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Supplementary Note 1. Optical Energy Overheads in Single-pass Architectures   

In coherent MZM meshes, such as Clements and Reck meshes, the optical depth increases with 

matrix size as O(𝑁), so the insertion loss and phase noise accumulate with N, reducing the received 

optical power per channel and collapsing bit depth. Even with an optimistic power budget per chip, 

with current MZM losses, an optical mesh with 𝑁 ≳ 30 is fundamentally unachievable.  

In contrast, crossbar-like architectures [S1] maintain fixed optical depth per channel at O(1), so 

scaling is primarily constrained by (1) optical power distribution and (2) detector/trans-impedance 

amplifier (TIA) noise rather than cascading photonic loss.  

In case of silicon-based components, the system with 𝑁 = 1000 inputs (and 106 modulators for 

weight encoding) and a realistic set of parameters (symbol refresh frequency 𝑓𝑠 = 10 GS/s, 

detector NEPGe = 5 × 10−12 W/√Hz [S2], and bit depth at the detector 𝑛 =  5 bits leading to 

SNRdB ≈ 6.02𝑛 + 1.76), will have the following optical power budget: 𝑃optical = NEPGe ∙  √
𝑓s

2
∙

 𝑁 ∙   100.1(SNRdB+PPIC loss) ≈ 35 W, in case of a total optical loss PPIC loss = 20 dB from laser to 

integrated Ge detector. 

As the throughput for such architecture scales as N2 ∙ fs, the optical energy efficiency is ~ 104/35 = 

285 TMAC/W. Considering the plug energy efficiency of the optical power source (~40% for the 

most efficient sources), the total energy budget per MAC for such a system would be at least ~10 

fJ/MAC (ADC/DAC overheads neglected). Hence, the optical source overhead per MAC scales 

as 102+0.1PPIC loss/𝑁 fJ/MAC. 

While various approaches could be used to mitigate optical losses in such a system (see below), 

further decreasing the energy budget per MAC by increasing N seems infeasible due to the 

quadratic scaling of the modulator components in the system.  

To alleviate the existing power-efficiency overheads in single-pass architectures, excess free-

carrier losses and nonlinearities can be mitigated by transitioning to field-effect modulators on 

thin-film lithium niobate (TFLN) [S3] or, potentially, barium strontium titanate [S4]. Passive 

optical losses, such as in edge couplers, splitters, and multiplexers, can be reduced to sub-dB levels. 

This can be achieved through inverse-designed components [S5] and metamaterial-assisted 

couplers [S6], which have shown said efficiency limits while maintaining compact footprints.  

 

Supplementary Note 2: PA Energy Consumption and Its Scaling  

A typical general-purpose PA comprises several power-consuming modules, including light 

sources, DACs for vector and weight updates, and photodetectors, followed by ADCs. The total 

energy consumption of a PA-based system depends on both photonic and electronic components 

(including ADC, DAC, memory, and CPU). In most of the published studies, the energy 

breakdown is typically provided for the PA part of the system, and depending on the exact 



architecture, the scaling laws for the energy efficiency and hence the minimal number of required 

components for reaching a given performance level might be quite different, as shown below.  

The reported photonic platforms aimed at performing general MVM and GMMs can be divided 

into two major classes, with the first (which we term hypermultiplexing platforms) relying on time-

domain-encoded vector inputs that can be batched in parallel using WDM. In these systems, 

vectors and weights are constantly streamed in time; the multiplication is performed at the 

modulator [S7] or the detector [S8], while the summation operation is performed using 

photocurrent integration in the analog domain. Such systems have much lower ADC overhead (due 

to low-frequency readout) and can exploit low light levels (and hence minimal power-source 

overhead) through signal accumulation. Such systems generally have a fixed optical depth on a 

chip, and their overall energy consumption per MAC is usually dominated by the DAC costs, 

scaling as: 

𝛼 ∝ 𝐸DAC/𝑛 + 𝛽𝐸ADC, 

where 𝑛 is the batch/WDM scale, i.e., the number of independent vectors that are processed 

simultaneously with given weights, 𝐸DAC is the typical energy required for a single DAC operation, 

which is of the order of 500–1000 fJ for 8-bit encodings at 20 GHz [S7], and 𝛽 ≪ 1 when input 

vector dimension 𝑁 ≫ 1, which is usually the case. In this expression, we neglected the energy 

required to drive the light sources as it is significantly smaller than the energy required for weight 

encodings [S7], which scales as 𝐸 = 𝐸𝐷𝐴𝐶𝑁𝑠𝑁, where 𝑁𝑠 is the number of distinct spatial 

components used to apply weights to the data input (typically 𝑁𝑠  =  𝑛 <  𝑁). Such a photonic 

tensor core operating with n ~ 100 frequencies and a single array of Ns ~ 100 MZM components 

for weight application can implement high-performance GMMs with a low budget of 𝛼 ~ 10 

fJ/MAC, which is formally an order-of-magnitude improvement over the state-of-the-art NVidia 

GB200 (𝛼 ~ 200 fJ/MAC).  

The second type of the architecture the we term a single-pass system takes the full advantage of 

spatial parallelism: in this case the MVM operation is performed during the passage of the vector 

with 𝑁 components through 𝑁 different spatial channels (e.g., waveguides) and MVM is 

performed in one go with N2 modulators: while weights are usually applied in the optical domain 

[S1], the summation part can be also performed in the analog electronic domain after 

photoconversion. The energy budget of such systems is usually dominated by the laser power and 

high-frequency ADCs, and the energy per MAC in the case of the constant optical depth systems 

[S1] generally scales as: 

𝛼 = 𝐸ADC/𝑁 + 𝐸source/𝑁 + 𝛾𝐸DAC, 

where 𝛾 is the ratio of the weights update frequencies and vector update frequency (can be 

downscaled, for example, in case batches of inputs are sequentially delivered). Importantly, due to 

high-frequency readout, even in case of very low weight update frequencies the power overhead 

of such systems is dominated by optical energy overheads (required to reach sufficient SNR at 

high detection frequency): even for N = 1000 components, 𝛼 is dominated by Esource/N, which in 



case of 10 GHz readout is ~ 10 fJ/MAC (see Supplementary Note 1 for details). Importantly, such 

a system will require ~106 modulators and, while having a rather high throughput of ~10 POPS/s, 

will have the same energy efficiency as a hypermultiplexing platform built with just 100 

modulators that performs GMM using 100 wavelengths (and having ~100 TMAC/s of throughput). 

One of the possible strategies to further mitigate power overheads could be based on mixed 

architectures, for example, wherein time-encoded and frequency-multiplexed inputs are converted 

(using high-speed routing and delay lines) into spatially multiplexed pulses delivered into a 

weights module (with a lower frequency update rate) – and further detected using low-frequency 

ADC modules.  

 

Supplementary Note 3: On PA-assisted Training 

AI training is a much more demanding task than inference due to memory-intensive workloads, 

the enormous amount of total computation required, a greater number of optimized algorithms, 

and sensitive numerical stability, amongst other requirements. Practical training requires memory 

bandwidth of 500 GB/s – 2 TB/s per device (as training is a memory-bound workload) and 

numerical (mixed) precision of at least FP8/FP16, as higher numerical stability is needed for 

optimal convergence of training algorithms. The total computation required to train most AI 

models lies in the range of 1021 – 1027 FLOPs, depending on model size. To achieve such 

computation in a reasonable time, cluster sizes typically range from 102 to 105 GPUs. 

As an early example, the Meta Llama 65B model was trained on a cluster of 2048 Nvidia A100 

GPUs on 1.4T training tokens, taking a total of 21 days. The A100s support a bandwidth of 

1.56 TB/s and precision of up to 64 bits [S10]. 

Among these requirements, memory-intensive workloads that demand high memory bandwidth 

(TB/s) within a GPU and high numerical precision represent the most critical roadblocks for future 

PAs to address. 

Some of these fundamental challenges see a path forward, such as numerical precision, memory 

usage, and data efficiency. Low-precision training is an active area of research, with the potential 

to achieve end-to-end 8-bit and 4-bit training pipelines. This can be achieved with further advances 

in quantization-aware training, novel quantization functions, and scaling methods [S11]. 

Traditional backpropagation requires memory that scales as O(no. of parameters + no. of 

activations). New training paradigms, such as the forward-forward algorithm, significantly 

mitigate the memory-intensive nature of training by optimizing local layer-wise objectives rather 

than a global loss propagated through the entire network, thereby reducing the need to store all 

model activations [S12]. Similarly, physics-aware training incorporates prior knowledge of 

governing physical laws into the learning objective, reducing reliance on labelled datasets. By 

augmenting data-driven losses with physics-based constraints, such methods improve data 



efficiency and promote physically consistent predictions, particularly in scientific and engineering 

domains where data is limited but underlying dynamics are well understood [S13]. 

Whether highly efficient co-packaged PAs could be practical for substantially reducing energy 

overheads during training of large AI models needs careful analysis and simulations of hybrid 

architectures.  
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Supplementary Table 1: Accelerator speed vs energy efficiency. References are provided per the main 

text. GPU — graphics processing unit, PTC — photonic tensor core, FS — free space, MAC — multiply 

and accumulate, INT8 — 8-bit signed integer number representation. 

 

Platform/reference Type Year Speed (TMAC/s) Energy (fJ/MAC) 

Nvidia A100 (INT8) GPU 2020 312 1603 

Nvidia H100 SXM (INT8) GPU 2023 2000 350 

Nvidia GB200 Gr (INT8) GPU 2025 5000 200 

Nvidia MAGNET (ref. 22) GPU 2019 1 40 

S Ahmed (ref. 3) PTC  2025 33 2424 

C Pappas (ref. 19) PTC 2025 131 546 

S Bandyopadhyay (ref. 11) PTC 2024 0.3 6000 

S Ou (ref. 12) PTC 2025 0.5 84 

S Hua (ref. 4) PTC 2025 4.1 840 

X Xu (ref. 15) PTC 2021 5.5 1580 

J Feldman (ref. 14) PTC 2021 1 5000 

Y Xie (ref. 18) PTC 2025 0.64 1360 

Y Huang (ref. 20) PTC 2023 0.04 474 

C Feng (ref. 17) PTC 2022 3.796 273.97 

F Ashtiani (ref. 16) PTC 2021 0.14 28000 

B Bai (ref. 13) PTC 2023 0.065 1380000 

Z Chen (ref. 21) FS 2023 15 12 

 

 



Supplementary Table 2. Implemented model size vs. publication year. References are provided per the 

main text. 

Reference Type Year Model size 

F Ashtiani (ref. 16) PTC 2021 66 

C Feng (ref. 17) PTC 2022 288 

Z Chen (ref. 21) FS 2023 79410 

Z Xu (ref. 24) PTC 2024 13000000 

C Wang (ref. 23) PTC  2025 30640000 

 

Supplementary Table 3: Accelerator speed vs energy efficiency for edge-oriented platforms. 

References are provided per the main text. DE — digital electronics, AE — analog electronics, PTC — 

photonic tensor core, FS — free space, MAC — multiply and accumulate. 

Platform/reference Type Year Speed (TMAC/s) Energy (fJ/MAC) 

T Zhou (ref. 44) FS 2021 120 1267 

M Luo (arXiv:2504.20416) FS 2025 2350 8.3 

M Miscuglio (ref. 45) FS 2025 200 250 

Y Chen (ref. 34) FS 2023 2300 0.0267 

Nakajima (ref. 43) PTC 2021 21 30000 

D Wang (ref. 42) PTC 2024 105.5 48 

Z Xu (ref. 24) PTC 2024 25000 12.43 

Nvidia Jetson Orin DE 2023 5.32 11280 

Google Coral edge TPU DE 2023 2 1000 

AMD Kria K26 (DPU4096) DE 2021 0.68 11030 

Ti AM69A DE 2023 12 1583.33 

Nvidia Jetson Thor T5000 DE 2025 1035 251.2 

Axelera Metis DE 2022 107 133.33 

DIMC DE 2022 10.016 0.901 

Encharge AI EN100 AE 2025 100 82.5 



Supplementary Table 4. Input size vs. latency for free space platforms. References are provided per the 

main text. DONN — diffraction optical neural networks, CONN — convolution optical neural networks, 

FCONN — fully connected optical neural networks.  

Reference Network type Year Input size Latency, ns 

X Lin (ref. 47) DONN 2018 90000 >109 

T Wang (ref. 48) FCONN 2023 1600 1.25 · 107 

T Zhou (ref. 44) DONN  2021 490000 6.25 · 105 

M Miscuglio (ref. 45) CONN 2020 43264 106 

Y Chen (ref. 34) DONN  2023 65536 72 

Z Chen (ref. 21) FCONN 2023 784 30 

 


