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« Background:

Integrated photonic engines for programmable atomic control
recently reported in [1] [2] enable fast and dynamic individual
beam addressing for neutral atoms.
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» Challenges:

The hardware system is highly complex, comprising multiple
free-space optical components, spatial light modulators (SLM)
and a multi-channel programmable photonic integrated circuit
(PIC). Achieving fast, real-time precise control of individual
addressing beams remains a key technical hurdle.
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A Proposed Solution:

1) Build a digital twin model of control hardware (currently only
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2) Formulate mathematical representations of the hardware [3]

' [Define Param. Sets {V(t)}, {}, {@] Digital Twin of APIC

3) Integrate the hardware digital twin model into the quantum optimal control (QOC) workflow

Neural Digital Twin of SLM using CNN Architecture
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optimizers - Proximal Policy Optimization (PPO)-RL and End-to-End RL.
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the modulation stage involving SLM and PIC is implemented)
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Output: Phase Pattern on SLM

« [note] three QOC algorithms have been implemented: one classical hybrid local and global solver, Self-Adaptive Differentiable Evolution (SADE)-Adam, and two Al-based

Training of neural digital twin for SLM
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- 10,000 training samples generated using simsuite [4]

- Fast inference with digital twin model: 10 ms vs. 3 s for
classical Gerchberg—Saxton (GS) algorithm
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Hardware co-designed QOC optimizer performance
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- DT model serves as
env. for RL
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