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This paper describes a system for modeling nonidealities in a silicon-photonic joint transform correlator (JTC) used as an accelerator
for convolutional neural networks (CNNs). The system is used to determine which nonidealities have the greatest impact on end-to-end
model accuracy, which helps determine what design choices can be made at the block and system level to improve performance. We
create a digital twin of the on-chip 1D JTC using transfer functions fitted from simulations, then introduce a scalar 𝛼 that mixes ideal
and realized behaviors. We quantify the 𝛼-dependent model accuracy on CIFAR-10 and SNDR differences at both the joint-power
spectrum (JPS) and the JTC output. The framework allows quantification of block- and system-level sensitivities, informing design
choices by isolating the accuracy bottlenecks within the system.
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1 Introduction

The classical Joint Transform Correlator (JTC) utilizes a property of Fourier optics wherein a spatial signal placed at the
front focal plane of an optical lens will yield its Fourier transform (FT) at the back focal plane [12]. We can leverage this
property to convolve two spatial signals by placing them together at the front focal plane of an optical lens. An array of
optical modulators modulates the signals from an initial light source. The output at the back focal plane allows us to
calculate the joint power spectrum (JPS). Performing the inverse Fourier transform (IFT) on the JPS yields the correlation
output. Spatially, this result includes both auto-correlation and cross-correlation terms. For real-valued inputs, the

Authors’ Contact Information: Aaron Yen, aaronhyen@ucla.edu, University of California, Los Angeles, Los Angeles, California, USA; Belal Jahannia,
University of Florida, Gainesville, Florida, USA; Russell L.T. Schwartz, University of Florida, Gainesville, Florida, USA; Anyu Jiang, University of Florida,
Gainesville, Florida, USA; Hangbo Yang, University of Florida, Gainesville, Florida, USA; Baibhab Chatterjee, University of Florida, Gainesville, Florida,
USA; Volker J. Sorger, University of Florida, Gainesville, Florida, USA; Hamed Dalir, University of Florida, Gainesville, Florida, USA; Puneet Gupta,
puneetg@ucla.edu, University of California, Los Angeles, Los Angeles, California, USA.

2026. Manuscript submitted to ACM

Manuscript submitted to ACM 1

https://orcid.org/0009-0002-9448-0975
https://orcid.org/0009-0009-7924-3366
https://orcid.org/0009-0003-1214-8969
https://orcid.org/0009-0005-0310-5689
https://orcid.org/0000-0002-4067-6000
https://orcid.org/0000-0002-2688-281X
https://orcid.org/0000-0002-5152-4766
https://orcid.org/0000-0002-9998-3830
https://orcid.org/0000-0002-6188-1134
https://doi.org/10.1145/nnnnnnn.nnnnnnn
https://orcid.org/0009-0002-9448-0975
https://orcid.org/0009-0009-7924-3366
https://orcid.org/0009-0003-1214-8969
https://orcid.org/0009-0005-0310-5689
https://orcid.org/0000-0002-4067-6000
https://orcid.org/0000-0002-2688-281X
https://orcid.org/0000-0002-5152-4766
https://orcid.org/0000-0002-9998-3830
https://orcid.org/0000-0002-6188-1134


53

54

55

56

57

58

59

60

61

62

63

64

65

66

67

68

69

70

71

72

73

74

75

76

77

78

79

80

81

82

83

84

85

86

87

88

89

90

91

92

93

94

95

96

97

98

99

100

101

102

103

104
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cross-correlation term is a mirrored version of the convolution of the two input spatial signals. Thus, we can use JTC to
perform the convolution operation commonly used in machine learning (ML) applications. Recent developments in
silicon photonics (SiPho) and analog mixed-signal (AMS) circuits for communications applications, such as high-speed
microring modulators (MRMs), digital-to-analog converters (DACs), analog-to-digital converters (ADCs), and driver
circuits, enable integration of 1D on-chip lenses, AMS circuits, and SiPho circuits on a 45nm monolithic process [30] to
fabricate a tightly integrated replication of the bulk optics flow for a JTC on a single chip, enabling high-throughput
low-power convolutional neural network (CNN) accelerators [20]. This work presents a framework for analyzing
photonic CNN accelerators by cataloging nonideal behaviors at each point in an on-chip JTC.1

This work analyzes a 1D JTC-based photonic CNN accelerator as described in [20]. We develop a digital twin
emulating the ideal and behavioral characteristics of each element in the system. We use a weighted average of the
ideal and realized responses as a sensitivity knob to study how moving toward ideal behavior (e.g., via circuit/process
improvements or calibration) affects system-level performance.

2 Background and Related Work

2.1 Fourier-Domain Convolution and Optical Correlators

The primitive for CNNs is the spatial convolution operation, where a kernel of dimensions 𝑘 × 𝑘 is applied at each
position of an 𝑁 × 𝑁 matrix. While traditional spatial convolution operation has a worst-case time complexity of
𝑂 (𝑁 2𝑘2), convolution can also be performed in the spatial Fourier domain by transforming the input matrix into the
frequency domain, applying the matrix as an element-wise multiplication, then taking the inverse Fourier transform
to return to the spatial domain. With the Fast Fourier Transform (FFT) algorithm, the worst-case time complexity is
𝑂 (𝑁 log(𝑁 )) for a 1D signal and𝑂 (𝑁 2 log(𝑁 )) for a 2D image. From Fourier optics, we know that when coherent light
passes through an optical lens, the lens will project the Fourier transform of the signal at the input focal plane on the
output focal plane. By using two lenses and a spatial light modulator (SLM) in the Fourier plane, the time complexity of
such a convolution can be reduced to𝑂 (𝑁 2), the complexity of modulating signals at the input and Fourier planes. This
configuration is known as the 4F correlator for the four focal length distances between the input and output planes.

2.2 Joint Transform Correlator (JTC) Operation

The accelerator class analyzed in this work is an optical correlator variant known as the Joint Transform Correlator.
The major limitations of the 4F correlator are strict alignment requirements to ensure the filter is located correctly in
the frequency domain and the need for both amplitude and phase modulation of the filter.

In the JTC, the input signal 𝑠 (𝑥) and kernel 𝑘 (𝑥) are amplitude-only combined and passed through a lens to generate
their combined Fourier transform in the optical domain, represented as

𝐸in (𝑥) = 𝑠
(
𝑥 + Δ

2

)
+ 𝑘

(
𝑥 − Δ

2

)
(1)

where 𝑠 (𝑥) and 𝑘 (𝑥) are separated by Δ. 𝐸in (𝑥) is passed through an optical lens performing the Fourier transform

𝐸F (𝑢) = 𝑆 (𝑢) 𝑒+𝑗2𝜋𝑢 Δ/2 + 𝐾 (𝑢) 𝑒− 𝑗2𝜋𝑢 Δ/2 (2)

1Corresponding code is available at https://github.com/nanocad-lab/onn-flex
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which is then captured by an array of square-law detectors to obtain 𝐼F (𝑢), another amplitude-only signal.

𝐼F (𝑢) = |𝑆 (𝑢) |2 + |𝐾 (𝑢) |2

+ 𝑆 (𝑢)𝐾∗ (𝑢)𝑒 𝑗2𝜋Δ𝑢

+ 𝑆∗ (𝑢)𝐾 (𝑢)𝑒− 𝑗2𝜋Δ𝑢
(3)

This intensity pattern 𝐼F (𝑢) is passed through a second lens, producing an output 𝐸 𝐽𝑇𝐶 (𝑥) that is a composite of the
auto-correlations and cross-correlations of 𝑠 (𝑥) and 𝑘 (𝑥).

𝐸 𝐽𝑇𝐶 (𝑥) =F −1{𝐼F (𝑢)}(𝑥)

= 𝑠 (𝑥) ∗ 𝑠 (−𝑥) + 𝑘 (−𝑥) ∗ 𝑘 (𝑥)

+ 𝑠 (𝑥 − Δ) ∗ 𝑘 (−𝑥)

+ 𝑠 (−𝑥) ∗ 𝑘 (𝑥 + Δ)

(4)

As the JTC only requires modulation of amplitude or intensity, it does not incur the additional complexity of phase
modulation. Additionally, as the signal and kernel are passed through the lens together, the alignment requirement is
more lenient compared to 4F correlator systems.

2.3 On-Chip Silicon-Photonic JTC (pJTC) Architecture

In this work, we analyze the performance of a proposed silicon-photonic JTC accelerator that leverages high-speed
optical-transceiver building blocks to shrink the JTC system to a chip-scale solution. As shown in Figure 1, high-speed
DACs and differential drivers control an array of MRMs feeding a slot-based Fresnel lens [40] that performs a Fourier
transform. The output is captured by photodetectors (PDs) and then converted by matched transimpedance amplifiers
(TIAs) and ADCs. This enables a single-lens JTC implementation; however, it introduces quantization noise between
the first and second Fourier transform operations. The resulting link is constrained by optical power budgeting across
the modulator array, diffraction efficiency and phase errors of the integrated lens, and the dynamic range available after
electronic amplification and digitization. These constraints define an operating window where photonic shot noise,
MRM extinction ratios, and ADC quantization jointly shape the usable JPS fidelity, directly informing the nonideality
models we integrate.

2.4 Related Work on Optical Correlators and Photonic Accelerators

Previous works on JTC error minimization included binarization of the JPS [13, 15, 16], phase shifting and encoding [24,
34], and fringe-adjusted filters [1, 7, 38]. For the CNN accelerator use case, binarization of the JPS is not tenable as the
JTC is used for convolution, not object detection. Binarizing the convolution operation can be effective for specific
networks and datasets, but it is not a universal replacement for convolution. Similarly, phase-shifting and encoding
were developed for detecting correlation peaks and are not a stand-in for convolution. However, these methods may be
more beneficial at a model level, where such peaking can function similarly to an activation function.

Most silicon photonic neural network accelerators (SPNNAs) today are focused on performing matrix-vector mul-
tiplications [28]. Previous works analyzing error sources in such accelerators have identified error sources such as
thermal crosstalk or process variations affecting waveguide lengths [2, 3, 9, 33]. Thermal crosstalk is a critical concern
for mesh-based SPNNAs that utilize heaters to control MZIs or MRMs [22, 36]. However, our pJTC system uses P-N
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Fig. 2. Annotated die image of the pJTC test-chip design (fabricated in GlobalFoundries’ 45SPCLO (45CLO) process), highlighting the
optical input, transmitter bank, Fresnel lens (FL), photodetector (PD) region, and ADC bank.

junctions to control MRM output, allowing any thermal gradient caused by heaters to be corrected over a much longer
timescale without performance impact. Similarly, as the majority of high-speed optical datacenter interconnects (DCI)
utilize intensity modulation direct detection (IMDD) for lower complexity and cost [4], analyses of MRM performance
for high-speed links are primarily focused on its qualities as an amplitude-only modulator. However, the field at the
optical lens input can accumulate phase errors from waveguide-length variations (process or thermal) in addition to the
Manuscript submitted to ACM
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MRMs’ parasitic phase modulation. Both effects perturb the FT output, since the ideal JTC input signal contains no
phase modulation.

As many of the components of the on-chip JTC were initially developed for high-speed communications, many of the
limitations are shared between the communication and pJTC computation applications of these devices. For example,
MRM thermal resonance locking represents an energy overhead [23] in both systems. While existing works analyzing
link budget [37] for optical DCI typically budget for insertion losses and crosstalk not seen in an on-chip system, the
elements that contribute to performance degradation, such as shot and thermal noise [25, 31], are consistent between
the two systems.

3 Digital-Twin Framework and Evaluation Methodology

3.1 Transfer-Function Modeling and 𝛼-Mixing

Using GlobalFoundries’ 45SPCLO PDK device/circuit models (characterized and validated against fabricated-chip
measurements by the platform/PDK developers [5, 27, 30]) and standard electronic design automation (EDA) and
circuit/photonic simulation tools (e.g., Cadence Virtuoso), we generate circuit/photonic simulation sweeps (with post-
layout parasitic extraction where applicable) for each element in the on-chip JTC shown in Figure 1. In this paper, all
reported block transfer functions are derived from these simulation sweeps. To capture each component’s impact, we
model each element as a steady-state (memoryless) transfer function between its inputs and outputs. This allows us
to incorporate component-level simulations while maintaining a differentiable representation for ML training. The
input/output sweep data are fit with an 𝑛-th order polynomial where 𝑛 is chosen to minimize the Akaike Information
Criterion (AIC). The pJTC test chip integrates a 16-channel Fresnel lens accommodating an 8-channel input and
8-channel kernel and sampling an 8-channel output. The system operates using an external 1310 nm laser as the optical
power source and is paired with an FPGA to handle digital processing and all elements not shown in Figure 1. We
refer readers to [40] for experimental characterization data on the pJTC platform. Since our block models are static, we
assume the system is clocked such that bandwidth/transient effects are negligible and intersymbol interference (ISI) is
insignificant over the short on-chip channel.

To model the impact of each component in the JTC system, we create a digital twin by collecting detailed input/output
responses for each element from PDK-based simulation sweeps. When additional hardware measurements are available,
the same methodology can directly fit transfer functions to measured I/O sweeps without changing the overall
framework.

Table 1. Summary of PDK-based simulation models used in the digital twin. 𝐻𝑛
fit is an 𝑛-th order polynomial fit to the corresponding

input/output sweep data and 𝑅2 is computed on the sweep data.

Block I/O range 𝐻ideal 𝑛 𝑅2 Data source
Driver [0, 1] → [−1.147, −0.3] V Linear 3 0.999979 Post-layout circuit simulation
MRM amplitude [−1.147, −0.3] V→ [1.20, 2.14] × 10−3 W1/2 Linear 2 0.999614 Device/circuit simulation
MRM phase [−1.147, −0.3] V→ [−0.593, 0.593] rad 0 (ideal amplitude-only) 2 0.999505 Device/circuit simulation
PD [1, 10] 𝜇W→ [0.105, 0.438] V Linear 2 0.999763 Circuit simulation
TIA [0.105, 0.438] V→ [0, 1] (norm.) Linear 6 0.999726 Post-layout circuit simulation

𝐻𝛼 (𝑥) = 𝛼 · 𝐻𝑛fit (𝑥) + (1 − 𝛼) · 𝐻𝑖𝑑𝑒𝑎𝑙 (𝑥) (5)

To analyze the impact of nonideal behavior in each component, we use 𝐻𝛼 (𝑥) as described in Equation 5, where the
ideal transfer function 𝐻𝑖𝑑𝑒𝑎𝑙 (𝑥) is linearly combined with the n-th order fitted polynomial transfer function 𝐻𝑛fit (𝑥) to
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Table 2. Notation for the JTC input-field layout parameterization.

Symbol Definition
𝑀 Input signal length (number of elements)
𝑁 Kernel signal length (number of elements)
𝐿 Total lens field size (number of channels)
Δ Center-to-center separation between input and kernel
𝑃𝑇 Top padding: unused channels above the input signal
𝑃𝑀 Middle padding: unused channels between input and kernel
𝑃𝐵 Bottom padding: unused channels below the kernel

form a weighted sum. Then, 𝛼 is varied from 0 to 1 to perform design-space exploration (DSE) and sensitivity analysis.
The transfer functions are applied in succession to simulate the behavior of an on-chip JTC, and we implement the
same component chain as a PyTorch model to measure its utility in a machine learning context. The benefit of such a
representation is that by characterizing the individual blocks, we can use lightweight mathematical models to capture
the behavior of each block rather than constantly running computationally-intensive Spice or photonic simulations.
At the scale of ML models, this significantly improves the speed at which analysis can be performed. Additionally,
backpropagation can be applied to the mathematical models, such that network weights can be trained to compensate
for some nonidealities of the system. The term 𝛼 is used as a continuous interpolation for sensitivity analysis and does
not necessarily correspond to a specific process knob or hardware-improvement trajectory; however, when comparing
candidate design changes (e.g., improving MRM linearity), sweeping 𝛼 can serve as a coarse proxy for incremental
improvement along that development direction.

3.2 MLWorkload and Training Setup

To benchmark the accuracy of our proposed accelerator, we evaluate its performance on supervised image classification
of the CIFAR-10 dataset, reporting top-1 accuracy on the official test set. Convolution layers are realized using the
pJTC pipeline with each convolutional layer consisting of stitched 1D convolution segments with size limitations
dictated by the maximum input, kernel, and output length supported by the pJTC hardware. As optical intensities are
nonnegative, the signed filter for each layer is represented by two unsigned filters whose outputs are subtracted to
realize a differential filter pair.

The simulated model is trained using AdamWwith cosine annealing and an initial learning rate of 10−3 for 20 epochs
with a batch size of 128. We evaluate VGG-11 on CIFAR-10 to demonstrate the high accuracy capability of the pJTC
accelerator. Table 3 shows that the ideally modeled optical pipeline performs within 1.58 percentage points of the fp32
digital baseline, while the 4-bit DAC and 6-bit ADC quantized optical model reduces accuracy to 82.92%, comparable to
the 4-bit weight and activation quantized digital reference (80.9%).

Table 3. CIFAR-10 accuracy on VGG-11 under digital and optical execution. Δ values are in percentage points relative to the digital
baseline; small discrepancies may arise from rounding.

Nonideality / Setting Accuracy Δ (%)
Baseline (Digital) 91.9% —
Digital (4-bit) 80.9% -11.0
Optical (Ideal) 90.3% -1.58
Optical (Quantized) 82.92% -8.98
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Flexible Error Modeling and Analysis of SiPho JTC Accelerators for CNNs 7

While VGG-11 can achieve a higher accuracy score, the large design space requires many repeated training runs
across nonideality settings and training configurations. Therefore, we use a shallower CNN for the remainder of the
experimentation to keep runtime and memory usage manageable. This network begins with a 16-channel photonic
convolution, batch normalization, ReLU, and 2×2 max pooling, followed by a 32-channel photonic convolution with the
same sequence. This is followed by a configurable stack of zero or more identical blocks, each containing a 32-channel
photonic convolution, batch normalization, and ReLU. Finally, the classifier head consists of 2×2 max pooling, flatten,
and two fully connected layers of size 256 and 10. Kernel length is fixed at 8 to match the correlator.

3.3 Evaluation Metrics

For each component of the JTC, we analyze the impact of its nonidealities at three junctures:

(1) Signal-to-noise and distortion ratio (SNDR) at the ADC output of the first Fourier pass, computed against an
ideal Fourier transform (JPS).

(2) SNDR at the ADC output of the second Fourier pass, computed against an ideal 1D convolution.
(3) Top-1 accuracy of an ML model trained on an ideal JTC system when executed on a nonideal system.

For SNDR calculations, the outputs of the JTC system and the ideal output are normalized to the [0, 1] range, computed
per sample, and averaged over 100,000 random inputs.

For accuracy baselines in the design-space sweeps (shallow network), we also evaluate an all-digital reference using
the same network topology, but with photonic convolution blocks replaced by standard digital convolution. This FP32
baseline reaches 67.5% accuracy. To isolate quantization effects, we insert the same quantize/dequantize operators used
in our optical pipeline at the corresponding points (4-bit inputs and weights and 6-bit outputs), which yields 60.13%
accuracy. To approximate the single-lens pJTC’s Fourier-plane sampling, we additionally apply 4-bit quantization in the
Fourier domain, reducing the digital model to 46.66% accuracy, comparable to the ideal optical model.

For SNDR comparisons, we expect a theoretical maximum achievable SNDR of 37.88 dB, equivalent to 6 bits ENOB
(Effective number of bits), such that the difference between ideal and simulated outputs is less than half of the LSB of
the ADC.

4 Component-Level Nonideality Models and Sensitivity

4.1 Modulator Stage (MRM): Amplitude Linearity and Parasitic Phase Modulation

The ideal modulator for a JTC is a linear, amplitude-only spatial light modulator (SLM). In practice, high-speed, low-
power modulators such as MRMs are not ideal and thus require nonlinear input schemes to achieve linearized output
amplitude [8]. Another characteristic of MRMs is that they modulate phase in addition to magnitude [41]. In high-speed
optical communications, this manifests as a frequency “chirp”.

𝐸𝑝𝑜𝑠𝑡𝑙𝑒𝑛𝑠 ∝
∫

𝐴(𝑥)𝑒𝑖𝜙 (𝑥 )𝑒−𝑖
2𝜋
𝜆𝑓
𝑥𝑢
𝑑𝑥 (6)

In JTC applications, parasitic phase modulation presents as a phase distortion at the input of the on-chip lens.
Equation 6 represents the field at the output plane of the on-chip lens where an optical signal with amplitude 𝐴(𝑥)
and phase 𝜙 (𝑥) is applied at the input plane, where 𝑥 is the coordinate in the input plane, 𝑢 is the coordinate in the
output plane, 𝜆 is the modulated wavelength, and 𝑓 is the focal length of the lens. An ideal SLM will produce no phase
modulation, i.e., 𝜙 (𝑥) = 0, whereas MRMs, with input-dependent 𝜙 (𝑥), will distort the output.
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Fig. 3. MRM amplitude response: ideal vs realized transfer function (left) and impact on model accuracy and convolution SNDR
(right).

1.0 0.8 0.6 0.4
Input

0.6

0.4

0.2

0.0

0.2

0.4

0.6

Ou
tp

ut

Ideal (0.0)
Poly fit (deg 2, R²=0.99950)
CSV data

0.0 0.2 0.4 0.6 0.8 1.0
Distortion Ratio ( )

0

10

20

30

40

50

60

In
fe

re
nc

e 
Ac

cu
ra

cy
 (%

)

Inference Accuracy
SNDR (pJTC output)
SNDR (JPS)

10

0

10

20

30

40

50

SN
DR

 (d
B)

Fig. 4. MRM phase response: ideal vs realized transfer function (left) and impact on model accuracy and convolution SNDR (right).

To test the impact of varying levels of nonideality, we use 𝛼 to represent the proportion of the resultant transfer
function 𝐻 (𝑥) that is from an 𝑛-th order polynomial fitted to simulation data representing the input-output relationship
for a given component of the JTC engine. A possible solution to unwanted phase modulation is the use of microring-
assisted Mach-Zehnder modulators and other push-pull dual MRM configurations that have been demonstrated to
perform amplitude-only modulation for high-speed communications [6, 11, 19, 39, 43, 44] up to 124 GBaud [10]. These
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configurations minimize chirp by combining the output of two MRMs driven with opposite values, nulling their
respective phase modulations.

A second limitation of MRMs is that the output is not linear with the voltage applied, but rather is dependent on the
quality factor of the resonator to determine the steepness of its voltage curve. A possible solution is to design a ring
with a lower Q factor and operate in the linear slope regime. Reducing Q would increase the range where the detuning
slope is linear (in WL/Hz), translating to a larger V range. It is also possible to limit the electrical input to the MRM to
operate within the quasi-linear region of the modulator.

This can be resolved by using a higher resolution DAC and applying a pre-distortion look-up table that corrects
for MRM nonlinearity. It is also important to note that MRMs exhibit asymmetric rise and fall times due to carrier
recombination times. At higher symbol rates, the transmitter may need to implement an asymmetric, pattern-dependent
pre-emphasis filter.

4.2 Data Converter (DAC/ADC) Linearity andQuantization

The nonideal transfer characteristics of the onboard DACs and ADCs are modeled using a similar transfer-function
approach. The ADC and DAC are modeled using a quantize-dequantize scheme with a straight-through estimator in
the backward pass, with the fitted nonlinear transfer function applied before and after the quantization, respectively.
For our steady-state analysis, we use the standard DNL and INL metrics. DNL measures the step-to-step deviation, and
INL measures the overall deviation of the converter. Aside from nonidealities for these components not unique to the
JTC, their input/output must be well integrated with the rest of the JTC system to maximize the available dynamic
range. In our model, we use the transition levels for each code to build a nonuniform quantizer that can be applied at
analog/digital transitions.
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Fig. 5. Driver response: ideal vs realized transfer function (left) and impact of nonlinearity on model accuracy and convolution SNDR
(right).
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4.3 Electrical Driver Linearity

In the JTC system, the driver functions as an interface between the DAC output and MRM input, providing impedance
matching, current drive capacity, and scaling. In our case, the driver’s adjustable bias current allows us to tune the
output voltage range to match the MRM’s input voltage range. The requirements and limitations for an MRM driver
for computation and communications systems are similar, and as such are not discussed in detail. It can be seen that
despite the small (1.2%) deviation of the driver transfer function from the ideal relationship at 𝛼 = 0.1, Figure 5 shows a
significant impact on model accuracy with a drop from 43.1% to 30.1%. This is largely due to distribution shift rather
than information loss, as the difference in transfer function acts similarly to an input-dependent gain error, shifting
activation statistics away from trained values. By re-estimating only batch-normalization statistics, we can recover
accuracy from 30.1% to 41.1% at 𝛼 = 0.1, close to the 43.1% ideal baseline.

4.4 Photodetector and TIA: Linearity and Saturation
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Fig. 6. PD response: ideal vs realized transfer function (left) and impact on model accuracy and convolution SNDR (right).

It is also critical that the system utilizes the optimal operating region of the PD and TIA. The laser power and the
MRMs’ optical modulation amplitude (OMA) control the PD input optical power range. A tradeoff exists between
increasing the laser power to improve PD detection precision and remaining within the PD’s linear and saturation-free
input range. Similarly, the TIA should be designed and configured to accept the PD output within its linear range.
It should also scale the output to the optimal level for ADC operation, as optimal clipping can improve quantized
performance by as much as 1 bit equivalent [32].

Figure 6 shows that the ideal receiver transfer function has a linear relationship between detected optical power and
voltage. However, we can see from Figures 7 and 8 that TIA saturation limits the linearity of the PD/TIA response.
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Fig. 7. TIA response: ideal vs realized transfer function (left) and impact on model accuracy and convolution SNDR (right).
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Fig. 8. Composite PD/TIA response: a linear fit to the pre-saturation region against the full-range sixth-order fit, isolating the deviation
caused by TIA saturation.

5 System-Level Architectural Effects

5.1 Integrated Lens Model

For the on-chip JTC, a 1D Fresnel lens is used to realize the Fourier transform. This introduces optical aberrations,
including discretization from Fresnel-lens faceting and manufacturing variations from process imperfections. Such
imperfections can be captured by applying a distortion operator on the Fourier-plane field. Here, we assume that the
pixel pitches of the input and output waveguides to the lens are equivalent and thus model the lens as an ideal FFT. We
focus on the design space decision for the size of the optical field in points, or the number of input and output channels
available on each focal plane of the lens. Increasing the size of the optical field allows for separation of the input signal
and the convolution kernel, which is necessary to separate the auto-correlation and cross-correlation terms at the JTC
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output [35]. In this paper, the geometric field-size and placement sweeps in Sec. 5.4 and 5.5 assume an ideal FFT lens.
As a result, those conclusions should be interpreted as non-lens-limited, isolating geometric effects and interactions
with other modeled nonidealities.

To quantify lens nonideality in a compact, system-level form, we represent the realized lens as a discrete linear
operator 𝑄 mapping input waveguide channels to output channels (after normalizing out overall loss) [12]. For the
sensitivity study in this paper, we use a representative 𝑄 obtained from a scalar-diffraction simulation of an integrated
1D Fresnel lens [12]. Let 𝐹 denote the ideal (unitary) discrete Fourier matrix (so 𝐹 −1 is its inverse/conjugate-transpose).
After removing a global phase, we define the unitary deviation 𝑈 = 𝑄𝐹 −1 and parameterize it as 𝑈 = exp(𝑖Θ) with
Hermitian generator Θ [14].

𝑈 =𝑄𝐹 −1, 𝑈 = exp(𝑖Θ) (7)

We then fit a reduced-order generator using a 1D Legendre-induced basis by conjugating a diagonal Legendre phase
profile by the ideal unitary DFT pair (𝐹 and 𝐹 −1) [12, 17, 21].

Θ ≈ Θfit =

𝐾∑︁
𝑘=1

𝑎𝑘𝐵𝑘 , 𝐵𝑘 = 𝐹 diag(𝑃𝑘 ) 𝐹 −1 (8)

This construction corresponds to applying a diagonal Legendre phase profile across the lens channels and mapping
it through the ideal Fourier operator. Here 𝑃𝑘 is the sampled, piston-removed, normalized 𝑘-th Legendre mode on
𝜌 ∈ [−1, 1]. Figure 9 shows the system-level impact of the 2nd-order lens model across varying values of distortion
strength 𝛼 .
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Fig. 9. Impact of lens distortion strength (𝛼 ) on inference accuracy and SNDR at the JPS and pJTC output.

5.2 Process Variation: Splitter Imbalance

Process variations are a critical concern for pJTC systems. [9] shows that variations in line edge roughness in silicon
photonics processes can result in significant imbalances in a 50-50 optical splitter. This can be somewhat improved with
careful design [9], but still has a large potential impact on the system’s performance [42]. As our system is sensitive to
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both phase misalignment and amplitude imbalance, we can expect that process variations will have a significant impact
on the system’s performance.
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Fig. 10. pJTC performance across different splitter imbalance distributions.

In our design, we use a series of 1→2 splitters in a balanced binary tree configuration to create an array of waveguides
for modulation. We model the possible variations in the MRM input optical amplitude by applying batched Monte-Carlo
draws for each of the splitters in the tree. Each splitter’s ratio is sampled from N(0.50, 𝜎2). This simulates inference on
an array of pJTC cores, each having slightly different imbalances. Figure 10 shows how widening splitter imbalance
distributions impacts pJTC inference accuracy.

It is feasible to define a procedure to calibrate individual array amplitudes by modifying the global output amplitude
at the DAC or driver output, or through the use of variable optical attenuators. A set of patterns selected to remove lens
output channel variation impacts could be used to isolate the amplitude variations of individual channels. Similarly,
one could select patterns to calibrate for variations at the output of the lens prior to the ADC.

5.3 Stochastic Noise: Laser Amplitude Noise and PD Input Noise

To address additional noise sources beyond deterministic transfer-function distortions, we add two effective stochastic
noise models that operate on optical power and are sampled independently for the two optical passes (JPS and output-
plane measurement). We parameterize laser source amplitude noise by a relative RMS intensity level 𝜎rin (reported in
dB as 20 log10 𝜎rin), and we parameterize receiver noise by an input-referred PD optical-power noise standard deviation
𝜎pd (W RMS). First, we model laser amplitude noise as a per-shot multiplicative perturbation on optical power. For
each optical pass and each shot, we sample 𝜀 ∼ N(0, 1) and define a log-normal scale factor 𝑠 = exp

(
𝜎log𝜀 − 1

2𝜎
2
log

)
,

where 𝜎log is the standard deviation of ln 𝑠 and the − 1
2𝜎

2
log term enforces E[𝑠] = 1. We define the target relative RMS

intensity noise as 𝜎rin = 𝜎𝐼 /𝐼 , where 𝐼 is the nominal (mean) optical power for that shot and 𝜎𝐼 is the standard deviation
of the per-shot intensity fluctuation (equivalently, since E[𝑠] = 1, 𝜎rin is the square root of the variance of 𝑠). For the
unit-mean log-normal model above, this yields 𝜎log =

√︃
ln(1 + 𝜎2rin). The same 𝑠 is broadcast across channels within

a shot and is applied prior to splitter imbalance, so common-mode source noise becomes channel-uneven after the
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nonideal splitter tree. 𝜎rin is varied as an effective integrated amplitude-noise metric (not a RIN PSD in dB/Hz). For a
flat, one-sided RIN power spectral density of the normalized power fluctuation (Δ𝑃/𝑃) with linear units RINlin (1/Hz)
over an effective noise-equivalent bandwidth 𝐵NE (Hz), the relative RMS satisfies 𝜎2rin ≈ RINlin𝐵NE.

Second, we model photodetector noise as an input-referred additive Gaussian perturbation on the PD input optical
power, sampled i.i.d. across tensor elements and clamped to the modeled PD power range. We sweep 𝜎rin from -80 to
-30 dB (0.01% to 3.16% RMS) and 𝜎pd from 10−10 to 10−6 W RMS to span receiver-relevant regimes. For example, [18]
reports a DFB laser with measured RIN < −150 dBc/Hz and an on-chip PD with responsivity ≈ 1.02A/W and O/E
bandwidth > 20GHz, while [26] estimates an input-referred receiver noise density of 14 pA/

√
Hz. Using 𝐵≈10GHz

gives 𝜎rin ≈ 3 × 10−3 (i.e., ≈ −50 dB, or 0.3% RMS) for RIN = −150 dBc/Hz, and shot-noise-limited detection gives
𝜎𝑃 ≈

√︁
2𝑞𝑃𝐵/𝑅, which evaluates to 𝜎𝑃 ∼ 10−7 W for 𝑃 ∼ 10−6–10−5 W, 𝑅 ∼ 1A/W, and 𝐵 ∼ 10–20GHz [18, 29].
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(a) Laser amplitude-noise sweep.
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(b) PD input-referred noise sweep.

Fig. 11. Impact of effective stochastic noise sources on inference accuracy and SNDR at the JPS and pJTC output.

Figure 11a shows that laser amplitude noise has a limited impact on accuracy for 𝜎rin below −50 dB; similarly,
Figure 11b shows that accuracy is stable for PD input noise up to 10−8 W RMS, with sharp degradation beyond,
motivating noise-aware training or averaging at readout. As SNDR is a continuous metric calculated against an ideal
reference using random test vectors, it degrades smoothly, whereas top-1 accuracy is a discrete metric that is resilient
until the noise becomes comparable to the class-discriminative signal differences.

5.4 Waveguide Layout: Readout Region and Spatial Nonuniformity

Ourwaveguide configuration analysis identifies position-dependent error sources and supports component-by-component
parameterization. Testing with 8- and 16-channel configurations reveals that signal location produces unique spatial
error mechanisms.

We employed several spatial configurations to estimate position-dependent error. The notation is summarized in
Table 2. We define these configurations using 𝑃𝑇 , 𝑃𝑀 , and 𝑃𝐵 , where 𝑃𝑀 = Δ − (𝑀 + 𝑁 )/2 and Δ is the center-to-center
separation of the signal and kernel at the input field. The remaining channels are split such that 𝑃𝑇 +𝑃𝐵 = 𝐿−𝑀−𝑁 −𝑃𝑀 ,
with examples shown in Figure 12b–d. We also specify the readout region, i.e., the portion of the total output field that
is taken as the convolution output.
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Table 4. JTC readout configurations with 8-element input signal, 8-element kernel signal, and no middle padding between input and
kernel signals

Configuration 𝑃𝑇 𝑃𝑀 𝑃𝐵 Total Output Readout Region Final Accuracy Improvement
Baseline[4-12] 0 0 0 16 [4–12] 48.83% Reference
Split[0-4,12-16] 0 0 0 16 [0–4] ∪ [12–16] 50.97% +2.14%
Padding[8-16] 8 0 8 32 [8–16] 51.73% +2.90%
Padding[12-20] 8 0 8 32 [12–20] 47.42% -1.41%
Padding[16-24] 8 0 8 32 [16–24] 46.73% -2.10%
Adjacent_Avg 8 0 8 32 Average 49.27% +0.44%
Merged[8-24] 8 0 8 32 [8–24] 45.18% -3.65%
Edge[0-8,24-32] 8 0 8 32 [0–8] ∪ [24–32] 43.38% -5.45%

As an example, consider the configuration illustrated in Figure 12c. Here, both the input signal and the kernel occupy
8 channels (𝑀 = 𝑁 = 8), with a middle gap between them (𝑃𝑀 = 3). Eight unused channels are padded above the
input (𝑃𝑇 = 8) and seven below the kernel (𝑃𝐵 = 7), yielding a total lens field size of 𝐿 = 𝑃𝑇 +𝑀 + 𝑃𝑀 + 𝑁 + 𝑃𝐵 =

8 + 8 + 3 + 8 + 7 = 34 channels. The readout captures the 8 output channels corresponding to the cross-correlation term,
as depicted in Figure 12f.

Edge channels (0–8 and 24–32) are 7% less accurate than center channels (12–20), which points to spatially nonuniform
error accumulation. Degradation arises from optical-field distribution asymmetry near the lens edge and waveguide
coupling variation.

Table 4 shows that 16-channel systems have higher sensitivity to edge effects than 8-channel implementations.
Central channels maintain ∼50% accuracy after retraining, while edge channels drop to 43–45%. These spatial error
gradients represent a fundamental error source in JTC systems, where physical position within the optical field directly
correlates with achievable accuracy independent of component quality.

5.5 Correlation-Term Separation: Field Size and Signal-Kernel Spacing

Figure 12a shows the number of overlap-free cross-correlation points at the output as the lens field size and the
separation between the input and kernel signals are varied. Ideally, the cross-correlation and auto-correlation terms
will be completely separated in space, allowing detection without interference. However, phase noise, interference, or
nonideal modulation may shift the spectra, necessitating more than the minimum separation defined in Equation 9,
where𝑀 and 𝑁 are the signal and kernel lengths and Δ𝑚𝑖𝑛 is the minimum center-to-center spacing.

Δ𝑚𝑖𝑛 =𝑀 +max(𝑀, 𝑁 ) − 1 (9)

Equation 10 describes the minimum lens size 𝐿 required to avoid overlapping correlation terms.

𝐿 ≥ 2Δ + 2𝑁 − 1 (10)

Equations 9 and 10 can be combined to form Equation 11, which describes the minimum lens size required based
only on the input and kernel lengths.

𝐿 ≥ 2𝑀 + 2𝑁 + 2max(𝑀, 𝑁 ) − 3 (11)
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Fig. 12. a) Heatmap of the number of cross-correlation points without overlap from other correlation terms in a pJTC at different
lens sizes and separations between input and kernel. b–d) Sample input/kernel configurations. e–g) Corresponding sample output
correlation locations.
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Fig. 13. Accuracy vs. network depth at different points in Figure 12a.

Figure 13 shows that separation of auto- and cross-correlation terms affects network design. The output-region
overlap can be seen in Figure 12e–g. In this test case, we modulate network depth by varying the number of identical
intermediate layers 𝐷 before the output linear layers, and we train the network from scratch for each setup. This study
only considers nonidealities from different 𝐿 and Δ values to ensure that the only limitation is overlap of auto- and
cross-correlation terms. When overlap is significant, ∼50% of the output power of each layer comes from auto-correlation
terms. As autocorrelation power dominates the output, the convolution’s expressiveness decreases with each subsequent
layer, and network accuracy degrades as depth increases.
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6 End-to-End Accuracy Impact and Nonideality-Aware Training

Training neural networks on photonic JTC accelerators presents unique challenges stemming from hardware-enforced
quantization and nonidealities distributed throughout the optical processing pipeline. Our comprehensive analysis
reveals how physical limitations at each component—from electrical-to-optical conversion through Fourier-domain
processing—cascade through the system, with distinct impacts on network convergence and accuracy.

Table 5. Component nonideality impact on accuracy. In this table, the baseline configuration represents an ideal photonic pipeline
with transfer function 𝛼 = 0 for all blocks, no quantization, and an ideal FFT lens. “Quant only” analyzes the impact of quantization
under ideal transfer functions. “All” enables quantization together with all modeled distortions. This baseline is distinct from the
all-digital baselines in Table 3.

Nonideality Inference (%) Fine-tune (%) Retrain (%)
Baseline 43.1 43.8 43.6
Quant only 11.4 24.2 33.4
Driver distortion 10.2 22.8 33.7
MRM amplitude distortion 10.0 24.4 32.2
MRM phase distortion 9.6 27.3 48.3
Lens distortion 10.0 32.0 46.9
PD distortion 9.8 34.5 43.9
TIA distortion 10.4 23.4 49.9
All (quant + distortions) 10.7 21.1 29.2

Table 5 summarizes the impact of hardware nonidealities on model accuracy. We evaluate the accuracy first with
training on an ideal accelerator without quantization, then inference with different nonidealities enabled. We first test
in a one-at-a-time configuration, then with all nonidealities applied, as would be the case in a realized accelerator. We
also evaluate performance after fine-tuning for five additional epochs with a 10−4 learning rate, and after training
from scratch with nonidealities applied throughout training. Fine-tune and retrain results are averaged over five
independently seeded runs.

It can be seen that the direct application of weights trained assuming an ideal accelerator does not show good
performance under severe nonidealities. For example, in the combined “All” setting, inference accuracy drops to 10.7%.
Table 5 shows that fine-tuning can improve accuracy (to 21.1%), and that training from scratch with nonidealities
applied throughout training can further recover accuracy (to 29.2%). To maximize performance, weights can be trained
based on nonideal transfer functions (PDK-simulation-derived, or measurement-derived when available), improving
accuracy relative to direct inference from Baseline-trained weights.

The retrain column in Table 5 shows that the PD, TIA, MRM phase, and lens distortions do not degrade accuracy
under nonideality-aware training but rather improve accuracy relative to the baseline. These transfer functions are
smooth and information-preserving, which training can leverage, and the saturating TIA response in particular acts
as an additional nonlinear activation in an otherwise nearly linear optical layer. For example, when the TIA transfer
function is replaced by a tanh function, the model trains to 46.6%, suggesting that the accuracy gain comes from
the added smooth nonlinearity rather than the specific hardware curve. Conversely, the driver and MRM-amplitude
distortions cannot be recovered by retraining. Both transfer functions flatten at the ends of their ranges, which discards
input information that training is not able to restore. When the driver response is replaced with an equal-magnitude,
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inverted version of the driver nonlinearity, the model increases in accuracy to 47.1%, indicating that information loss
rather than distortion magnitude is the primary cause of accuracy loss.

Because MRMs are thermally sensitive, we assume the system employs resonance locking and/or temperature control
such that thermal drift during inference is negligible. We therefore focus on process variations and residual thermal
shifts when evaluating system performance.

6.1 Fourier-Plane SamplingQuantization

The single-lens pJTC architecture requires that the JPS is squared, sampled, and digitized after the first Fourier pass,
then regenerated at the input to the same lens to implement the inverse Fourier pass. A major drawback to this approach
is the necessity of quantization in the Fourier plane. Figure 12e–g show that high-spatial-frequency regions can be
much smaller in magnitude than low-frequency regions, even though they often contain more information. This means
that if we reuse the same ADC design (and therefore bit depth and input range), we may incur larger quantization noise
in the high-frequency terms of interest.

48121620242832
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Fig. 14. Impact of Fourier-plane quantization bit depth on end-to-end model accuracy.

Figure 14 shows that increased quantization levels in the Fourier plane can have a major impact on accuracy below 8
bits of precision. Thus, when power is a primary constraint, integrating a second lens to avoid Fourier plane quantization
can be more attractive than relying on a high-precision Fourier-plane digitization loop. To provide a quantitative
comparison, we use the component budgets and scaling model reported in the supplementary material of [40]. Table 6
summarizes the resulting area/power breakdown for the 𝑁wg = 16, 𝑁𝜆 = 1 case (matching the 16-channel lens used
in our prototype), computed using the scaling model in [40] and the corresponding breakdown for a baud-limited
single-lens case. This conservative estimate does not account for the additional Fourier plane DAC/ADC power or area
required to achieve >6-bit precision, which is shown to be necessary in Figure 14.

A potential mitigation that maintains a single ADC design across all channels is to reduce the effective dynamic
range seen by the ADC front end through spatial frequency-dependent optical scaling. For example, low-frequency
channels where large signal magnitudes are expected could be optically attenuated to half power using waveguide
splitters, reducing ADC dynamic range requirements and thus quantization noise for smaller signals. After digitization,
the attenuated channel magnitudes can be bit-shifted to restore their relative values. This type of companding improves
the relative precision of each channel without increasing ADC design requirements.
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Table 6. First-order area/power comparison between a dual-lens pJTC (no intermediate digitization) and a single-lens digitize-and-
relaunch variant for 𝑁wg = 16, 𝑁𝜆 = 1.

Dual-lens Single-lens + digitize/relaunch
Power (W)
ADC(s) 0.309 0.309
DAC(s) 0.0711 0.0711
MRR(s) 0.0320 0.0160
Laser(s) 0.0120 0.0120
Total 0.424 0.408
Area (mm2)
Lens(es) 7.68 × 10−2 3.84 × 10−2
ADC(s) 3.04 × 10−2 3.04 × 10−2
DAC(s) 2.44 × 10−2 2.44 × 10−2
PD(s) 3.87 × 10−2 1.93 × 10−2
MRR(s) 1.57 × 10−2 7.84 × 10−3
Beam splitters 5.41 × 10−3 5.41 × 10−3
Total 1.91 × 10−1 1.26 × 10−1

Derived metrics (baud-limited digitize-and-relaunch)
Throughput (TOPS) 1.28 0.640
TOPS/W 3.02 1.57
TOPS/mm2 6.69 5.09

7 Conclusion

We present a flexible digital twin of a SiPho JTC system to quantify how hardware nonidealities impact convolution
and CNN accuracy. This enables sensitivity-driven design-space exploration to identify the most critical hardware
improvements without repeatedly running device-level simulations. Our analysis shows that lens distortion is the
most damaging distortion at inference time without retraining as it changes the Fourier mixing behavior rather than
acting as a distribution shift that can be corrected by batch-normalization statistics recalibration or nonideality-aware
training. With retraining, accuracy is limited by MRM amplitude nonlinearity and driver distortion, whereas TIA
saturation, parasitic phase, and lens distortion train to accuracies at or above the ideal-hardware baseline due to
increased nonlinearity-induced expressivity. We also observe that capturing a non-overlapped cross-correlation term is
key to network performance: both selecting the correct output channels and ensuring that they are not overlapped
affect accuracy, especially as network depth increases. These findings help guide future designs, where we size the lens
field and choose input/kernel separation to satisfy the derived minimum conditions, and we prioritize minimizing lens,
driver, and MRM amplitude distortions.

In general, the framework helps identify which areas in the system benefit most from hardware performance
improvements. After design improvements, updated transfer functions can be swapped into the digital twin to validate
end-to-end accuracy impact and iterate toward performance targets. Our current study uses steady-state, memoryless
block transfer functions, augmented with effective stochastic laser/PD noise models and a reduced-order unitary lens
distortion model. Extending the framework to capture dynamic bandwidth/transient effects, as well as additional noise
sources, is left for future work.
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