude smaller than in planar alternatives. Off-the-shelf SLMs support up to four269

million µm-scale pixels per panel, enabling million-weight modules that can be replicated to-270

ward the 100-million-weight regime. Emerging metasurface modulators, which promise 9.5271

million pixels with microsecond-scale refresh rates (53), could extend this range further.272

Diffractive systems achieve millions of parameters and have enabled impressive demonstra-273
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tions for tasks with fixed or infrequently updated weights (10,56). Workloads that require repro-274

grammable weights, including support for different models, pretrained weights, and an evolving275

algorithmic ecosystem call for a complementary form of generality. Vector-matrix architectures276

provide this generality by implementing matrix multiplication directly as a computational prim-277

itive, with weights that can be electronically updated and reused across models without refab-278

rication. This capability requires a modulator for each weight and three-dimensional optical279

fan-in and fan-out for all-to-all connectivity, so reprogrammable systems, ours included, cur-280

rently operate at smaller scale and in larger volumes (19,26,27,57). Our 2,304-weight system is281

representative of the currently demonstrated scale of this all-to-all connected reprogrammable282

regime. The central scaling challenge for this class of systems is therefore not simply how283

many elements can be accommodated, but whether the optical stack can be compacted while284

preserving the generality that motivates the architecture. Meeting it will require full integration285

within centimeter-scale volumes.286

The modular design in Fig. 1A targets 100 million weights by distributing optical matrix-287

vector multiplications over replicated modules (see supplementary materials section B for scal-288

ing, latency and energy estimates). At this scale, the system supports below 58×58 RGB im-289

ages directly in pixel space without requiring a digital decoder. Higher resolutions can be290

achieved through standard latent scaling, where all iterative denoising remains analog and only291

a final digital decoding step is added, as demonstrated in our Smithsonian Butterflies setting292

(256×256 RGB). The task-agnostic DT calibration procedure should scale without method-293

ological changes (see supplementary materials Section A.3); the use of incoherent illumination294

and detection, which are inherently insensitive to phase drift and path-length variations (see295

supplementary fig. S15 for representative stability measurements), supports stability and repro-296

ducibility at scale. Measured hardware noise and DT simulations under corresponding noise297

conditions further show the noise-suppressing properties of fixed-point search and diffusion de-298

noising (fig. S13). Finally, realizing full hardware efficiency requires analog memory such as a299
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sample-and-hold circuit to avoid digital conversions between diffusion steps.300

Overall, the results presented here point toward a new trajectory for GenAI. As inference301

energy becomes a growing constraint on the deployment of AI at scale, we anticipate that align-302

ing algorithmic structure with hardware physics, rather than adapting algorithms to hardware,303

may offer a general route to translating the per-operation efficiency of analog computing into304

system-level gains without sacrificing ecosystem compatibility.305
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Supplementary Materials398

Materials and methods399

A Analog hardware platform400

A.1 Hardware implementation401

Experiments were conducted on an analog optical computing platform comprising 2,304 pro-402

grammable weights implemented through 3D optical matrix multipliers integrated with channel-403

wise analog electronic nonlinearities in a recursive architecture (fig. S1). A photograph of the404

analog optical hardware, used to generate all the experimental datasets is shown in fig. S1D,405

with key components highlighted in fig. S1B. A schematic diagram of the optical subsystem406

is provided in fig. S1C. The system comprises a microLED source array, two SLMs, two PD407

arrays, and an imaging system.408

The platform operates through a sequence of fixed-point iterations, each comprising three409

steps: nonlinear activation, matrix multiplication, and summation with fixed bias, time-embedding,410

and conditioning voltages. The same weights are reused at every iteration, following an in-411

memory computing style. The system runs until the signals stabilize, reaching a fixed point412

for each respective diffusion step. Finally, the voltages are recorded using a 48-port digitizer413

(Spectrum M2p.5913). Each fixed-point iteration implements Equation 5. The term σ(zk) is the414

channel-wise tanh nonlinearity, realized in analog electronics by bipolar differential pairs. The415

product Wσ(zk) is computed optically: σ(zk) drives the microLED array (encoding as light in-416

tensities), W is encoded on the SLM pixels, and the column-wise photodiode summation yields417

the matrix-vector product as voltages. The conditioning terms b + te + pad(x) are injected as418

additive voltages, which is a constant vector per diffusion step. During each fixed-point itera-419

tion, the system state vector zk switches back and forth between optical and analog electronic420
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forms.421

MicroLED source array zk transitions from analog electronic voltages to light intensities via422

a custom-fabricated microLED source array consisting of 48 independently addressable chan-423

nels, each comprising four green emitters arranged in a 4 × 48 layout. The emitters are struc-424

turally identical to display-grade microLEDs and are operated in parallel within each channel425

to distribute optical power. The 4×48 layout is chosen to increase per-channel optical power,426

with four emitters fanning into each row of 48 weight elements. Images of the array under427

an inspection microscope and projected onto a camera are shown in fig. S1B and fig. S9C; a428

camera image of the LED spreader is shown in fig. S9D.429

Optical matrix multiplier Light emitted by the sources (peak wavelength 503 nm at 20 mA)430

is collected by an objective lens and imaged onto the SLMs through a combined 4F system431

formed by the objective and lens groups. The weight matrix W is encoded onto reflective SLM432

pixels; light from each microLED fans out across a row of the SLM for element-wise multi-433

plication, and the resulting signals are summed column-wise by a one of the 1 × 48 PD array434

as electrical voltages. Weights are trained as continuous float32 values with no quantization435

applied. Prior to hardware inference, a post-training quantization pipeline normalizes and re-436

laxes the weights before encoding them as asymmetric 9-bit integer matrices for the hardware.437

The SLM plane has a pixel pitch of 8.5 µm and a fill factor of 92%; a camera image of the438

SLM plane is shown in fig. S9E. The microLED pitch at the SLM is 193 µm. The normalized439

response of one SLM as a function of gray value is reported on the top of fig. S9A; both SLMs440

exhibit comparable performance.441

The present implementation introduces three key modifications relative to our prior plat-442

form (27). First, the spreading lens is replaced with a Thorlabs LJ1567L1-A to accommodate443

the approximately tenfold increasee in the number of weights. Second, the optical paths cor-444

responding to positive and negative weights are spatially separated rather than interleaved, to445
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reduce optical crosstalk between the two paths. Third, a cylindrical merging lens (Thorlabs446

LJ1638L1-A) is placed in front of each PD array. This lens compresses the vertical extent of447

the SLM image on the detector while preserving its horizontal magnification. The image of the448

reflective SLM is then out of focus in the vertical direction, but this is not a problem as we only449

require summation of these signals.450

Analog electronics The nonlinear activation is implemented using bipolar differential pairs.451

The custom electronic control circuitry, implemented using off-the-shelf surface-mount com-452

ponents on printed circuit boards, is described in detail in Supplementary Material B.2 (27). In453

the current prototype, the inter-step conditioning operation (a per-channel affine transform) is454

performed digitally between diffusion steps and applied as voltages injected at the subsequent455

diffusion step (corresponding to the additive conditioning term b+te+pad(x) in the ADM equa-456

tion; see fig. 1B for a schematic). All iterative denoising updates within each diffusion step457

are executed in the analog domain. Fully analog state propagation across diffusion steps would458

require analog memory together with programmable gain and offset. Such analog memory can459

be implemented using a sample-and-hold circuit.460

Bandwidth The end-to-end bandwidth of the optical subsystem, measured with the microLEDs461

driven at 10 mA, is reported in fig. S1B, using a Keysight Technologies E5061B network anal-462

yser. The tested signal was injected at the LED driver board, propagated through the full optical463

subsystem, and detected at the PD end. The PD output was routed to a breakout board for the464

measurement. The -3 dB cutoff point occurs at 5 MHz, which reflects the combined response of465

the microLEDs, PDs, and associated electronic circuitry, and sets the upper bound for analogue466

iteration speed in the current hardware configuration.467
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A.2 Sampling and experiment workflow468

Waveforms were measured with a sampling rate of 4.6875 MHz. Each experiment captured469

90 samples, corresponding to a total acquisition window of 19.2 µs. The fixed-point search470

remained entirely in the analog domain during this interval. Samples were collected between471

68% and 93% of the solve time, which translates to a time window from 13.1 µs to 19.7 µs.472

This range ensures that equilibrium dynamics are captured after initial transients but before full473

convergence. Once sampled, readout voltages were linearly converted to solution variables.474

Voltages were averaged over 100 experiment for figures in the main text; averaging over 5475

experiments shows comparative generation quality (see fig. S7 for 2D distributions and fig.476

S8CD for latent tasks).477

A.3 DT calibration procedure and accuracy478

The DT is calibrated in two stages: an open-loop calibration that identifies component-level479

hardware parameters, and a closed-loop calibration that refines system-level dynamics. In the480

open-loop stage, we measure the behavior of each physical block—electrical offsets and noise481

characteristics, the analog nonlinearity, microLED input efficiency, SLM response, photodi-482

ode gain and crosstalk, and polarization-beam-splitter leakage—using dedicated experiments483

designed to isolate each contribution. Together, these component-level effects comprise the484

principal hardware nonidealities discussed in the ADM methodology; characterizing them en-485

ables defining the initial parametric form of the DT. To capture remaining linear distortions, we486

perform an open-loop OVMM sweep over 100 random weight matrices, 6 input vectors, and487

7 values of the gradient gain β (which scales the optical signal applied to the Wσ(z) term in488

Equation 5), and fit output-correction vectors. Across 4200 open-loop experiments, the mean489

NRMSE was 0.015 (fig. S10A). This modular calibration workflow is general in structure and490

is intended to be adaptable, in principle, to other analog computing platforms comprising linear-491

nonlinear building blocks. Each channel is characterized through automated experiments that492
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sweep input and output channels independently, with the weight matrix partially or fully acti-493

vated to isolate individual channel responses. Since the sweep drives input and output channels494

independently, the characterization procedure generalizes to larger systems without method-495

ological changes. Per-channel DT accuracy is a property of the hardware platform rather than496

the model or workload. The incoherent LED sources preclude inter-channel optical interfer-497

ence, making it relatively stable and reproducible across operating conditions (see fig. S15498

for representative stability measurements). This suggests that per-channel DT accuracy is not499

expected to degrade as the hardware scales up.500

In the closed-loop stage, we validate and adjust the DT under recurrent operation. Using501

1000 experiments that span random weight matrices, channel-wise nonlinear coefficients, and502

realistic β configurations, we refine a small set of global scaling parameters: the gains on the503

gradient, input, and the α skip connection term described in Equation 10, along with residual504

offsets. This yields a digital model that accurately reproduces the hardware’s equilibrium tra-505

jectories across configurations used in the diffusion experiments. Mean NRMSE across 1000506

closed-loop experiments was 0.009 (fig. S10B).507

To further quantify accuracy during diffusion inference, we measure the per-step NRMSE508

for each diffusion step by comparing the hardware output of a single denoising update against509

its corresponding DT evaluation (fig. S10C for 2D tasks, and fig. S10E for latent-space tasks).510

Aggregating results across multiple 2D diffusion tasks yields a mean per-step NRMSE of 0.013,511

while across multiple latent-space experiments achieve a mean NRMSE of 0.01.512

Because the diffusion model is trained under the assumption of ideal correspondence be-513

tween analog and digital execution small per-step discrepancies accumulate along the sampling514

trajectory. We therefore also report the accumulated NRMSE relative to the DT as a function515

of diffusion step index fig. S10D and fig. S10F. Although the accumulated error increases with516

depth, it remains within a range compatible with successful generation across all 2D and latent517

benchmarks.518
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Finally, we observe systematic differences between the error distributions in 2D and latent519

experiments. This likely reflects the general calibration strategy of the DT, whose parame-520

ters are fitted using random weight matrices rather than optimized for task-specific operating521

regimes, promoting generalization across workloads.522

A.4 Sensitivity to DT-hardware mismatch523

To assess how much DT–hardware mismatch can be tolerated before inference quality degrades,524

we perform a perturbation study on the digital twin. We apply multiplicative perturbations of525

magnitude ε in [0, 20%] independently to four error modes: the skip connection gain α, the gra-526

dient gain β, the inter-step conditioning vector b+te+pad(x), and a per-iteration output gain. In527

each case the perturbation is applied uniformly across all 48 channels as a multiplicative factor528

(1 ± ε). Figure S12 summarizes the results. The system is most sensitive to iteration gain and529

conditioning perturbations, while α and β perturbations produce comparatively modest degra-530

dation. An asymmetry is observed between positive and negative perturbations: amplification531

(+ε) erodes the contraction mapping property and can cause divergence, whereas attenuation532

(−ε) preserves contractivity and degrades output quality more gradually.533

A.5 Noise534

Noise in the hardware arises from LED relative-intensity noise, photodetector shot and thermal535

noise, electronic dark noise, and temporal fluctuations in the optical weights. Among these,536

SLM phase flicker dominates, causing time-varying perturbations to the effective weight ma-537

trix. fig. S9A shows the measured output-voltage distributions across grey levels in an open538

loop experiment. Since this measurement is taken at the end of the optical subsystem, primarily539

driven by the SLM flicker, and represents the effective noise injected into the computation. We540

further measure the hardware noise across gain settings, with each noise distribution character-541

ized from 1,120,000 samples (fig. S13A). The observed range defines the per-iteration noise542
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levels used in the DT simulations.543

We then evaluate inference under corresponding Gaussian perturbations. Using an exemplar544

2D distribution, the DT simulations provide intuition for how noise affects implicit diffusion545

inference. The comparison between diffusion step 0 and the final diffusion step suggests that546

the diffusion process itself provides some tolerance to per-iteration noise. The same simulations547

also illustrate a compute–noise trade-off: increasing post-convergence fixed-point averaging548

reduces NRMSE, allowing higher noise levels to be tolerated at the cost of additional analog549

iterations (fig. S13B,C).550

We next evaluate the implications of noise for image generation and energy cost using551

Smithsonian Butterflies, Oxford Flowers-102, and AFHQ on DT. For each dataset, architec-552

ture, and noise level, we first sweep the diffusion-step count until 128 steps for explicit sam-553

pling and use the best FID obtained as the digital baseline. We then sweep both the number554

of implicit diffusion steps and the number of fixed-point iterations per step. Increasing the555

number of fixed-point iterations generally improves FID, consistent with iterative refinement556

toward the fixed point, but this improvement comes at an energy cost. We therefore identify557

operating regions that maintain competitive FID while preserving projected analog-hardware558

energy-efficiency gain, with the energy model described in supplementary materials section559

B. Across datasets and architectures, the preferred operating point depends on both the noise560

level and the decoder/backbone cost: some settings retain substantial energy gain with little561

degradation in FID, whereas others require more fixed-point iterations and therefore reduce the562

end-to-end advantage (fig. S13D,E).563

Consistent with these simulations, experimental trial-wise averaging increases generation564

quality. Fig. S7A shows that averaging over five repeats improves the per-step NRMSE from565

4.1×10−2 to 1.9×10−2 for 2D experiments, and negaligible improvment beyond 5 averages for566

all datasets (fig. S7A and fig. S8CD). Because the dominant noise source in this case is SLM567

flicker, the averaging cost is not fundamental. If measurements are synchronized to the SLM568
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flicker, its temporal waveform could be incorporated into the DT, potentially reducing the need569

for experimental averaging.570

B Scaling, latency and energy estimations571

For a module realizing weight count N , because the accumulate operations are performed pas-572

sively in the optical domain, while the main power-consuming optoelectronic components are573

the
√
N source drivers and

√
N detector channels, the dominant energy per operation scales as574

N−1/2.575

The prototype used here implements N=2,304 programmable weights, each weight encoded576

on multiple SLM pixels. The architecture scales along two axes. First, on hardware, the per-577

module weight count N is bounded by the number of addressable pixels of the SLM, so a single578

module can grow toward 4M weights using off-the-shelf modulator arrays. A modular design579

reaches larger models by partitioning the vector-matrix multiplication into blocks, assigning580

each block to one of M identical modules and combining the partial sums in analog electronics,581

so that Ntot = MN/2, where the factor of two accounts for encoding positive and negative582

weights separately. (27) proposes a Ntot=100M system comprising N=4M weights per module583

and M=50 modules. The 2000 input variables in such settings are targeted at 2cm die size584

and 2GHz speed, corresponding to tens of nanoseconds timescale per fixed-point search. Total585

power estimating accountering for optics, electronics, analog-to-digital conversion and digital-586

to-analog conversion, as well as memory read/write operations is estimated to be in the order587

of 806.5W, hence 495 TOPS/W. For comparison, an NVIDIA A100 provides 2.08 TOPS/W588

for dense INT8 tensor operations and 4.16 TOPS/W with structured sparsity, using the 300 W589

power envelope. The GPU simulations in this work use FP16, for which the corresponding590

peak efficiency is 1.04 TFLOPS/W. We therefore use a conservative normalized efficiency ratio591

of ϵhw/ϵgpu=100, where ϵhw and ϵgpu are the corresponding energy efficiencies of the analog592

hardware and GPU.593
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To estimate the supported image resolution, we consider a neural-network implementation594

in which each layer is distributed across multiple hardware modules or mapped within one595

SLM displaying a tiled block-matrix structure (Fig. 1A). We denote the ratio of activated596

weights by η. For a K-layer network with input/output dimension dz and hidden width di,597

the number of active weights can be approximated as ηNtot = 2dzdi + (K − 2)d2i , hence598

dz = (ηNtot − (K − 2)d2i )/2di. Let R be the side length of the generated image in pixels,599

Cin the number of generated channels, and c the output-space expansion factor. The supported600

resolution satisfies R2Cin ≤ cdz, and therefore R2 ≤ c(ηNtot− (K − 2)d2i )/2diCin. For exam-601

ple, the no-compression case is c=1, and with η=1, Cin=3, Ntot=100M, the maximum possible602

latent dimension is dz=10,000, giving R <58.603

Standard latent-space operation provides a second route for higher image resolutions. A604

diffusion model acting in the latent space of a VAE with per-axis spatial downsampling factor f605

and Cz latent channels processes vectors whose dimension is reduced by c = f 2Cin/Cz relative606

to pixel space, with Cin = 3 for RGB images (43). The value of c depends on the autoencoder.607

The frozen Stable Diffusion VAE (f=8, Cz=4) gives c=48 (6), the FLUX VAE (f = 8, Cz = 16)608

gives c = 12 (54). In our Smithsonian Butterflies generation setting, c=48 and Ntot=58M. The609

Mixer-L/4 operates on a dz=4,096-dimensional latent (Cz = 4, spatial 32×32), which is decoded610

into 256×256 RGB images. The fixed-point iterations still run on analog hardware, and realizing611

this latent leverage adds a single digital decoding step at the end.612

When c=1 and no final decoding layer is used, the energy efficiency of the analog hardware613

is fully preserved. If a final digital decoding layer is used to improve generation capability,614

the end-to-end energy consumption is Ehw,e2e = Fdenoise/ϵhw + Fdecode/ϵgpu, where Fdenoise615

and Fdecode are operation counts required for denoising and decoding, respectively. We define616

ρ = Fdecode/Fdenoise, where Fdenoise = TnfpntokηNtot, T is the number of diffusion steps, nfp617

is the number of fixed-point iterations per diffusion step, and ntok is the architecture multiplier,618

defined as the number of multiply-accumulate operations per forward pass normalized by Ntot.619
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The effective energy efficiency that considers this final digital decoder is (1 + ρ)/(1/ϵhw +620

ρ/ϵgpu). Thus, ρ quantifies the penalty from the digital decoding stage: when ρ approaches 0,621

the end-to-end efficiency gain approaches raw analog hardware efficiency gain, whereas when622

ρ is large, the digital decoder dominates. The decoding workload is Fdecode = γR2, where γ is623

the number of decoder multiply-accumulate operations per output pixel. Thus, the realized end-624

to-end gain is architecture dependent. The decoder factor γ is set by the decoding architecture:625

for example, the Stable Diffusion VAE requires approximately 9.46M FLOPs per output pixel,626

whereas TAESD requires approximately 0.539M FLOPs per output pixel. The factor ntok scales627

with the sequence length of the denoising model; for example, ntok=256 for DiT-S/2, 64 for628

Mixer-L/4, and 1 for a plain multilayer perceptron. Across various settings, ρ can range from629

0.01 to order unity, so the digital decoder can be either a small correction or the dominant630

bottleneck. In our Smithsonian Butterflies generation setting, using a TAESD decoder and631

Mixer-L/4 denoiser with Ntot=58M, ntok=64, we obtain ρ ≈0.037 for the explicit baseline at632

diffusion step Tb=128, which gives FID=28.0. The implicit setting reaches comparable quality,633

FID=27.8, with 16 diffusion steps and two iterations per step, yielding an effective gain of634

(Tb + Tbρ)/(Tnfpϵgpu/ϵhw + Tbρ) ≈26.635

C Flow matching and definitions636

Sampling from a flow-matching based diffusion model corresponds to integrating the ODE637

d

dt
x(t) = fθ(x(t), t), x(0) = x0, (1)

from t = 0 to t = 1, where x0 ∼ N(0, I) is a sample from a multi-variate Gaussian and in our638

case fθ : Rd × R+ → R
d denotes a time-conditional, K-layer feedforward neural network of639
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the form640

fθ(x, t) =
(
LK ◦ · · · ◦ L1

)
(x, t), Li(x, t) = Wiσ(x) + bi + tei. (2)

Each layer is a map Li : R
di−1 × R+ → R

d, with weight Wi ∈ R
di×di−1 , bias bi ∈ R

di , and641

time embedding vector ei ∈ R
di , i = 1, . . . , K, and d0 = dK = d. The trainable model642

parameters are θ := {W1, b1, e1, . . . ,WK , bK , eK}. A common ODE solver is the explicit Euler643

discretization, which for a fixed number of steps T = 1
∆t

iterates the update644

xt+∆t = xt +∆t fθ(xt, t). (3)

In contrast the implicit Euler scheme uses the implicit update rule645

xt+∆t = xt +∆t fθ(xt+∆t, t+∆t), (4)

which, as xt+∆t appears on both sides, requires solving a system of non-linear equations at each646

step. Importantly, both updates use the same operator Eulerxt,t,∆t,θ(z) := xt + ∆t f(z, t; θ)647

merely evaluated at different t ∈ [0, 1] and z ∈ R
d.648

D ADMs: Methodology649

An analog feedback system relaxes to a physical equilibrium, and an implicit diffusion step is650

likewise specified by a fixed-point condition. ADMs make this correspondence practical by651

embedding the network in Equation 2 into a higher-dimensional analog state space R
n, where652

the computation is implemented by repeated application of a fixed update map. The map is653

evaluated explicitly during training (Equation 3) and implicitly by a fixed-point search during654
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inference (Equation 4) We denote by655

ADMx,t;θ(z) = Wσ(z) + b+ te+ pad(x) (5)

the ADM operator, a re-parameterization of the update implemented by AOC, where z ∈ R
n

656

is the internal AOC state, b, e ∈ R
n are concatenations of biases bi and time embeddings ei657

respectively, and pad(x) := (x, 0, . . . , 0)⊤ ∈ R
n embeds the diffusion state x ∈ R

d into the658

analog state space R
n. AOC iterates this update until convergence to a fixed-point z∗ ∈ R

n,659

with ADMx,t;θ(z
∗) = z∗.660

The purpose of the digital twin is to incorporate the non-idealities expected at inference661

time during training. However, this makes it crucial that training and inference rely on the same662

update operator. The below construction of the ADM operator ensures this property.663

Blockmatrix layout Multi-layer ADMs can be implemented either combining multiple AOC664

systems in a modular way (Fig. 1A), where all modules participate in a shared recurrent loop,665

or by using a single AOC system with the block structure shown in the bottom of Fig. 1A666

(implicit). Both implementations are mathematically equivalent and we will focus on the latter667

in the following.668

The block-structured matrix W and bias b of ADMs are constructed such that successive669

applications of the ADM operator correspond to cycling the signal through the layers of the670

network. Specifically, with each application of the ADM operator the signal gets propagated671

down the state and the output of the last layer gets fed back to the top. For ∆t = 1
T

we define672
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θ(∆t) = {W∆t, b∆t, e∆t} with673

W∆t =















0 0 · · · 0 ∆tWK

W1 0 · · · 0 0

0 W2
. . . 0 0

...
. . .

. . . 0
...

0 0 · · · WK−1 0















, b∆t =















∆t bK

b1

b2
...

bK−1















, e∆t =















∆t eK

e1

e2
...

eK−1















,

(6)

as well as pad(x) = (x, 0, . . . , 0)⊤ ∈ R
n.674

Training Setting ∆t = 1 at training time, after K applications of the ADM operator, the675

first d components (defined as [·]:d) of the AOC state recover the network output. In contrast to676

evaluation in the hardware which always iterates the operator until convergence to a fixed-point,677

during training on GPU using the DT we can evaluate the system after a finite number of ADM678

iterations. This means at training time we can evaluate the model explicitly via679

fθ(x, t) =
[

(ADMx=0,t;θ(1))
K(x)

]

:d
, (7)

where ADMK denotes K applications of the ADM operator, and thus use standard (explicit)680

training procedures.681

Using this formulation, model parameters θ are learned using standard conditional flow682

matching with optimal transport path (47). Given samples x0 ∼ p0 (Gaussian base distribu-683

tion) and x1 ∼ p1 (data distribution), as well as timestep t ∼ Uniform([0, 1]) and the linear684

interpolation xt = tx1 + (1− t)x0, the training objective is685

LCFM = E(x0,x1),t

∥
∥fθ(xt, t)− (x1 − x0)

∥
∥
2

2
, (8)

with fθ as defined in Equation 7.686
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Inference To correctly account for the non-idealities of the hardware, at inference time we can687

only apply the same operator learned during training. By construction of the ADM operator, K688

applications of ADMxt,t;θ(∆t) on xt yield the explicit Euler update Equation 3, i.e.,689

[
ADMK

xt,t;θ(∆t)(xt)
]

:d
= Eulerxt,t,∆t;θ(xt) = xt +∆t fθ(xt, t). (9)

The underlying working principle of ADMs is that iterating this update rule (with t→ t+∆t)690

beyond K iterations is still meaningful as the fixed-point of the Euler operator provides the691

implicit Euler update Equation 4 and as the Euler operator itself can be represented by K692

ADM iterations, consequently the fixed-point of the ADM operator can be identified with the693

implicit Euler update. This is formalized by the following theorem.694

Theorem 1 (ADM Inference). Let σ be Lip(σ)-Lipschitz and let ∥ · ∥∞ denote the induced695

matrix norm. If ∆t < 1
Lip(σ)K∥W∥K

∞

, then for any (x, t) the operator ADMx,t;θ(∆t) has a unique696

fixed point z∗ ∈ R
n and, for any initialization z0, we have limk→∞ ADMk

x,t;θ(∆t)(z0) = z∗.697

Moreover, the readout components [z∗]:d of the fixed-point solve the implicit Euler equation698

Equation 4.699

Details and proofs can be found in Supplementary Section G.700

Finally, combining these aspects yields our training and inference process described in Al-701

gorithm 1.702

The same duality between explicit and implicit Euler scheme can be directly applied to make703

the Crank-Nicolson solver, whose update rule is given by704

xt+∆t = xt +∆t/2 (fθ(xt, t) + fθ(xt+∆t, t+∆t)) ,

compatible with analog hardware. To this end, first evaluate x̃t = xt + ∆t/2 fθ(xt, t) either705

in digital or using our analog version of explicit diffusion sampling (see Supplementary Sec-706

tion G.2). Using this pre-computed x̃t, the result of the Crank-Nicolson scheme is given by707
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the fixed-point of the operator ADMx̃t,t+∆t;θ(∆t/2), which is immediately compatible with AOC.708

Note that convergence of the Crank-Nicolson solver is already guaranteed for the less restrictive709

condition ∆t < 2
Lip(σ)K∥W∥K

∞

, which translates to a 2× smaller minimum number of steps and710

allows more robust few-step sampling as demonstrated by the results on AFHQ in Fig. 4.711

E Relaxed fixed-point iterations to address hardware con-712

straints713

Optical vector–matrix multiplication (OVMM) requires fanning-out and fanning-in optical sig-714

nals to and from all the modulators, i.e., the pixels of the SLM in AOC, representing the weights.715

As matrices become increasingly sparse, the total reflected or transmitted optical power de-716

creases, making the system progressively more lossy. In the extreme case of an identity matrix,717

all optical power is attenuated except at a single modulator per row and column, rendering such718

operations impractical in the optical domain. To solve this general optical hardware limitation,719

we propose a novel methodology that is implemented in AOC as follows. We implement an720

analog skip connection that bypasses the OVMM for a fraction α of the signal, while the re-721

maining (1−α) fraction is processed through the lossy optical path. During training, such a skip722

connection would break the duality between explicit and implicit Euler schemes that underlies723

ADMs. However, when applied as a post-processing step to a trained model, this mechanism724

corresponds to a relaxed fixed-point iteration and can be exploited without modifying the train-725

ing procedure. Specifically, we define an α-relaxed fixed-point iteration as726

ADM
(α)
x,t;θ(z) := α⊙ z + (1− α)⊙ ADMx,t;θ(z), 0 ≤ α < 1, (10)

which introduces an analog skip connection while preserving the structure of the ADM operator.727

Crucially, after convergence the relaxed operator provides the same result as the original ADM728
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operator, since the mappings x 7→ f(x) and x 7→ αx + (1 − α)f(x) admit identical fixed-729

points. Under the same step-size conditions as in the non-relaxed case, the α-relaxed operator730

converges to a unique fixed point corresponding to the diffusion update (Theorem 6). The skip731

connection can therefore be introduced post-training through a rescaling of the learned model732

parameters and only increases the number of fixed-point iterations required for convergence.733

By selecting α appropriately, either globally or in a channel-wise (per analog state variable)734

manner, we can trade off optical power loss against the number of fixed-point iterations. This735

enables the representation of large-weight matrices within the dynamic range of the hardware736

while maintaining stable convergence and an improved effective signal-to-noise ratio. Further737

details are provided in Supplementary Section G.3.738

F Simulation details on the digital twin739

F.1 Analog Diffusion models (ADMs) on two-dimensional (2D) tasks740

For the generation of the 2D distributions reported in Fig. 2, we use a four-layer fully connected741

model with input and output dimension 2 and hidden dimensions [15, 16, 13]. All models are742

initialized using Xavier initialization (58), after which weights are rescaled by a factor of 71.19.743

This factor is derived as described in Supplementary Section G.4, where the scaling parameters744

s1 = 0.0028, s2 = 4.993, and s3 = 0.0 are fitted to the AOC activation function.745

Models are trained using AdamW with weight decay 10−4, a learning rate of 5×10−3, and a746

cosine learning-rate schedule with linear warm-up over the first 500 steps. Training is performed747

for 20,000 steps with a batch size of 256 on 50,000 synthetically generated data points. To748

construct pairs of data and noise samples, we use the exact optimal transport solver from the749

POT Python package. Timesteps are sampled uniformly from [0, 1], and no loss reweighting is750

applied.751
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F.2 Latent ADMs752

For the results shown in Fig. 3, we employ a latent diffusion approach (43) in which generative753

modeling is performed in the latent space of a pretrained variational autoencoder (VAE), while754

diffusion inference is carried out using an analog diffusion model. The VAE is trained digitally,755

and its parameters are frozen prior to diffusion training.756

In the first stage, the VAE is trained to reconstruct images from a low-dimensional latent757

representation by minimizing758

LVAE = −Ez∼qϕ(z|x)

[
log pθ(x|z)

]
+ ϵKL(qϕ(z|x) ∥ p(z)) , (11)

where p(z) = N (0, I) denotes a standard Gaussian prior, qϕ(z|x) is a Gaussian posterior with759

diagonal covariance parameterized by an encoder network gϕ, and pθ(x|z) is a Gaussian likeli-760

hood parameterized by a decoder network fθ. We use a small regularization weight ϵ = 10−6
761

and do not include perceptual or adversarial loss terms. The latent dimensionality is set to762

dim(z) = 10, which provides reasonable reconstruction fidelity.763

The encoder and decoder are convolutional ResNet architectures with three resolution levels764

(32, 64, and 128 channels), each consisting of two residual blocks. Each block comprises three765

3× 3 convolutional layers with batch normalization and SiLU activations. Downsampling and766

upsampling are implemented via average pooling and nearest-neighbor interpolation, respec-767

tively. The VAE is trained using Adam with a batch size of 128, a learning rate of 10−3, and768

no weight decay. All latent diffusion experiments use identical training hyperparameters across769

datasets.770

For the latent ADM, we use a four-layer model with input and output dimension 10 and771

hidden dimensions [12, 13, 13]. Initialization and training follow the same protocol as in the 2D772

experiments described in Supplementary Section F.1.773
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F.3 ADMs at Scale on the digital twin774

All experiments use a latent approach based on the Stable Diffusion VAE (Hugging Face im-775

plementation with tag stabilityai/sd-vae-ft-mse) which is kept frozen and is not776

fine-tuned for the specific tasks. We train all models using the standard flow matching formula-777

tion with optimal transport path (47). No loss weighting or rectification is applied. All models778

are trained with AdamW for 300,000 steps with a batch size of 64, learning rate 10−4 and weight779

decay 10−2. All implicit methods use plain fixed-point iterations to compute fixed-points. More780

advanced solvers, like Broyden’s method can marginally improve the results for the smallest781

numbers of diffusion steps but are omitted here for simplicity. The fixed-point iteration is ini-782

tialized at the explicit Euler update which is taken into account as 1 fixed-point iteration, in783

particular for the energy calculations.784

Digital Twin (DT) & Butterflies The experiment uses the Smithsonian Butterfly dataset at785

a resolution of 256 × 256, with horizontal flips as data augmentation. The digital twin of786

our hardware is restricted to (i) feedforward (MLP) layers, (ii) tanh activations, and (iii) skip787

connections. To satisfy these constraints, we adopt the MLP-Mixer architecture (59), which,788

analogously to transformers, processes images via patchification followed by alternating MLPs789

over the patch and channel dimensions. To remain as faithful as possible to the hardware con-790

straints, all normalization layers (e.g., LayerNorm) are removed. We employ sinusoidal time791

embeddings and learned positional encodings. The model consists of 24 blocks. Each block792

comprises a two-layer MLP with hidden dimension 768 and skip connections for both the patch-793

and channel-mixing stages respectively, resulting in a total of 58,086,208 parameters. Due to794

the small size of the dataset (1000 samples) we train on the whole dataset and evaluate FID and795

KID using the train set as common practice in generative modeling.796

Diffusion Transformer & AFHQ We use the AFHQv2 dataset, comprising the categories797

cats, dogs, and wild animals, at resolution 256×256 with horizontal flips as data augmentation.798
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We employ a standard Diffusion Transformer (DiT) implementation, specifically DiT-S/2, con-799

sisting of 12 transformer blocks with hidden dimension 384, 6 attention heads, and a patch size800

of 2. The total number of model parameters is 32,572,816. Metrics are computed on a held-out801

test set comprising 20% of the total data.802

U-Net & Oxford Flowers-102 We use the Oxford Flowers-102 dataset, square-cropped and803

resized to a resolution of 256× 256. We adopt the standard U-Net architecture as implemented804

in the Hugging Face UNet2DModel, with 2 ResNet layers per block, 4 downsampling and805

upsampling stages, and output channel dimensions [128, 256, 512, 512]. Cross-attention is ap-806

plied at the two lowest resolution levels. The total number of model parameters is 106,382,340.807

Metrics are computed on a held-out test set comprising 20% of the total data.808

FLUX.1 We use the FLUX.1 model (Huggingface version with tag black-forest-labs/FLUX.1-809

schnell) and override its sampler to implement implicit solvers. For our qualitative comparison810

we generate images of 512 × 512 resolution using different prompts and evaluate the default811

sampler (explicit Euler) as well as the Crank-Nicolson solver (Implicit-CN) using a maximum812

of 4 fixed-point iterations. Different to all other experiments, which use simple fixed-point iter-813

ations, here we employ a Broyden solver to compute fixed-points as due to the extremely low814

number of diffusion steps, simple fixed-point iterations became unstable even for Implicit-CN.815

G ADMs: Additional Simulation Details816

This section provides technical results and implementation details that complement the main-817

text Methods. We refer to Methods for definitions and notation. Here we provide: (i) a818

contraction-based convergence guarantee and proof for the fixed-point inference of ADMs, (ii)819

a finite-iteration convergence statement for explicit diffusion models on AOC, (iii) details on α-820

relaxed fixed-point iterations and how they enforce optical gain constraints (including channel-821
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wise relaxation), and (iv) the procedure to compile standard neural network models to the AOC822

DT.823

G.1 Convergence of implicit fixed-point inference824

Below we will make use of the following simple result.825

Lemma 2. Let f : Rn → R
m denote a K-layer neural network defined via composition as826

f(x) = (LK ◦ . . . ◦ L1)(x), Li(x) = Wiσ(x) + bi, i = 1, . . . , K. (12)

Then the Lipschitz constant Lip(f) of f is given as827

Lip(f) = Lip(σ)K
K∏

i=1

∥Wi∥∞. (13)

Proof. The Lipschitz constant of every layer Li can be estimated via828

∥Li(x)− Li(y)∥∞ = ∥Wiσ(x)−Wiσ(y)∥∞ ≤ ∥Wi∥∞∥σ(x)− σ(y)∥∞ (14)

≤ ∥Wi∥∞ Lip(σ)∥x− y∥∞, (15)

to be Lip(f) = Lip(σ)∥Wi∥∞. With that the result follows recursively.829

Consider the ADM operator ADMx,t;θ(∆t) defined in Methods ( Equation 5 and Equation 6).830

The following lemma provides a sufficient condition for existence and uniqueness of a fixed831

point.832

Lemma 3 (Fixed-point existence and convergence). Let σ be Lip(σ)-Lipschitz and let ∥ ·833

∥∞ denote the induced matrix norm. If ∆t < 1
Lip(σ)K∥W∥K

∞

, then for any (x, t) the opera-834

tor ADMx,t;θ(∆t) has a unique fixed point z∗ ∈ R
n and, for any initialization z0, we have835

limk→∞ ADMk
x,t;θ(∆t)(z0) = z∗.836
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Proof. Consider the ADM operator Equation 6 with Li(zi) = Wiσ(zi)+bi+tei+[pad(x)]di:di+1
837

and L∆t
K (zK) = ∆tLK(zK). Consider any z ∈ R

n with structure z = (z1, . . . , zK)
T , then after838

K applications of the ADM operator we obtain839

(ADMx,t;θ)
K (z) =















L∆t
K ◦ . . . ◦ L1(z1)

L1 ◦ L∆t
K ◦ . . . ◦ L2(z2)

L2 ◦ L1 ◦ L∆t
K ◦ . . . ◦ L3(z3)

...

LK−1 ◦ LK−2 ◦ . . . ◦ L1 ◦ L∆t
K (zK)















=:















F1

F2

F3

...

FK















(z), (16)

where each entry applies a permutation of the layers {L1, . . . , L
∆t
K } of the network. By Lemma840

2 we thus have Lip(Fj) = Lip(σ)K∆t
∏K

i=1 ∥Wi∥∞ for j = 1, . . . , K. Note that the presence841

of ∆t is due to the scaling of the last layer in Equation 6. Consider any u, v ∈ R
n,842

∥
∥
∥(ADMx,t;θ∆t

)K (u)− (ADMx,t;θ∆t
)K (v)

∥
∥
∥
∞

(17)

≤
∥
∥
∥(ADMx,t;θ∆t

)K
∥
∥
∥

op
∥u− v∥∞ (18)

=
(

max
i

Lip(Fi)
)

∥u− v∥∞ (19)

≤Lip(σ)K∆t

(
K∏

i=1

∥Wi∥∞
)

∥u− v∥∞ (20)

≤Lip(σ)K∆t∥W∥K∞
︸ ︷︷ ︸

=Lip(ADMx,t;θ∆t
)

∥u− v∥∞ (21)

Now with a recursion argument we have Lip (ADMx,t;θ∆t
) = Lip

(

(ADMx,t;θ∆t
)K
)1/K

=843

(∆t)1/K Lip(σ)∥W∥∞. Thus for ∆t < 1
Lip(σ)K∥W∥K

∞

, the ADM operator becomes a contrac-844

tion, i.e., Lip (ADMx,t,θ∆t
) < 1, and the result follows by Banach’s fixed-point theorem.845

Given that a unique fixed-point exists the following result shows that it can be identified846

with the implicit Euler update.847
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Theorem 4 (Implicit ADM). Under the conditions of Lemma 3, the readout components [z∗]:d848

of the unique fixed point z∗ of the ADM operator solve the implicit Euler equation, i.e.,849

[z∗]:d = xt +∆t fθ([z
∗]:d, t+∆t). (22)

Proof. As the conditions of Lemma 3 are fulfilled, there exists z∗ ∈ R
n such that ADMxt,t;θ∆t

(z∗) =850

z∗ and consequently (ADMxt,t;θ∆t
)K (z∗) = z∗. Applying the ADM operator K times we obtain851

(ADMxt,t;θ∆t
)K (z∗) =















L∆t
K ◦ . . . ◦ L1(z

∗
1)

L1 ◦ L∆t
K ◦ . . . ◦ L2(z

∗
2)

L2 ◦ L1 ◦ L∆t
K ◦ . . . ◦ L3(z

∗
3)

...

LK−1 ◦ LK−2 ◦ . . . ◦ L1 ◦ L∆t
K (z∗K)















=















Eulerxt,∆t(z
∗
1)

z∗2

z∗3
...

z∗K















=















z∗1

z∗2

z∗3
...

z∗K















(23)

where we defined Eulerxt,∆t(z) := xt+f(z)∆t. Now the first blockentry reads Eulerxt,∆t(z
∗
1) =852

z∗1 , which identifies z∗1 = [z∗]:d with the implicit Euler update xt+∆t as defined in Equation 4.853

Now with z∗ being a fixed-point of the ADM operator, we have
[

(ADMxt,t;θ∆t
)k (z∗)

]

:d
=854

[z∗]:d = xt+∆t for any k ∈ N0.855

Theorem 1 follows directly by combining Lemma 3 with Theorem 4.856

G.2 Explicit Models on analog hardware857

In addition to ADMs, which implement an implicit ODE solver at inference time, we provide a858

formulation of conventional explicit ODE solvers which is immediately compatible with AOC859

and fixed-point search. In the following we refer to these models as explicit models. Explicit860

models use an alternative block structure in which a single forward pass through all layers is861

completed after exactly K + 1 AOC iterations. In this case, the fixed-point coincides with862
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the explicit network evaluation, and the last d components of the AOC state yield the output.863

Explicit models are obtained by placing the matrices corresponding to the layers on the off-864

diagonal. Analogous to the implicit version we define the parameters of the explicit model as865

θe(∆t) = {W e
∆t, b

e
∆t, e

e
∆t}, with866

W e
∆t =















0 0 0 · · · 0d×d

W1 0 0 · · · 0

0 W2 0
. . .

...

...
. . .

. . . 0 0

0 · · · 0 ∆tWK 0















, be∆t =















0

b1

b2
...

∆t bK















, ee∆t =















0

e1

e2
...

∆t eK















.

(24)

Evaluation of the model at training time differs from ADMs only in the readout components,867

fθ(x, t) =
[

(ADMx=0,t;θe(∆t=1))
K(x)

]

−d:
, (25)

where [·]−d: selects the last d components. Using an input embedding that injects the current868

iterate into both the top and readout blocks pade(x) = (x, 0, . . . , 0, x)⊤ ∈ R
n, the explicit869

Euler update is recovered from the last d components of the fixed point of ADMx,t;θe(∆t)(z) =870

W e
∆tσ(z) + be∆t + tee∆t + pade(x), i.e. [z∗]−d:, which is found after exactly K + 1 iterations,871

which is formalized next.872

Proposition 5 (Explicit Models). Let z(k+1) = ADMxt,t;θe(∆t)(z
(k)) denote the explicit ADM873

iteration. Then for any initialization z(0) and any K ′ ≥ K + 1 we have z(K
′) = z(K+1), and the874

readout satisfies875

[z(K
′)]−d: = xt +∆t fθ(xt, t), (26)

i.e. the explicit Euler update.876

Proof. By construction, each application propagates the signal one layer forward without feed-877

back to the top block. After K+1 iterations, all blocks depend only on xt, and a further appli-878
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cation does not change the state. The last block equals xt+∆tfθ(xt, t) due to the injected copy879

of xt in the last d components of pade(xt).880

While explicit models reach a stationary state similar to ADMs, they lack the attractor881

dynamics of the implicit formulation: after K + 1 iterations the result gets continuously re-882

computed with different realizations of the zero-mean analog noise, which at first glance al-883

lows for averaging as in the implicit case. However, as the analog noise undergoes non-linear884

transformations during the K+1 iterations needed to reach the readout components, the total885

corruption is not necessarily centered at zero anymore, which limits the usefulness of averag-886

ing. In contrast, implicit models are self-correcting as each individual application of the AOC887

operator can be interpreted as a gradient descent step towards the fixed-point, corrupted by zero-888

mean analog noise. This corresponds to stochastic gradient descent, which has well-explored889

convergence properties.890

G.3 Relaxed fixed-point iterations891

The optical vector–matrix multiplication (OVMM) unit in the AOC represents weights using892

SLMs, which natively encode values in a bounded range. Using paired modulators for positive893

and negative weights allows matrices with entries in [−1, 1] to be represented. General weight894

matrices W ∈ R
n×n are therefore implemented by normalizing to unit range and applying an895

optical amplification factor β = ∥W∥∞.896

In practice, additional signal loss arises from the optical fan-out of light across SLM pixels,897

particularly for sparse or highly unbalanced matrices such as the identity, where most pixels898

block light. These effects require further amplification to maintain sufficient signal strength.899

However, large amplification degrades the signal-to-noise ratio, imposing a practical upper900

bound β ≤ βmax. To allow representing arbitrary models, this motivates the relaxed fixed-901

point formulation introduced in Methods, which preserves the fixed-point of the model while902

reducing the required optical gain,903
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ADMα
xt,t;θ(z) := α⊙ z + (1− α)⊙ ADMxt,t;θ(z) (27)

= α⊙ z +Wασ(z) + bα + teα + xα
t ,

where α ∈ [0, 1)n is fixed and Wα = (I − diag(α))W , bα = (1 − α) ⊙ b, eα = (1 − α) ⊙ e,904

xα
t = (1−α)⊙xt. This relaxation reduces the required effective OVMM gain without modifying905

the solution of the fixed-point equation.906

Theorem 6. For any α ∈ R
n with αi ∈ [0, 1), i = 1, . . . , n, the α-relaxed ADM operator907

converges under the same step-size conditions as the standard ADM operator. Moreover, both908

operators have exactly the same fixed points.909

Proof. If z∗ = ADMxt,t;θ(z
∗), then ADMα

xt,t;θ(z
∗) = α⊙z∗+(1−α)⊙z∗ = z∗. Conversely, if910

z∗ = ADMα
xt,t;θ(z

∗), then (1−α)⊙ z∗ = (1−α)⊙ADMxt,t;θ(z
∗), and since 1−α has strictly911

positive entries, this implies z∗ = ADMxt,t;θ(z
∗). Contractivity follows as ADMα is a convex912

combination of the identity and ADMxt,t;θ, and thus satisfies the same contraction condition as913

the unrelaxed operator.914

For a vector z ∈ R
n let diag(z) ∈ R

n×n denote the square matrix with z on the diagonal.915

From Wα = (I − diag(α))W , it follows that ∥Wα∥∞ ≤ (1− αmin)∥W∥∞. Hence, for a given916

βmax, any matrix W with β = ∥W∥∞ can be implemented by choosing 1− βmax/β ≤ αi < 1.917

Using a uniform relaxation αi(β) = 1 − βmax/β yields Wα = βmaxWnorm and the relaxed918

operator919

ADM
α(β)
xt,t;θ

(z) = α(β)⊙ z + βmaxWnormσ(z) + bα(β) + teα(β) + x
α(β)
t .

To further reduce optical power loss, we normalize W row-wise, yielding W = β diag(a)Wnorm,cw.920

The channel-wise amplification factors ai can be absorbed into a channel-wise relaxation by921
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choosing 1 − αcw
i = 1/ai. Imposing the gain constraint βmax gives αcw

i (β) = 1 − βmax/(aiβ)922

and the operator becomes923

ADM
αcw(β)
xt,t;θ

(z) = αcw(β)⊙ z + βmaxWnorm,cwσ(z) + bαcw(β) + teαcw(β) + x
αcw(β)
t .

This channel-wise relaxation substantially reduces OVMM power loss and improves the ef-924

fective signal-to-noise ratio while preserving the ADM fixed point at the expense of slower925

fixed-point convergence.926

G.4 Compiling neural networks to the AOC DT927

The DT compiles neural network models expressed in a conventional sequential form into an928

AOC-compatible block-matrix representation (see Methods). While the DT can, in principle,929

represent the same computations as its digital counterpart, the activation function implemented930

in hardware differs from the standard hyperbolic tangent by input and output scalings and an931

additive offset. Since tanh is not scale invariant, these differences must be compensated to932

preserve the behavior of standard initializations.933

The AOC implements the iterative update934

ADMx,t;θ(z) = W σAOC(z) + b+ te+ x, (28)

where σAOC(u) = s1σ(s2u) + s3 is a scaled and shifted tanh. A corresponding conventional935

digital neural network with tanh activations implements936

fx,t;θ(z) = W σ(z) + b+ te+ x. (29)

To leverage standard initialization and scaling heuristics developed for networks of the form937

Equation 29 (58), we introduce scaling factors s1, s2 and s3 to match the fixed-points of AOC938
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and the conventional neural net.939

Specifically, equivalence of the fixed points of Equation 28 and Equation 29 is ensured by940

the parameter rescaling941

WAOC =
1

s1s2
W, bAOC =

1

s2
b− s3, eAOC =

1

s2
e, xAOC =

1

s2
x, (30)

with the corresponding output relation z∗ = s2z
∗
AOC. Under this transformation, the DT fixed-942

point equation reduces exactly to the standard tanh fixed-point equation. As the output of each943

diffusion step serves as the input to the next, no intermediate rescaling is required between944

diffusion steps; scaling is applied only once, before the first and after the final diffusion step.945

H Evaluation metrics946

H.1 Normalized root mean squared error (NRMSE)947

The NRMSE measures point-wise deviation between evaluated values zk and reference values948

zrefk over N samples:949

NRMSE =

√
1
N

∑N
k=1∥zk − zrefk ∥22

√
1
N

∑N
k=1∥zrefk ∥22

. (31)

H.2 Maximum mean discrepancy (MMD)950

MMD measures the distance between the distributions of evaluated values {zk}Nk=1 and refer-951

ence values {zrefl }Ml=1 over N evaluated values and M reference values by measuring the dis-952

tance of their kernel mean embeddings in a reproducing kernel Hilbert space. We use a standard953

Gaussian kernel κ(z, z′).954

MMD2 =
1

N(N − 1)

∑

k ̸=k′

κ(zk, zk′) +
1

M(M − 1)

∑

ℓ̸=ℓ′

κ(zrefℓ , zrefℓ′ )−
2

NM

N∑

k=1

M∑

ℓ=1

κ(zk, z
ref
ℓ ).

(32)
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We refer to MMD2 as MMD in the text.955

H.3 Wasserstein-2 (W2) distance956

For probability distributions µ and ν on a metric space, the Wasserstein-2 distance W2(µ, ν)957

measures the minimal expected squared cost of transporting mass from µ to ν:958

W 2
2 (µ, ν) = inf

π∈Π(µ,ν)

∫

∥x− y∥2 dπ(x, y),

where π ranges over all joint distributions with marginals µ and ν. In practice, W 2
2 is computed959

by solving a discrete optimal transport linear program between empirical distributions with960

uniform sample weights and cost matrix Cij = ∥xi−yj∥2, returning the minimum total transport961

cost. We use the POT Python package to compute W2.962

H.4 Fréchet Inception Distance (FID)963

Fréchet Inception Distance (FID) is a distributional similarity metric that quantifies the dis-964

crepancy between real and generated image distributions in the feature space of a pretrained965

Inception-v3 network. Specifically, deep features are extracted from an intermediate layer of966

Inception-v3 for both real and generated images, and each feature distribution is approximated967

by a multivariate Gaussian. The FID corresponds to the closed-form 2-Wasserstein (Fréchet)968

distance between these Gaussian distributions, thereby capturing differences in both the mean969

(image fidelity) and covariance (sample diversity) of the feature representations. Lower FID970

values indicate closer alignment between generated and real image distributions.971
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Algorithm 1 Training and inference of ADMs

Require: Network parameters θ∆t, step size ∆t, total diffusion steps T
Require: (Digital twin of) ADM operator ADMx,t;θ

1: Training (explicit evaluation using digital twin)

2: for each minibatch do

3: Sample x0 ∼ p0 (Gaussian), x1 ∼ p1 (data)

4: Sample t ∼ U [0, 1]
5: Interpolate xt ← tx1 + (1− t)x0
6: Evaluate network explicitly: ▷ K-layer model

fθ(xt, t)←
[

(ADMx=0,t;θ∆t=1
)K(xt)

]

:d

▷ [·]−d: for explicit

7: Compute loss ▷ Standard CFM loss

L ← ∥fθ(xt, t)− (x1 − x0)∥22

8: Update parameters θ via backpropagation and gradient descent

9: end for

10: Inference (implicit evaluation using hardware):

11: Initialize x0 ∼ p0
12: for n = 1, . . . , T do

13: Set tn ← n/T ▷ tn ← (n− 1)/T for explicit

14: Initialize AOC state z(0) arbitrarily

15: repeat

16: z(k+1) ← ADMxn,tn;θ∆t
(z(k)) ▷ Fixed-point search

17: until convergence to fixed point z∗ ▷ Theorem 1 guarantees convergence

18: Extract denoised update: ▷ Take first d entries ([·]−d: for explicit)

xn+1 ← [z∗]:d

19: end for

20: return xT
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Figures972
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Fig. 1: Analog Diffusion Models (ADMs). A, ADMs implemented on fixed-point analog

hardware. Multiple units are connected to implement the multi-layer structure of the diffusion

model. A programmable switch selects between implicit and explicit evaluation modes. Mathe-

matically, the multi-unit architecture is equivalent to a single system with a block-matrix layout,

as illustrated in the inset, where each block encodes the weights of one layer and the block lay-

out encodes the inter-layer connections. Each analog unit comprises optical vector–matrix
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multipliers implemented using a three-dimensional optical system with spatial light modulators, with973

nonlinearities provided by analog electronics. Conditioning information is injected into the loop as974

fixed voltages, and the recursive system converges to a fixed point. Representative two-dimensional975

distributions generated by the hardware are shown on the right. B, ADM sampling on the AOC. Rows976

show diffusion steps, and columns show fixed-point search within each step, conditioned on the previous977

result. C, Selected latent ADM samples generated using the AOC for MNIST, FMNIST and EMNIST.978

D, Implicit (analog) versus explicit (digital) diffusion on Smithsonian Butterflies, simulated with the979

hardware digital twin (DT). Qualitative samples at 4 diffusion steps and FID versus projected energy for980

the two solvers. Each implicit step needs multiple fixed-point iterations, but fewer diffusion steps are981

required, so total operations are conserved. For reference, we assumed that analog hardware is 100×982

per-operation more efficient accounting for optics, electronics, ADC and DAC conversion, as well as983

memory read/write operations (27); the projected application-level gain is reduced by the energy cost984

of the digital final decoding step (see supplementary material section B). E, Scaling roadmap to larger985

systems. Left: the present analog hardware contains 2,304 programmable weights, at a scale comparable986

to current fully programmable, all-to-all connected free-space optical matrix engines (19, 26, 27, 57) and987

is used here to validate the operating principle. Middle: DT studies extend beyond the capacity of the988

present to test the algorithmic scalability. Right: a system-level hardware roadmap then estimates the989

image resolutions and effective end-to-end energy efficiencies achievable as the programmable optical990

architecture is scaled.991
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Fig. 2: ADM inference on hardware for 2D distributions. A, Examples of 2D distributions

generated by ADMs on the hardware (top two rows) and its DT (bottom two rows). From left

to right, we show: A, D, M, O, heart, triangle (top row), C, square, arrow, lightning, star and

diagonal line (bottom row). B, Maximum Mean Discrepancy (MMD) between the groundtruth

and distributions generated by the hardware, the DT and a Gaussian reference distribution. The

reference distribution is obtained by fitting a 2D multivariate Gaussian to the dataset points.

All 2D point clouds are normalized to the square [-1, 1]2 using the dataset distribution for each

shape as reference. C, Wasserstein-2 (W2) distance between the groundtruth and generated

distributions for multiple 2D datasets.
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Fig. 3: Latent ADMs on hardware: operating principle, characterization and results. A,

Schematic of the latent ADM framework. All diffusion steps are fully computed in analog

hardware, and only the final decoding step is performed digitally. B, Samples generated by the

latent ADM for MNIST (left), FMNIST (middle) and EMNIST (right), comparing ADMs on

hardware (top), ADMs on the DT (middle) and the VAE-alone samples (bottom). C, Fréchet In-

ception Distance (FID) for MNIST (top), FMNIST (middle) and EMNIST (bottom), computed

using 1,000 generated samples, comparing ADMs on hardware, ADMs on the DT, and the VAE-

alone, highlighting the contribution of the ADM to the image generation. Error bars demote ±1

standard deviation over 100 evaluations with different reference subsets drawn from the training

set. D, Latent-space distribution similarity between generated and target data (MMD and W2).

Hardware results (triangles) closely match DT (circles), while VAE-alone (squares) serves as a

baseline.
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Fig. 4: Implicit sampling benchmarks across architectures and datasets (DT simulation). FID

values are shown as mean ± standard deviation over 20 generations. A, FID versus number

of diffusion steps for variants of implicit (this work) and explicit (standard) sampling from

the same diffusion models for multiple datasets and model architectures. Implicit models use

4 fixed-point iterations per diffusion step. B, Qualitative comparison of sampling schemes

at low step numbers. Butterflies (DT) and Flowers (U-Net) are generated with the standard

Implicit method and AFHQ (DiT) shows the Implicit-CN variant. C, Trade-off study between

sample quality and energy consumption: each curve represents the FID at 8, 16, 32, 64 and

128 diffusion steps respectively, versus the normalized energy for different numbers of fixed-

point iterations per diffusion step. For reference, we assumed that analog hardware is 100×

per-operation more efficient (27). D, Qualitative demonstration of Implicit-CN sampling with

the state-of-the-art text-to-image diffusion model FLUX.1 (54) using the prompt “a guitar”.
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Supplementary Figures992
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Fig. S1: Hardware architecture of the analog computing platform and corresponding key com-

ponents. A, Schematic diagram of the analog electronic (in blue) and the optical (in orange)

sub-systems, implementing the fixed-point update rule (Eq.1). Arrows are shown to indicate

the signals’ flow. B, Key hardware components photos. The 4x48 microLED array (top left) is

the light source and represents neural network activations. The spatial light modulator (SLM)

(top right) stores neural network weights, and multiplies them with the incoming light. The 48

photodetector array (bottom left) adds and transfers optical signals into the analog electronic

domain. The nonlinearity, programmable variable gains, and other computations are applied in

analog electronics. C, Schematic of the optical subsystem, illustrating dual optical paths for

positive and negative weights. The sources, collected by the objectives, are imaged onto the
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SLM using the combined 4F system of the objective and lens groups, respectively. D, Overhead993

view of the optical analog hardware. E, Summary of operations performed during inference.994

The VAE decoding column applies only to latent-space experiments (Fig. 3).995
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Fig. S2: FID and Kernel Inception Distance (KID) for additional sampler configurations. For

8 or more diffusion steps 2 fixed-point iterations can be sufficient to reach convergence of the

implicit solvers. Implicit sampling can yield the same (on Butterflies with ≥ 8 steps) or better

performance (on Flowers) with the same number of neural network evaluations compared to a

higher order Heun solver, which is a common best practice (51). Implicit-CN with 2 fixed-point

iterations is mathematically identical to the Heun scheme and additional iterations can provide

further improvements as shown for AFHQ. In all experiments we use a warm start of the fixed-

point search, by initializing at the explicit Euler result, which requires one network evaluation

and hence is counted as one fixed-point iteration.
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Fig. S3: Additional samples for the three schemes (Explicit, Implicit and Implicit-CN) from

the Digital Twin trained on the Smithsonian Butterflies dataset.
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Fig. S4: Additional samples for the three schemes (Explicit, Implicit and Implicit-CN) from

the U-Net trained on Oxford-Flowers102.
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Fig. S5: Additional samples for the three schemes (Explicit, Implicit and Implicit-CN) from

the Diffusion Transformer (DiT) trained on AFHQ.

61



Fig. S6: Additional samples for different prompts produced with the state-of-the-art text-to-

image diffusion model FLUX.1 (54) using explicit Euler (default) and Implicit-CN sampling

with 2 diffusion steps and 4 fixed-point iterations. The respective prompts are contained in the

titles.
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Fig. S7: Additional noise details on the 2D experiments. A, Effect of averaging across repeated

2D experiments for the letter A, chosen as a representative example, for ADMs generated on

AOC. Increasing the averaging beyond 5 yields negiligible additional reductions in NRMSE. B,

Effect of averaging within a fixed-point time window for the letter A for ADMs generated on

AOC. Increasing the averaging window (up to 5.5 µs) yields small but consistent reductions in

NRMSE, consistent with SLM-dominated noise.
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Fig. S8: Inference dynamics for latent ADM hardware experiments on EMNIST, chosen as a

representative example among the considered datasets. A, Evolution of latent ADM inference

for EMNIST. Each row shows the progression of the fixed-point search within a diffusion step,

followed by successive diffusion steps (rows). B, Example traces of the 48 analog voltages

over time for a representative fixed-point within a diffusion step. C, Effect of averaging across

repeated experiments and within a fixed-point time window. D, FID as a function of the number

of mean trials for MNIST, FMNIST and EMNIST, showing negligible improvement beyond

five averages across datasets.
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Fig. S9: Device and system characterization. A, Top: normalized static SLM response versus

grey level. Bottom: normalized flicker amplitude measured at the matrix multiplier output; each

distribution includes all the noise sources present in the opto-electronic system. Both SLMs

present very comparable performances. B, Measured end-to-end bandwidth of the optical sub-

system. Scattering parameter magnitude (dB) versus frequency for the LED–SLM–PD chain,

measured using a Keysight E5061B network analyser. The micro-LEDs are driven at 10 mA,

and the PD output was accessed via a breakout board. The -3 dB point occurs at 5 MHz,

indicating the effective bandwidth of the current hardware. C, Camera image at the SLM plane

showing the projected 4x48 LED array. The LEDs (25µm emitting height, 50µm pitch), are

magnified by 3.86× and imaged onto the SLM plane, defining the optical input channels used for

vector encoding. D, Camera at the same plane after inserting the merger lens, which optically

combines the 4x48 LED array into 48 horizontal illumination stripes. When the SLM is placed

at this plane, each stripe aligns with a row of programmable weights. The SLM has an 8.5µm

pixel pitch and a 92% fill factor; each weight element is implemented using a block of 14x16

SLM pixels. E, Camera at the PD plane with vertical stripe patterns displayed on the SLM,

illustrating how the merger performs optical summation across input channels.
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Fig. S10: Accuracy characterization of the analog optical hardware against digital twin. A,

Open-loop accuracy of the matrix-multiplication path across gain settings β, reported as nor-

malized root-mean-square error (NRMSE) averaged over 600 experiments per setting (100 ran-

dom weight matrices × 6 input voltages). Inset shows the error distribution for β = 30. B,

Closed-loop agreement between analog and digital-twin outputs over 1,000 experiments span-

ning random weight matrices and channel-wise gains α, β (mean NRMSE = 0.009). Colours

demote different output channels. C-F Per-step and cumulative NRMSE during diffusion in-

ference for 2D distributions (c, d) and latent-space tasks (e,f), aggregated across benchmarks.

Horizontal bars indicate the median.
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Fig. S11: Sensitivity of analog generation to hardware parameter settings to highlight the role

of different parts of the system. Rows correspond to different execution modes: digital baseline,

analog hardware with nominal parameter settings, analog hardware with optical gain disabled,

i.e. optical subsystem off (β=0), and analog hardware with skip-connection disabled (α=0).

Here, β denotes the optical amplification applied to the Wσ(z) term in (5), and α denotes the

analog skip-connection fraction defined in (10). Columns show the evolution from the initial

noise state through successive diffusion steps. Disabling either β or α prevents convergence to

the target distribution, demonstrating that both optical and annealing dynamics are essential for

successful analog diffusion inference.
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Fig. S12: Sensitivity of generation quality to multiplicative perturbations in hardware param-

eters. Each perturbation mode applies a uniform relative error ε element-wise across all 48

channels. (A) Representative final-step 2D distributions under ε=10% perturbation for four

error sources (columns: skip connection gain α, gradient gain β, inter-step conditioning, and

iteration gain). Top two rows: positive perturbation (+ε); bottom two rows: negative perturba-

tion (−ε). (B) NRMSE of the final diffusion step as a function of ε, averaged across all 12 2D

distributions shown in Fig. 2 (mean ± 1 s.d., n = 12). Red and blue curves denote positive and

negative perturbation, respectively.
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Fig. S13: Noise characterization. A, Measured hardware noise at various gain settings. B, Left:

DT noise-tolerance characterization of implicit inference under per-iteration Gaussian noise

using an examplar 2D distribution (letter D). Here we report the NRMSE at diffusion step 0 as

a function of standard deviation and number of iterations averaged. The noise standard
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-deviation range corresponds to levels observed on hardware under typical operating conditions.996

This quantifies intrinsic noise tolerance of fixed-point search and the benefit of in-loop averag-997

ing. Right: same analysis as in left panel, but reporting NRMSE at the final diffusion step998

after completing the full diffusion trajectory, capturing cumulative effect of per-iteration noise999

across per fixed-point search and across diffusion steps. C, Representative 2D distributions1000

generated by the DT for two noise levels (standard deviation = 0 0.034, and 0.068) and two1001

averaging settings (mean over iterations=1 and 20), illustrating that implicit diffusion inference1002

preserves distributional structure under noise and that increased averaging improves sample1003

fidelity. In analog hardware, this averaging incurs low marginal cost. D, Representative gener-1004

ated images at selected noise levels. E, FID and projected analog-hardware energy-efficiency1005

gain under varying noise conditions. For reference, we assumed that analog hardware is 100×1006

per-operation more efficient than digital, and a final digital decoding layer is considered, see1007

supplementary section B.1008

70



Fig. S14: Latent space distributions comparison for the MNIST hardware experiment, chosen as

a representative example. A, Corner plot showing marginal (diagonal) and joint (lower triangle)

distributions of latent variables z1-z10 for the digital twin baseline (DT, green) and the AOC

results (black contours). Diagonal panels show 1D histograms for each latent variable, while

off-diagonal panels display kernel density contours representing pairwise joint distributions.

For consistency, all off-diagonal axes ranges are limited to [-10, 10] for comparability. B, Same

representation comparing AOC (black contours) with target distribution (purple).
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Fig. S15: Stability and reproducibility of representative analog hardware building blocks. A,

MicroLED positional variation over time, measured by imaging the source onto a camera. B,

An example of measured gain variation for the variable-gain amplifiers used to amplify the

gradient signal of the positive path. C, Comparison of PD signals taken a season apart. A

sine-wave voltage array is injected into the analog electronics board and propagates through

the full signal chain, passing through the analog electronic nonlinearity (kept within the linear

region of the tanh) and driving the microLEDs, whose light then traverses the imaging system to

illuminate the SLMs. The SLMs display a row pattern, and the PD array measures the product

of the input vector with this row-patterned matrix. We keep the row width fixed and sweep its

starting index, so that plotting the RMS of the measured sine wave against the SLM starting

row index turns the PD signal into a probe of the relative alignment between the SLMs and

the LEDs, and the PDs and the SLMs. The top and bottom rows correspond to the positive-

and negative-weights optical paths, and the two curves in each are labeled by their acquisition

time. Over a season, the positional alignment typically shifts by less than ±1 SLM pixel while

its peak voltage stays unchanged. The ripple features visible on each curve corresponds to the

SLM pixel pitch, as the imaging system images the discrete SLM pixel structure onto the PD

plane.
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