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Abstract
We propose to use data reuploading techniques for photonic neural networks to replace non-
linear optical devices with phase modulators. Simulation results indicate similar accuracy
and power consumption in both cases, offering an alternative implementation option.

Conference on Lasers and Electro-Optics (CLEO) 2026

© 2026 MERL. This work may not be copied or reproduced in whole or in part for any commercial purpose. Permission
to copy in whole or in part without payment of fee is granted for nonprofit educational and research purposes provided
that all such whole or partial copies include the following: a notice that such copying is by permission of Mitsubishi
Electric Research Laboratories, Inc.; an acknowledgment of the authors and individual contributions to the work; and
all applicable portions of the copyright notice. Copying, reproduction, or republishing for any other purpose shall
require a license with payment of fee to Mitsubishi Electric Research Laboratories, Inc. All rights reserved.

Mitsubishi Electric Research Laboratories, Inc.
201 Broadway, Cambridge, Massachusetts 02139






Photonic Neural Networks without Nonlinear
Optical Devices

Keisuke Kojima'** and Toshiaki Koike-Akino?
! Boston Quantum Photonics LLC, 588 Boston Post Rd #315, Weston, MA 02493, USA
2 Mitsubishi Electric Research Laboratories (MERL), 201 Broadway, Cambridge, MA 02139, USA

*kkojima @ bostongp.com

Abstract: We propose to use data reuploading techniques for photonic neural networks to
replace nonlinear optical devices with phase modulators. Simulation results indicate simi-
lar accuracy and power consumption in both cases, offering an alternative implementation
option.

1. Introduction

Photonic neural networks (PNNs) [1] are expected to play a major role in the future data processing area, where
high speed and low power consumptions are required. Multiple architectures are proposed. However, most archi-
tectures require nonlinear optical devices (NLODs) to simulate the activation functions. Although there are many
proposals and experimental verifications for achieving optical nonlinearities [2], in reality, considering the cascad-
abilities and robustness, hybrid photonic-electronic implementation is most practical [1, 3]; however, this requires
high speed photo diodes (PDs), electronic nonlinear devices/amplifiers, and high speed modulators.

The data reuploading (DR) technique [4], originally introduced in the context of quantum computing to achieve
universal approximation, provides an alternative pathway. We previously applied data reuploading to realize uni-
versal non-quantum photonic computing using standard photonic integrated circuits (PICs) [5]. Follow-up work
explored more robust and scalable implementations [6], and polarization-domain encoding [7]. These earlier con-
figurations relied on relatively long cascades of photonic elements to repeatedly reintroduce the input data.

In this work, we show that DR can be integrated directly into the conventional Clements interferometer mesh [8].
This enables the mesh to realize nonlinear decision boundaries without any NLODs or hybrid O/E/O activation
stages, and without sacrificing inference accuracy. The proposed formulation preserves the compact, unitary, and
fabrication-friendly nature of the Clements architecture while providing a practical route to scalable, all-passive
photonic neural networks.

2. Network Configurations

Fig. 1(a) presents a conventional PNN model using NLODs. The network implements arbitrary real-valued ma-
trices via singular value decomposition (UXV). Unitary operators U and V are realized using Clements-type rect-
angular meshes of Mach—Zehnder interferometers (MZIs) with phase shifters (PSs). The diagonal matrix X is an
array of MZIs configured as attenuators. Input data are encoded by amplitude modulators (AMs), which can also
be MZI-based.

The optical nonlinearity is modeled in three steps: a photodetector (PD) measures the signal intensity (/ = |x|2);
an electronic square-root function processes the signal; and a high-speed intensity modulator re-encodes the result

(a)

AM ND ND ND PD 98 T I
—T-» ___, —_—D ————_—> — 96
Tl v [P e [0 vy [ < ‘ ]
o *
— Xy | - ~ — H - == — | —> "’94 - § —
il | | L || | >
I3
®
(b) 5 9ok |
PM PM PM PM PD 3 * Nonlinear Optical Devices
% b - % B Hx b --- - x [ — < 90 # | © Data Reuploading
el usv [Pl uvsv [T e v [ *
| x| L1 xy H XN - - - — Xy (] —> 88 | 1 | |

1 2 3 4

. . . Number of L.
Fig. 1: (a) Comparison of PNN configurations: (a) conven- umber ot Layers

tional PNN utilizing nonlinear optical devices (NLOD), and  Fjg. 2: Accuracy of PNNs versus the number of
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optically. The final optical outputs, detected by a PD array, are interpreted as class scores.

Fig.1(b) shows a DR-based PNN model with an architecture similar to Fig.1(a). The major difference is that
input data are repeatedly applied via phase modulators (PMs). If optical loss is sufficiently low, this configuration
achieves a purely passive optical neural network. While this approach requires high-speed PMs such asthin-film
lithium niobate (TFLN), barium titanate (BTO), or Si-based, this drawback is offset because the conventional
setup in Fig. 1(a) similarly requires high-speed AMs for its NLODs.

3. Simulations

Simulations are conducted using the PyTorch library. We use the MNIST dataset for evaluation, which consist of
64,000 training and 10,000 test images, each 28 x 28 pixels. The task is a 10-class classification problem, so the
labels are represented as one-hot vectors of length 10.

To simulate linear optical compression of high-dimensional fields, we first employ a linear autoencoder to
reduce the 784-dimensional image vectors to an 18-dimensional representation. These 18 features serve as inputs
to the PNN under test. with cross-entropy loss used as the training objective.

Test accuracy versus the number of layers is shown in Fig. 2. Results from three independent training runs are
plotted as individual points for each condition. The plot demonstrates comparable classification performance be-
tween the conventional NLOD approach and the proposed data-reuploading method using only phase modulators.

4. Power Consumption Analysis

Both PNN architectures share many common components. We assume each PS requires 20 mW for a 7 shift and
has an average operating power of 10 mW. For one UXV layer, which include the attenuation stage, the number of
PSs is 342(18 x 17+ 2 x 18) PSs, resulting in a total PS power consumption of approximately 3.42 W per layer.
For the optical source, We assume 0.1 W of electrical power generates 30 mW of optical power, which is then
split across the 18 input channels. Finally, the transimpedance amplifiers (TIAs) associated with the PDs are each
assumed to consume 100 mW.

For the conventional PNN configuration, AMs are implemented using silicon MZMs. We assume a power
consumption of 40 mW for the CMOS driver and 20 mW for the MZM at 10 Gb/s. The nonlinear optical activation
stage, which includes detecting optical power with PDs and TIAs, amplifying the signal, exploiting the nonlinear
portion of the modulator’s transfer function—together, and an additional laser source, consumes approximately
100 mW, 40 mW, and 20 mW, respectively, in addition to the common laser source of 100 mW. Total power is
12.4 W for 2 layers and 24.7 W for 4 layers, equivalent to 1.24 pJ and 2.47 pJ per operation, respectively.

The data uploading configuration uses a TFLN modulator and driver (combined 92 mW at 10 Gbps). A semicon-
ductor optical amplifier (SOA) is assumed after the second layer, consuming 100 mW each. The SOA requirement
will depend on the mesh passive losses, laser power, and modulation speed. The total power is 11.7 W and 23.3 W
with 2 and 4 layers, equivalent to 1.17 pJ and 2.33 pJ per operation, respectively.

For the electronic counterpart of this operation, we assume a three layer neural network with 18, 32, and 10 di-
mensions using ReLU as the activation function. This configuration achieves 95.6% accuracy on the same dataset.
The network requires 18 x 32 432 x 10 = 896 multiply-accumulate (MAC) operations, and this is equivalent to
0.9 nJ per operation, where state-of-the art electronic components consumes about 1 pJ/MAC.

Overall, the power consumption of conventional and DR PNNs are comparable for the same number of layers,
and are 2 to 3 orders of magnitude smaller than their electronic counterpart.

5. Conclusion

We established the Clements-mesh PNN as a baseline for comparison against conventional NLOD and DR cases.
The DR approach yields comparable simulated accuracy and power consumption to conventional PNNs, suggest-
ing DR as a viable option for practical implementations.
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