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Abstract: We propose a compact architecture using multi-operand Mach-Zehnder inter-
ferometers (MOMZIs) for full-range photonic tensor operations with high hardware effi-
ciency and computational density. Experiments show low inference error and strong perfor-
mance on representative machine-learning tasks.

1. Introduction

Deep neural networks (DNNs) have driven major advances in artificial intelligence (AI), but their rapidly in-
creasing computational demands strain conventional electronic accelerators. Bandwidth and power constraints in
electronics have motivated alternative computing paradigms such as optical computing based on photonic inte-
grated circuits (PICs), which exploit the intrinsic advantages of light for energy-efficient multiply-accumulate
(MAC) operations [1, 2]. However, existing photonic tensor cores (PTCs) still suffer from limited scalability due
to large device footprints, accumulated optical loss, and high control complexity [3, 4].

To overcome these bottlenecks, we develop a hardware-efficient PTC based on MOMZIs. The proposed dif-
ferential unit supports full-range tensor encoding operations within a compact footprint. Experimental results
demonstrate accurate on-chip inference and high accuracy on image classification tasks, highlighting the stability
and precision of the demonstrated optical computing scheme.

2. Design and Working Mechanism

2.1. Multi-operand Mach-Zehnder Interferometers

Compared with conventional Mach-Zehnder modulators, the proposed MOMZI integrates k independent phase
shifters (PSs) in each arm, allowing simultaneous modulation by multiple signals. As shown in Fig. 1(a)&(b) ,
each differential unit consists of a pair of MOMZIs and balanced photodetectors (PDs). In each MOMZI, one arm
is applied by (wi + xi) or (wi − xi), while the other arm provides a bias that sets the initial state at the onset of the
most linear region of its sinusoidal transfer function (Fig. 1(c)). Owing to the quadratic dependence of the phase
shift on the drive signal in thermo-optic or Kerr-effect modulators, the output photocurrent scales as ∑i(wi ± xi)

2.
By subtracting the two photocurrents, the quadratic terms cancel, yielding the inner product w · x. It should be
noted that MOMZIs can encode two full-range dynamic operands on a single actuator (e.g., the two terminals of a
PS), which avoids using multiple modulators to separately encode xi and wi as in conventional architectures [2,4].
Furthermore, extensive sharing of drive signals, including both between MOMZI pairs and within each unit for
weight sharing, leads to a compact, layout-friendly PIC topology with simplified electrical routing.

2.2. Architecture of Optical Neural Networks Based on MOMZI Differential Units

We propose an optical neural network (ONN) architecture based on MOMZIs. As illustrated in Fig. 1(a), an
M ×N weight matrix is partitioned along each row into Q segments of length k. Each MOMZI pair performs a
length-k dot product within a single differential unit, enabling dense matrix-vector multiplication (MVM) through
spatial multiplexing and temporal integration. Since MOMZIs support dynamic encoding of both operands, the
architecture is also compatible with Transformer attention blocks [5], which require multiplications between two
dynamic matrices rather than fixed weights.

3. Results and Discussion

In this work, we taped out a photonic-electronic neural chip with thermo-optic MOMZIs, each unit integrating four
operands. For characterization, we fitted the transmission characteristics of each MOMZI using random length-4
input vectors and then biased it in the linear operating region (Fig. 1(c)).

To further evaluate the functionality of MOMZIs, we implemented an on-chip image processing task using
multiple 3 × 3 convolution kernels applied to an image of the UT Tower (Fig. 2(a)). As shown in Fig. 2(b),
the results exhibit the expected features with high fidelity to the digital reference. Additionally, we trained and
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Fig. 1: (a) Schematic of the MOMZI and the proposed PTC architecture. (b) Micrographs of a fabricated MOMZI.
(c) Measured MOMZI transmission response and fitted curve, with the linear operating region highlighted.
deployed a 2-layer convolutional neural network (CNN) for image classification on the Fashion-MNIST dataset,
achieving 95.0% training accuracy and 91.5% experimentally measured test accuracy (Fig. 2(c)).
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Fig. 2: Experimental results of on-chip image processing and classification tasks. (a) UT Tower image and the
feature maps extracted by different kernels. (b) Measured and ideal waveforms of the convolution outputs. (c)
Confusion matrix for Fashion-MNIST image classification with on-chip inference.
4. Conclusion
In this work, we demonstrated a MOMZI-based PTC with high compactness and hardware efficiency. Experimen-
tal results show small deviations in on-chip tensor operations and DNN inference. The proposed PTC is compati-
ble with a variety of modern AI architectures and helps alleviate the scalability bottleneck of ONNs. This work is
supported by Air Force Office of Scientific Research and the Multidisciplinary University Research Initiative.
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