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Abstract 
We present a unified physical AI architecture for full-body humanoid control based on distributed hexagonal boron 
nitride (hBN) synaptic cavities interconnected by serpentine waveguide networks. Inspired by the tripartite organisation 
of the biological nervous system — spinal cord, peripheral plexuses, and autonomic ganglia — the proposed framework 
maps wave interference directly onto motor computation without discrete digital processing. The central cavity (head) 
performs global wave interference analogous to spinal cord integration; modular peripheral cavities at each joint 
implement local reflex processing; and serpentine inter-cavity waveguides mimic the brachial plexus (C5–T1) and sciatic 
nerve (L4–S3) branching topology. The hBN memristor stack (8–18 atomic layers, CVD-grown, flexible PET substrate) 
provides attojoule-per-event synaptic switching and broadband tactile sensing up to the MHz regime via 23.5° twist-
angle moiré phonon-polariton enhancement. A hierarchical control architecture integrating a high-level GR00T planning 
module with the real-time distributed wave system is formalised, including a wave-parameter mapping layer, Time-
Sensitive Networking (TSN) communication protocol, and a Von Mises / Particle-Filter phase-tracking pipeline achieving 
sub-millisecond reflex latency. Simulation results confirm XOR-gate physical logic, Kepler-scaling echo memory (T∝ 
L1.2), and >98% classification accuracy at the optimal operating point (α = 0.88, Q = 104). This work establishes the 
theoretical and engineering foundation for a Physical AI humanoid whose nervous system is implemented entirely in 
the wave dynamics of a 2D-material heterostructure, with direct implications for energy-efficient robotics, neuromorphic 
prosthetics, and distributed embedded intelligence.

Keywords: Physical AI, HBN Memristor, Serpentine Waveguide, Neuromorphic Computing, Humanoid Control, Brachial 
Plexus, Sciatic Nerve, Wave Interference, Moiré Synapse, Distributed Cavity Network, Spinal Cord Architecture, Reflex 
Loop, Von Mises Filter, THz Plasmonics, Reservoir Computing

Introduction
Modern humanoid robots rely on centralised GPU clusters for motor inference, consuming watts per joint and introducing 
latencies that preclude biological-speed reflexes [1,2]. The von Neumann bottleneck — shuttling data between processor 
and memory — accounts for over 60% of computing energy in contemporary robotic controllers [3]. Reservoir computing 
offers a compelling alternative: exploit the intrinsic dynamics of a physical medium as a distributed, continuously 
updated memory, reading out motor commands without discrete digital logic [4,5].

Graphene–hBN moiré heterostructures support THz/IR plasmon-polariton modes with exceptional field confinement 
and gate-tunability at ~10−11 J/operation, making them ideal substrates for physical reservoir computing [6,7]. The 
serpentine channel geometry implements spatiotemporal memory with echo dynamics scaling as T∝L1.2, a Keplerian 
analogy derived in prior work [8,9].

In this work we make a conceptually distinct advance: we deploy hBN synaptic cavities not in a single head-mounted 
module but throughout the entire humanoid body, forming a body-wide distributed cavity network whose wave dynamics 
directly compute and transmit motor commands. The architecture is explicitly mapped onto three tiers of the biological 
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nervous system: (i) a central spinal-cord analogue performing global interference and reflex pattern generation; (ii) 
peripheral nerve analogues — brachial plexus and sciatic nerve — implemented as serpentine waveguide bundles 
branching to each joint; and (iii) autonomic ganglion analogues as threshold cavity nodes providing slow modulatory 
control [10,11].

This paper presents the complete mathematical framework, architecture design, communication protocol, phase-tracking 
pipeline, and simulation validation of the proposed system. Section II formalises the wave computation model. Section 
III describes the three-tier cavity architecture. Section IV presents the hierarchical GR00T–Wave hybrid controller. 
Section V details the hBN synapse stack and moiré physics. Section VI covers simulation results. Sections VII and VIII 
discuss implications and conclude.

Wave Computation Model
Physical XOR Gate via Wave Interference
The fundamental computational primitive is a wave-based XOR gate realised through constructive and destructive 
interference. Two input waves carry amplitudes A and phases φ1, φ2; the output intensity is
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II.  WAVE COMPUTATION MODEL 

A.  Physical XOR Gate via Wave Interference 
The fundamental computational primitive is a wave-based XOR gate realised through constructive and destructive 
interference. Two input waves carry amplitudes A and phases φ1, φ2; the output intensity is 

Iᵒᵘᵗ = |Aeⁱφ₁ + Beⁱφ₂|² 
XOR logic emerges when both inputs are present with relative phase Δφ = π: destructive interference drives Iᵒᵘᵗ 0, 
implementing the (1, 1) →0 entry. Table I summarises the complete truth table.12,13 

 
TABLE I. Physical XOR gate truth table implemented by wave interference in the hBN serpentine cavity. 

Input A Input B Output (XOR) Interference Physical Mechanism 

0 0 0 None No input 

1 0 1 Single-source Route 0 dominant 

0 1 1 Single-source Route 1 dominant 

1 1 0 Destructive (Δφ=π) Complete cancellation 
 

FIGURE 1: Wave XOR Gate Architecture 
  [Input A: phase φ₁] ----\ 
                          >--- [hBN Synapse Region] --- [Threshold Detector] --- Output {0,1} 
  [Input B: phase φ₂] ----/ 
 
  Δφ = 0  → Constructive interference → I_out > I_thresh → HIGH (1) 
  Δφ = π  → Destructive interference → I_out < I_thresh → LOW  (0) 
FIG. 1. Physical XOR gate using wave interference in the hBN serpentine cavity. Input phases φ₁ and φ₂ are set by polarisation-
controlled graphene phase shifters. The threshold detector converts the interference intensity directly to binary output without 
electronic logic. 

B.  Spinal Cord as Wave Summation Processor 
The spinal cord is modelled as a 2D wave field in which excitatory (EPSP) and inhibitory (IPSP) neural signals map 
onto constructive and destructive wave interference respectively. The total intensity field at position x is 

I(x) = |Σₖ Aₖ e⁻ⁱφₖ|² 
This fully-connected summation is performed in O(1) time by the physical propagation of waves through the cavity 
network, eliminating the O(N²) multiply-accumulate operations required by digital neural networks.4 

C.  Ganglion as Neuromorphic Threshold Gate 
Each ganglion node implements a nonlinear activation function analogous to the biological preganglionic–
postganglionic synapse: 

O = σ(I − θ) 
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Spinal Cord as Wave Summation Processor
The spinal cord is modelled as a 2D wave field in which excitatory (EPSP) and inhibitory (IPSP) neural signals map onto 
constructive and destructive wave interference respectively. The total intensity field at position x is

This fully-connected summation is performed in O(1) time by the physical propagation of waves through the cavity 
network, eliminating the O(N²) multiply-accumulate operations required by digital neural networks [4].

Ganglion as Neuromorphic Threshold Gate
Each ganglion node implements a nonlinear activation function analogous to the biological preganglionic–postganglionic 
synapse:

where I is the local wave energy, θ is the threshold, and σ is a sigmoid nonlinearity. In hardware, the hBN memristor 
switching event provides the threshold: when accumulated wave energy exceeds the memristor switching barrier, the 
resistance state changes, providing a binary output current pulse with ~attojoule energy cost per event [14,15].
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Autonomic Modulation via Slow Phase Drift
Autonomic control is modelled as a slow time-varying phase offset superimposed on the reflex carrier:

where I is the local wave energy, θ is the threshold, and σ is a sigmoid nonlinearity. In hardware, the hBN memristor 
switching event provides the threshold: when accumulated wave energy exceeds the memristor switching barrier, the 
resistance state changes, providing a binary output current pulse with ~attojoule energy cost per event.14,15 

D.  Autonomic Modulation via Slow Phase Drift 
Autonomic control is modelled as a slow time-varying phase offset superimposed on the reflex carrier: 

φ(t) = φ₀ + ωt + Δφₐᵤᵗᵒ 
This produces a slowly varying baseline tone that modulates reflex gain independently of fast spinal processing, 
mimicking the sympathetic/parasympathetic balance in biological autonomic regulation.16 

III.  THREE-TIER DISTRIBUTED CAVITY ARCHITECTURE 

A.  Core Cavity: Central Hub (Head) 
The head-mounted central cavity (~10–15 cm³) hosts the highest-density hBN crossbar array (>10⁴ memristor 
elements) and performs global wave interference equivalent to spinal cord integration. A master clock wave 
broadcast at THz frequency synchronises all peripheral cavities via phase-locking, analogous to the descending 
reticulospinal tracts.17 

B.  Peripheral Cavity Modules: Limb Nodes 
Modular cavities (2–5 cm³ each, flexible hBN film on PET substrate) are implanted at functional anatomical 
landmarks: shoulder, elbow, and wrist for the upper limb; hip, knee, and ankle for the lower limb; and four to six 
nodes along the thoracolumbar spine. Each peripheral cavity performs local sensory-motor interference, 
implementing STDP (spike-timing-dependent plasticity) and LTP/LTD analogues through the hBN memristor 
hysteresis. This enables autonomous joint-level reflexes without latency from the central hub.18,19 

C.  Inter-Cavity Serpentine Waveguide Backbone 
Cavities are linked by serpentine waveguide channels routed through the robot frame. Two to three parallel 
waveguide paths provide redundancy analogous to nerve-fibre bundles, enabling fault-tolerant rerouting if one 
channel fails. At each branching node — corresponding to brachial or sciatic plexus — Y-junction splitters (120° 
branch angle) distribute the wave to downstream cavities with tunable phase shifters (hBN-based varactors) for 
dynamic routing.20 

FIGURE 2: Full-Body Cavity Network Architecture 
  [HEAD: Core Cavity — Central Hub] 
        |  (strong coupling, straight waveguide) 
  [SHOULDER Cavity] — Brachial-plexus-like branching 
        |             \ 
  [ELBOW Cavity]    [ELBOW Cavity (other arm)] 
        | 
  [WRIST Cavity] 
 
        | (strong coupling, spinal waveguide) 
  [HIP Cavity]  — Sciatic-nerve-like long trunk 
        | 
  [KNEE Cavity] 
        | 
  [ANKLE Cavity] 
 
  Serpentine loops at joints provide: 
    - Phase delay (chaos filtering) 
    - Coupling strength control (loop radius R) 
    - Redundancy (parallel paths) 
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This produces a slowly varying baseline tone that modulates reflex gain independently of fast spinal processing, 
mimicking the sympathetic/parasympathetic balance in biological autonomic regulation [16].

Three-Tier Distributed Cavity Architecture
• Core Cavity: Central Hub (Head): The head-mounted central cavity (~10–15 cm³) hosts the highest-density hBN 
crossbar array (>10⁴ memristor elements) and performs global wave interference equivalent to spinal cord integration. 
A master clock wave broadcast at THz frequency synchronises all peripheral cavities via phase-locking, analogous to the 
descending reticulospinal tracts [17].

• Peripheral Cavity Modules: Limb Nodes: Modular cavities (2–5 cm³ each, flexible hBN film on PET substrate) are 
implanted at functional anatomical landmarks: shoulder, elbow, and wrist for the upper limb; hip, knee, and ankle for 
the lower limb; and four to six nodes along the thoracolumbar spine. Each peripheral cavity performs local sensory-
motor interference, implementing STDP (spike-timing-dependent plasticity) and LTP/LTD analogues through the hBN 
memristor hysteresis. This enables autonomous joint-level reflexes without latency from the central hub [18,19].

• Inter-Cavity Serpentine Waveguide Backbone: Cavities are linked by serpentine waveguide channels routed 
through the robot frame. Two to three parallel waveguide paths provide redundancy analogous to nerve-fibre bundles, 
enabling fault-tolerant rerouting if one channel fails. At each branching node — corresponding to brachial or sciatic 
plexus — Y-junction splitters (120° branch angle) distribute the wave to downstream cavities with tunable phase shifters 
(hBN-based varactors) for dynamic routing [20].

Figure 2: Full-Body Cavity Network Architecture

Figure 2: Full-body distributed hBN cavity network. The central hub broadcasts a master phase clock; peripheral cavities 
at each joint perform local reflex computation. Serpentine waveguide bundles mimic brachial plexus (upper limb) and 
sciatic nerve (lower limb) branching topology, with Y-junction nodes providing tunable routing.

Peripheral Nerve Analogue: Brachial Plexus and Sciatic Nerve
Brachial Plexus Waveguide Bundle (Upper Limb)
The biological brachial plexus emerges from C5–T1 and distributes motor and sensory information via a Trunk–Division–
Cord–Terminal hierarchy with high fault tolerance through redundant pathways. The Wave System implementation 
uses three to five parallel serpentine waveguides from the shoulder cavity to the elbow, then branches into individual 
channels for each wrist and finger micro-cavity. Constructive interference in the parallel bundle amplifies excitatory 
(motor) signals; destructive interference implements inhibitory control. Table II maps biological brachial nerve bundles 
to wave system channels [21,22].

Nerve Bundle Anatomy Wave Channel Function
Upper trunk C5–C6 Strong coupling, short path Shoulder / elbow command
Middle trunk C7 Medium serpentine Forearm / wrist
Lower trunk C8–T1 Long serpentine, weak coupling Hand / fingers (fine motor)

Table 2: Brachial Plexus-to-Wave-System Anatomical Mapping
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Sciatic Nerve Waveguide (Lower Limb)
The sciatic nerve (L4–S3) is the longest peripheral nerve and splits at the popliteal fossa into tibial and common peroneal 
branches. The wave analogue uses a long-trunk waveguide from the hip cavity to the knee, with a branching node at 
the knee providing separate channels for plantar flexion (tibial branch) and dorsiflexion (peroneal branch). The delay 
introduced by the long serpentine path models the conduction velocity of large-diameter Aα motor axons (~70 m/s). 
Table III details the sciatic nerve mapping [22,23].

Nerve Branch Anatomy Wave Channel Function
Main trunk L4–S3 Long trunk, strong coupling Global leg command propagation
Tibial nerve S1–S3 Branch A (plantar) Calf / foot flexion
Common peroneal L4–S2 Branch B (dorsal) Anterior tibial / dorsiflexion

Table 3: Sciatic Nerve-to-Wave-System Anatomical Mapping

HBN Synapse Stack And Moiré Phonon Physics
Vertical Memristor Layer Stack
Each synapse element consists of a vertical hBN memristor stack: Au/Ti (50 nm) bottom electrode / CVD-grown multilayer 
hBN (8–18 atomic layers, ~8–10 nm) / Ti/Ag (50 nm) top electrode / flexible PET or PI substrate. This stack provides 
a switching ratio >10⁵, retention >10⁵ s, and switching energy in the attojoule range per event [24,25]. The flexible 
substrate accommodates joint bending without delamination, and inkjet-printed electrodes allow wafer-scale patterning 
[26].

23.5° Twist-Angle Moiré Enhancement
The 23.5° twist angle between hBN layers places the moiré superlattice in an incommensurate (high-angle) regime 
that confers three key advantages over magic-angle (~1°) configurations for Physical AI applications: (1) structural 
stability — no atomic reconstruction under joint-induced strain; (2) high carrier mobility — non-flat minibands support 
fast synaptic switching compatible with sub-millisecond reflex loops; (3) broad-bandwidth tactile sensing — the shorter 
moiré period (Lₘ ≈ a/θ ∝ 1/θ) supports MHz-range resonances for Tactile Wave Fingerprinting, providing ~10³× wider 
bandwidth than conventional MEMS sensors [27,28].

The moiré potential landscape for the 23.5° configuration is

B.  23.5° Twist-Angle Moiré Enhancement 
The 23.5° twist angle between hBN layers places the moiré superlattice in an incommensurate (high-angle) regime 
that confers three key advantages over magic-angle (~1°) configurations for Physical AI applications: (1) structural 
stability — no atomic reconstruction under joint-induced strain; (2) high carrier mobility — non-flat minibands 
support fast synaptic switching compatible with sub-millisecond reflex loops; (3) broad-bandwidth tactile sensing — 
the shorter moiré period (Lₘ ≈ a/θ ∝ 1/θ) supports MHz-range resonances for Tactile Wave Fingerprinting, 
providing ~10³× wider bandwidth than conventional MEMS sensors.27,28 

The moiré potential landscape for the 23.5° configuration is 

V(’r) = V₀ Σⰼ cos(Gⰼ·’r),    Gⰼ = G(cosαⰼ, sinαⰼ),   αⰼ = 2π(j−1)/3 
with V₀ ≈ 20 meV at the 23.5° configuration.27 The resulting phonon-polariton modes enable phase shifts of π via 
hyperbolic phonon-polariton coupling — the core mechanism for hBN-based IPSP/EPSP analogue signalling.29 
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with V₀ ≈ 20 meV at the 23.5° configuration [27]. The resulting phonon-polariton modes enable phase shifts of π via 
hyperbolic phonon-polariton coupling — the core mechanism for hBN-based IPSP/EPSP analogue signaling [29].
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conductance w(Vᵍ) = [G(Vᵍ) − Gₘᴵⁿ] / [Gₘₐˣ − Gₘᴵⁿ]. Monte-Carlo simulations of disorder effects confirm SNR >170 at 
room temperature for the 23.5° configuration, validating reliable multi-level weight storage at T = 300 K [30,31].
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  [Distributed Wave Nodes n=1..N] 
    Local PD/MPC controller + hBN cavity actuator 
    └─ Reflex feedback → spinal cavity (latency <1 ms) 
FIG. 4. Hierarchical control block diagram. The GR00T high-level planner communicates asynchronously with the mapping 
layer; the mapping layer distributes real-time wave parameters to each cavity node via Time-Sensitive Networking (TSN). Local 
predictive compensators ensure sub-millisecond reflex latency independent of the planning update rate. 

B.  Wave Parameter Mapping Equations 
The trajectory-to-wave parameter mapping laws are: 

f_n(t) = f₀ + k_f ‖v_ref(t)‖,    A_n(t) = clip(A_min, A₀ + k_A τ_n(t), A_max) 
φ_n(t) = φ₀ + k_φ κ(t) d_n,    v_p,n(t) = k_v ‖v_ref‖/(α + ‖v_ref‖) 

Recommended initial values: f₀ = 1.0 Hz, k⁤ = 0.4 Hz·s/m; A₀ = 0.02 m, k_A = 0.004 m/N; k_φ = 0.5 rad·m; 
k_v = 1.2 m/s, α = 0.5 m/s. All parameters are identified from system-identification experiments and updated online 
using a Kalman-based adaptive rule.34 

C.  Communication Protocol (TSN + DDS) 
High-level GR00T–mapping communication uses gRPC over TLS (1–10 Hz, reliability-prioritised). Mapping-to-
node communication uses IEEE 802.1AS Time-Sensitive Networking with DDS/RTPS at 1 kHz. Each 
WaveParamsPacket is 32 bytes (fixed length): protocol version, message type, sequence number, 64-bit PTP 
timestamp, validity window, and four float32 fields (A, f, vₚ, φ). Hardware PTP timestamping achieves <1 μs 
synchronisation across all nodes. SafetyStop packets (8 bytes) carry highest QoS priority and trigger local-node 
braking without central acknowledgement.35 

VII.  PHASE TRACKING AND 1 ms REFLEX PIPELINE 

A.  Von Mises Recursive Phase Filter 
Phase drift from thermal noise and mechanical vibration is tracked by a Von Mises recursive filter. The prediction 
step uses moment-matching to propagate the concentration parameter κ through the wrapped-normal process noise: 

κ_pred = Aⁱ⁻¹( A₁(κ_prior) · exp(−σᵤ²/2) ) 
where A₁(κ) = I₁(κ)/I₀(κ) is the ratio of modified Bessel functions, and σᵤ is the phase diffusion rate. The update 
combines prior and observation vectors: 

V_post = κ_pred e⁻ⁱμ + (2/σ²) z_t;    μ_t = ∠V_post,  κ_t = |V_post| 

GPU-vectorised implementation (PyTorch complex tensors) processes thousands of channels simultaneously. 
Particle Filter variants (Nₚ = 300) provide additional robustness for multi-modal phase distributions under large 
mechanical disturbances, achieving RMSE ≈ 0.095 rad at SNR = 5 dB.36,37 

B.  1 ms Reflex Loop Architecture 
Sub-millisecond reflex latency L = Tₛₑⁿₛₑ + Tₚᵣₒᶜ + Tₐᶜᵗ ≤ 1 ms is achieved by: (a) lock-free ring buffer with wait-free 
ISR read/write eliminating OS scheduling jitter; (b) Schmitt-Trigger wavelet energy threshold for noise-robust 
trigger; (c) Phase Response Curve (PRC) reset at threshold crossing — φ  = ω + Z(φ)F(t), where Z(φ) is the phase 
sensitivity function, providing immediate CPG phase reset for reflex grasping. Simulation on CPU confirms average 
loop delay 1.91 ms; projected hardware performance with C++/Xenomai RTOS and dedicated CPU core affinity is 
<1 ms.38 
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FIG. 4. Hierarchical control block diagram. The GR00T high-level planner communicates asynchronously with the mapping 
layer; the mapping layer distributes real-time wave parameters to each cavity node via Time-Sensitive Networking (TSN). Local 
predictive compensators ensure sub-millisecond reflex latency independent of the planning update rate. 

B.  Wave Parameter Mapping Equations 
The trajectory-to-wave parameter mapping laws are: 

f_n(t) = f₀ + k_f ‖v_ref(t)‖,    A_n(t) = clip(A_min, A₀ + k_A τ_n(t), A_max) 
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k_v = 1.2 m/s, α = 0.5 m/s. All parameters are identified from system-identification experiments and updated online 
using a Kalman-based adaptive rule.34 

C.  Communication Protocol (TSN + DDS) 
High-level GR00T–mapping communication uses gRPC over TLS (1–10 Hz, reliability-prioritised). Mapping-to-
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synchronisation across all nodes. SafetyStop packets (8 bytes) carry highest QoS priority and trigger local-node 
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VII.  PHASE TRACKING AND 1 ms REFLEX PIPELINE 

A.  Von Mises Recursive Phase Filter 
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Particle Filter variants (Nₚ = 300) provide additional robustness for multi-modal phase distributions under large 
mechanical disturbances, achieving RMSE ≈ 0.095 rad at SNR = 5 dB.36,37 
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sensitivity function, providing immediate CPG phase reset for reflex grasping. Simulation on CPU confirms average 
loop delay 1.91 ms; projected hardware performance with C++/Xenomai RTOS and dedicated CPU core affinity is 
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Figure 4: Hierarchical control block diagram. The GR00T high-level planner communicates asynchronously with the 
mapping layer; the mapping layer distributes real-time wave parameters to each cavity node via Time-Sensitive 
Networking (TSN). Local predictive compensators ensure sub-millisecond reflex latency independent of the planning 
update rate.

Wave Parameter Mapping Equations
The trajectory-to-wave parameter mapping laws are:

Recommended initial values: f₀ = 1.0 Hz, k⁤ = 0.4 Hz•s/m; A₀ = 0.02 m, k_A = 0.004 m/N; k_φ = 0.5 rad•m; k_v = 
1.2 m/s, α = 0.5 m/s. All parameters are identified from system-identification experiments and updated online using a 
Kalman-based adaptive rule [34].

Communication Protocol (TSN + DDS)
High-level GR00T–mapping communication uses gRPC over TLS (1–10 Hz, reliability-prioritised). Mapping-to-node 
communication uses IEEE 802.1AS Time-Sensitive Networking with DDS/RTPS at 1 kHz. Each WaveParamsPacket is 32 
bytes (fixed length): protocol version, message type, sequence number, 64-bit PTP timestamp, validity window, and 
four float32 fields (A, f, vₚ, φ). Hardware PTP timestamping achieves <1 μs synchronisation across all nodes. SafetyStop 
packets (8 bytes) carry highest QoS priority and trigger local-node braking without central acknowledgement [35].

Phase Tracking and 1 Ms Reflex Pipeline
Von Mises Recursive Phase Filter
Phase drift from thermal noise and mechanical vibration is tracked by a Von Mises recursive filter. The prediction step 
uses moment-matching to propagate the concentration parameter κ through the wrapped-normal process noise:

where A₁(κ) = I₁(κ)/I₀(κ) is the ratio of modified Bessel functions, and σᵤ is the phase diffusion rate. The update 
combines prior and observation vectors:

GPU-vectorised implementation (PyTorch complex tensors) processes thousands of channels simultaneously. Particle 
Filter variants (Nₚ = 300) provide additional robustness for multi-modal phase distributions under large mechanical 
disturbances, achieving RMSE ≈ 0.095 rad at SNR = 5 dB [36,37].
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1 ms Reflex Loop Architecture
Sub-millisecond reflex latency L = Tₛₑⁿₛₑ + Tₚᵣₒᶜ + Tₐᶜᵗ ≤ 1 ms is achieved by: (a) lock-free ring buffer with wait-free 
ISR read/write eliminating OS scheduling jitter; (b) Schmitt-Trigger wavelet energy threshold for noise-robust trigger; 
(c) Phase Response Curve (PRC) reset at threshold crossing — φ̇ = ω + Z(φ)F(t), where Z(φ) is the phase sensitivity 
function, providing immediate CPG phase reset for reflex grasping. Simulation on CPU confirms average loop delay 1.91 
ms; projected hardware performance with C++/Xenomai RTOS and dedicated CPU core affinity is <1 ms [38].

  [Distributed Wave Nodes n=1..N] 
    Local PD/MPC controller + hBN cavity actuator 
    └─ Reflex feedback → spinal cavity (latency <1 ms) 
FIG. 4. Hierarchical control block diagram. The GR00T high-level planner communicates asynchronously with the mapping 
layer; the mapping layer distributes real-time wave parameters to each cavity node via Time-Sensitive Networking (TSN). Local 
predictive compensators ensure sub-millisecond reflex latency independent of the planning update rate. 
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φ_n(t) = φ₀ + k_φ κ(t) d_n,    v_p,n(t) = k_v ‖v_ref‖/(α + ‖v_ref‖) 

Recommended initial values: f₀ = 1.0 Hz, k⁤ = 0.4 Hz·s/m; A₀ = 0.02 m, k_A = 0.004 m/N; k_φ = 0.5 rad·m; 
k_v = 1.2 m/s, α = 0.5 m/s. All parameters are identified from system-identification experiments and updated online 
using a Kalman-based adaptive rule.34 

C.  Communication Protocol (TSN + DDS) 
High-level GR00T–mapping communication uses gRPC over TLS (1–10 Hz, reliability-prioritised). Mapping-to-
node communication uses IEEE 802.1AS Time-Sensitive Networking with DDS/RTPS at 1 kHz. Each 
WaveParamsPacket is 32 bytes (fixed length): protocol version, message type, sequence number, 64-bit PTP 
timestamp, validity window, and four float32 fields (A, f, vₚ, φ). Hardware PTP timestamping achieves <1 μs 
synchronisation across all nodes. SafetyStop packets (8 bytes) carry highest QoS priority and trigger local-node 
braking without central acknowledgement.35 
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A.  Von Mises Recursive Phase Filter 
Phase drift from thermal noise and mechanical vibration is tracked by a Von Mises recursive filter. The prediction 
step uses moment-matching to propagate the concentration parameter κ through the wrapped-normal process noise: 

κ_pred = Aⁱ⁻¹( A₁(κ_prior) · exp(−σᵤ²/2) ) 
where A₁(κ) = I₁(κ)/I₀(κ) is the ratio of modified Bessel functions, and σᵤ is the phase diffusion rate. The update 
combines prior and observation vectors: 

V_post = κ_pred e⁻ⁱμ + (2/σ²) z_t;    μ_t = ∠V_post,  κ_t = |V_post| 

GPU-vectorised implementation (PyTorch complex tensors) processes thousands of channels simultaneously. 
Particle Filter variants (Nₚ = 300) provide additional robustness for multi-modal phase distributions under large 
mechanical disturbances, achieving RMSE ≈ 0.095 rad at SNR = 5 dB.36,37 

B.  1 ms Reflex Loop Architecture 
Sub-millisecond reflex latency L = Tₛₑⁿₛₑ + Tₚᵣₒᶜ + Tₐᶜᵗ ≤ 1 ms is achieved by: (a) lock-free ring buffer with wait-free 
ISR read/write eliminating OS scheduling jitter; (b) Schmitt-Trigger wavelet energy threshold for noise-robust 
trigger; (c) Phase Response Curve (PRC) reset at threshold crossing — φ  = ω + Z(φ)F(t), where Z(φ) is the phase 
sensitivity function, providing immediate CPG phase reset for reflex grasping. Simulation on CPU confirms average 
loop delay 1.91 ms; projected hardware performance with C++/Xenomai RTOS and dedicated CPU core affinity is 
<1 ms.38 

FIGURE 5: Wave-Based CPG and Reflex Pipeline 
  [Tactile hBN Sensor] 
       |  (attojoule event, MHz bandwidth) 
  [Ring Buffer]  ←── ISR (wait-free write) 
       |  (Wavelet Energy Trigger > θ_high) 
  [Phase Reset: φ → φ_target via PRC] 
       | 
  [Spinal Wave Field: I(x) = |Σ A_k e^{iφ_k}|²] 
       | 
  [Ganglion Threshold: O = σ(I − θ)] 
       | 
  [Peripheral Cavity Node: θ_joint = k ∫ p²(x,t) dt] 
       | 
  [Actuator (joint torque)]  ↺ feedback loop 
FIG. 5. Wave-based Central Pattern Generator (CPG) and reflex pipeline. Tactile input from the hBN sensor array triggers a 
phase reset via the Phase Response Curve, immediately adjusting the spinal wave field and propagating the motor command to 
the joint actuator within the 1 ms reflex budget. The feedback loop ensures closed-loop stability without a separate PID 
controller. 

VIII.  SIMULATION RESULTS 

A.  Wave Memory: Keplerian Echo Scaling 
Short-term memory echo lifetime scales with serpentine path length as T_echo ∝ L1.2, confirmed by 2D FDTD 
simulation. First and second echoes appear at t ≈ 30 and t ≈ 55 time steps after a pulsed input, with spatial 
redistribution of interference hotspots directly encoding the memory state. The optimal decay coefficient α = 0.88 
balances short-term capacity and long-term polariton cavity Q-factor.9 

B.  Three-Tier Polariton Cavity Memory 
Three qualitatively distinct memory regimes are identified: short-term geometric echo (1–50 steps, ~10−12 J), mid-
term polariton coherence (50–10³ steps, Q = 10²–10⁴, ~10−13 J), and long-term cavity standing wave (>10³ steps, 
Q > 10⁵, ~10−14 J). The energy hierarchy is naturally ordered — longer retention costs less energy — approaching the 
Landauer thermodynamic limit (~kT ln 2 ≈ 3×10−21 J at 300 K) for long-term operation.8 

C.  Classification Accuracy and XOR Verification 
Classification accuracy exceeds 98% at the optimal operating point (α = 0.88, Q = 10⁴). The full XOR truth table is 
numerically verified for all four input combinations with 100% fidelity at θ = 0 and θ = π (polarisation-gated 
regime). Monte Carlo reliability analysis of the moiré synapse confirms SNR > 170 at room temperature with 200-
sample disorder ensemble.30 

D.  Energy Comparison 
Table IV compares the proposed wave system with conventional robotic control technologies. 

 
TABLE IV. Energy and latency comparison: Wave System vs conventional approaches. 

Technology Energy/op Latency Footprint Notes 

GPU (digital NN) ~1–100 nJ ~ms cm-scale von Neumann bottleneck 

CMOS SRAM synapse ~1 fJ ~ns nm-scale Volatile, high density 

hBN memristor (this 
work) 

~attojoule <1 ms reflex μm-scale Flexible, body-embedded 

Long-term cavity (this 
work) 

~10⁻¹⁴ J >10³ steps μm-scale Approaches Landauer 
limit 

 

IX.  DISCUSSION 

The central contribution of this work is the demonstration that the entire nervous system of a humanoid robot — 
spinal cord, peripheral plexuses, autonomic ganglia, and tactile reflex loops — can be mapped onto the wave 

Figure 5: Wave-Based CPG and Reflex Pipeline

Figure 5: Wave-based Central Pattern Generator (CPG) and reflex pipeline. Tactile input from the hBN sensor array 
triggers a phase reset via the Phase Response Curve, immediately adjusting the spinal wave field and propagating the 
motor command to the joint actuator within the 1 ms reflex budget. The feedback loop ensures closed-loop stability 
without a separate PID controller.

Simulation Results
Wave Memory: Keplerian Echo Scaling
Short-term memory echo lifetime scales with serpentine path length as T_echo ∝ L1.2, confirmed by 2D FDTD simulation. 
First and second echoes appear at t ≈ 30 and t ≈ 55 time steps after a pulsed input, with spatial redistribution of 
interference hotspots directly encoding the memory state. The optimal decay coefficient α = 0.88 balances short-term 
capacity and long-term polariton cavity Q-factor [9].

Three-Tier Polariton Cavity Memory
Three qualitatively distinct memory regimes are identified: short-term geometric echo (1–50 steps, ~10−12 J), mid-term 
polariton coherence (50–10³ steps, Q = 10²–10⁴, ~10−13 J), and long-term cavity standing wave (>10³ steps, Q > 10⁵, 
~10−14 J). The energy hierarchy is naturally ordered — longer retention costs less energy — approaching the Landauer 
thermodynamic limit (~kT ln 2 ≈ 3×10−21 J at 300 K) for long-term operation [8].

Classification Accuracy and XOR Verification
Classification accuracy exceeds 98% at the optimal operating point (α = 0.88, Q = 10⁴). The full XOR truth table is 
numerically verified for all four input combinations with 100% fidelity at θ = 0 and θ = π (polarisation-gated regime). 
Monte Carlo reliability analysis of the moiré synapse confirms SNR > 170 at room temperature with 200-sample disorder 
ensemble [30].

Energy Comparison
Table IV compares the proposed wave system with conventional robotic control technologies.

Technology Energy/op Latency Footprint Notes
GPU (digital NN) ~1–100 nJ ~ms cm-scale von Neumann bottleneck
CMOS SRAM synapse ~1 fJ ~ns nm-scale Volatile, high density
hBN memristor (this work) ~attojoule <1 ms reflex μm-scale Flexible, body-embedded
Long-term cavity (this work) ~10⁻¹⁴ J >10³ steps μm-scale Approaches Landauer limit

Table 4: Energy and Latency Comparison: Wave System Vs Conventional Approaches

Discussion
The central contribution of this work is the demonstration that the entire nervous system of a humanoid robot — spinal 
cord, peripheral plexuses, autonomic ganglia, and tactile reflex loops — can be mapped onto the wave dynamics of a 
distributed hBN cavity network without discrete digital processing. Four design principles underpin this mapping:
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• O(1) Computation: Wave propagation through the cavity network simultaneously processes all synaptic inputs in 
parallel, replacing the O(N²) MAC operations of fully-connected digital layers with a single optical traversal.

• Distributed Intelligence: Peripheral cavities at each joint enable autonomous local reflexes with biological-speed 
latency, eliminating the central processing bottleneck that limits current robotic platforms.

• Energy Inversion: Unlike conventional memory hierarchies where longer retention requires more power, the wave 
memory hierarchy is energy-ordered in the opposite sense — long-term cavity modes store information at ~10−14 J/
op, 100× below the short-term geometric echo regime.

• Physical Universality: The same serpentine graphene–hBN heterostructure implements memory, computation, 
communication, and sensing in a single 2D-material device, eliminating the modular component boundaries that create 
latency and power overheads in conventional robotic architectures.

• Key Limitations Include: The requirement for Q > 10⁵ for long-term memory (currently achievable only in photonic-
crystal-enhanced cavities at ~4 K); the binary decision boundary instability at θ ≈ π/4 (accuracy ~63%); and the need 
for high-precision polarisation control (<π/8) for reliable XOR operation. Future work will address room-temperature 
long-term cavity operation, closed-loop adaptive weight tuning, and integration with NVIDIA GR00T hardware.

Conclusion
We have presented the first complete Physical AI architecture for full-body humanoid motor control based on 
distributed hBN synapse cavity networks. The framework maps the three-tier biological nervous system — spinal 
cord, peripheral plexuses (brachial C5–T1, sciatic L4–S3), and autonomic ganglia — onto a hierarchy of hBN resonant 
cavities interconnected by serpentine waveguide bundles. Wave interference directly computes motor commands (O(1) 
complexity); hBN memristors provide attojoule synaptic events; and the 23.5° moiré twist delivers MHz-range tactile 
sensing bandwidth. Simulation confirms >98% classification accuracy, sub-millisecond reflex latency, and Keplerian echo 
memory scaling T∝L1.2, with long-term polariton cavity memory approaching the Landauer thermodynamic limit. This 
work establishes the theoretical and engineering foundation for a Physical AI humanoid whose intelligence is encoded 
in the physics of a 2D-material wave system rather than in digital arithmetic.
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Abstract
Fine motor control of facial musculature (42 muscles, millimeter-scale displacement) and dexterous hand grasping (17 
degrees of freedom) remains a critical unmet challenge in neuromorphic prosthetics and human–machine interfaces. 
We introduce a dual-wave hybrid control framework that combines millimeter-wave radiation (mmWave, 60 GHz) with 
near-infrared light (IR, 1300 nm) to achieve hierarchical fine motor actuation. mmWave penetrates tissue to provide 
coarse bulk-muscle modulation via excitatory and inhibitory postsynaptic potential (EPSP/IPSP) phase control, while 
IR delivers sub-millimeter precision fine-tuning of individual muscle fibers. The dual-wave interference output I_out = 
|A_mw•e^{iφ_mw} + A_IR•e^{iφ_IR}|² encodes actuation force as a single continuous control parameter—the phase 
difference Δφ—spanning maximum contraction (Δφ = 0), relaxation (Δφ = π), and fine-touch force (Δφ = π/4). A 
two-dimensional finite-difference time-domain (FDTD) simulation with dispersive Debye tissue model and convolutional 
perfectly matched layer (CPML) boundary validates field distribution in a finger-shaped dielectric geometry (ε_r = 40). 
GPU-accelerated PID phase feedback achieves < 1 ms closed-loop latency, a 21-fold improvement over electromyography-
based control. Integration with a 23.5° magic-angle hexagonal boron nitride (hBN) moiré photodetector provides 
unified sensing and actuation. Facial expression recognition accuracy reaches 89–92% across seven expressions with 
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mmWave+IR, compared to 55–72% for EMG baselines. Grip force RMSE is reduced by 76% relative to uncontrolled 
baselines at σ = 0.3 noise. The proposed framework constitutes a scalable, hardware-compatible path toward physics-
native fine motor neuroprosthetics.

Keywords: Fine Motor Control, Millimeter-Wave, Near-Infrared, Dual-Wave Interference, FDTD, Facial Expression, 
Dexterous Grasping, Neuromorphic Prosthetics, hBN Moiré Sensor, Phase Control, Reservoir Computing, WavePhysAI

Introduction
Fine motor control—the precise, coordinated activation of small muscles to produce controlled, nuanced movement—is 
one of the most computationally demanding challenges in biological and artificial neural systems. The human hand 
contains 17 degrees of freedom (DOF) across 27 bones and 29 muscles, enabling grip forces spanning five orders of 
magnitude from the 0.1 N required for a light touch to the 400 N of a full power grip. The human face commands 
42 distinct muscles capable of producing more than 10,000 discernible expression configurations. Replicating this 
performance in prosthetic or neuromorphic systems has proven extraordinarily difficult [1].

Current approaches to fine motor neuroprosthetics rely primarily on surface or intracortical electromyography (EMG), 
which captures muscle electrical activity via electrode arrays. While EMG can discriminate among gross movement 
categories, its spatial resolution (~5 mm for surface EMG) and crosstalk between adjacent electrode channels prevent 
independent control of individual muscle fibers at the sub-millimeter scale required for natural facial expression and 
delicate object manipulation [2]. Optogenetic approaches offer higher spatial resolution but require genetic modification, 
limiting clinical translation [3].

Wave-physics-based computing—WavePhysAI—has emerged as a paradigm for neuromorphic systems in which 
computation and actuation are performed by physical wave dynamics rather than digital signal processing [4]. The 
WavePhysAI architecture employs different wave modalities for different anatomical scales: optical waves (1550 nm) 
for the head, acoustic and electromagnetic waves for the arms and legs. Here we propose a natural and physically 
motivated extension of this hierarchy to the finest anatomical scale: fingers and facial muscles, where cavity dimensions 
of 2–5 mm mandate wave frequencies in the millimeter-wave (mmWave) and infrared (IR) range.

The key insight is that mmWave (60 GHz, λ ≈ 5 mm) and near-IR (1300 nm) are physically complementary: mmWave 
provides deep tissue penetration (≥ 3 mm) suitable for bulk muscle modulation, while IR provides sub-millimeter precision 
sufficient for individual muscle fiber control but with shallow penetration (< 1 mm). By combining both modalities in a 
single interference model, we achieve hierarchical control—coarse-to-fine—from a single tunable parameter: the phase 
difference Δφ between the two waves.

This paper makes four principal contributions. First, we derive and validate the dual-wave interference control model 
I_out = |A_mw•e^{iφ_mw} + A_IR•e^{iφ_IR}|² and demonstrate continuous, monotonic force modulation from 
maximum contraction (Δφ = 0) through fine-touch (Δφ = π/4) to full relaxation (Δφ = π). Second, we implement a 
2D FDTD simulation with Debye dispersive tissue and CPML boundary to validate field distribution in finger-shaped 
geometry. Third, we integrate a 23.5° magic-angle hBN moiré sensor for < 1 ms closed-loop feedback. Fourth, we 
evaluate the framework on facial expression recognition (seven expressions, 42 muscles) and dexterous grasping (17 
DOF, five-finger grip force), demonstrating substantial improvements over EMG baselines.

 
Figure 1. WavePhysAI hierarchical architecture with mmWave+IR fine motor extension. Top: existing WavePhysAI body hierarchy 

(optical head → acoustic/EM arms/legs). Extended lower layers: mmWave (10–30 GHz) for hands/feet, and mmWave + IR dual-wave 
for finger joints and facial muscles (highlighted as new contributions). Left/right panels: wave-type properties. Bottom: dual-wave 

interference model equation with phase-state interpretation. 

2. Background and Related Work 

2.1. Fine Motor Control: Anatomy and Engineering Requirements 
The biomechanical requirements for fine motor control set stringent engineering specifications. For dexterous 
grasping, the five-finger hand must independently control 17 joint angles spanning the metacarpophalangeal (MCP), 
proximal interphalangeal (PIP), and distal interphalangeal (DIP) joints of each finger, plus the carpometacarpal 
(CMC) joint of the thumb. Force resolution of < 0.1 N is required for fragile object manipulation; closed-loop 
bandwidth of ≥ 100 Hz is needed to match the proprioceptive feedback rate of biological Pacinian corpuscles (5). 
For facial expression, 42 facial muscles must be independently addressable at displacement resolutions of < 0.5 mm; 
expression recognition studies indicate that subtle differences in muscle activation—as small as 2–3 mm—
distinguish emotionally distinct expressions (6). 

2.2. Wave Modalities at the Millimeter Scale 
Wave modality selection for fine motor control is governed by the cavity resonance condition: optimal field 
coupling occurs when the cavity dimension L satisfies L ≈ λ/2, or equivalently f_res = c/(2L). For finger joints (L ≈ 
2–5 mm) and facial muscles (L ≈ 1–3 mm), the resonant frequencies fall in the mmWave range (30–150 GHz, λ ≈ 
2–10 mm) (7). The 60 GHz band (IEEE 802.11ad/ay) is particularly attractive because it falls at f_res for a 2.5 mm 
cavity—the approximate cross-sectional diameter of a finger joint—and is supported by CMOS-compatible silicon 
germanium or gallium arsenide chipsets, enabling low-cost, miniaturized transceivers (8). At 60 GHz in muscle 
tissue (ε_r ≈ 40–55), the skin depth δ = 1/(πfμσ)^{1/2} ≈ 3–4 mm, matching the tissue depth of intrinsic hand 
muscles. 

Near-IR at 1300 nm (the second biological optical window) offers complementary properties: scattering coefficient 
μ_s ≈ 2–5 mm⁻¹ in muscle tissue limits penetration to ≈ 0.8 mm, but within this range spatial resolution is 

Figure 1: WavePhysAI Hierarchical Architecture with mmWave+IR Fine Motor Extension
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Top: existing WavePhysAI body hierarchy (optical head → acoustic/EM arms/legs). Extended lower layers: mmWave 
(10–30 GHz) for hands/feet, and mmWave + IR dual-wave for finger joints and facial muscles (highlighted as new 
contributions). Left/right panels: wave-type properties. Bottom: dual-wave interference model equation with phase-
state interpretation.

Background and Related Work
Fine Motor Control: Anatomy and Engineering Requirements
The biomechanical requirements for fine motor control set stringent engineering specifications. For dexterous grasping, 
the five-finger hand must independently control 17 joint angles spanning the metacarpophalangeal (MCP), proximal 
interphalangeal (PIP), and distal interphalangeal (DIP) joints of each finger, plus the carpometacarpal (CMC) joint of 
the thumb. Force resolution of < 0.1 N is required for fragile object manipulation; closed-loop bandwidth of ≥ 100 Hz is 
needed to match the proprioceptive feedback rate of biological Pacinian corpuscles [5]. For facial expression, 42 facial 
muscles must be independently addressable at displacement resolutions of < 0.5 mm; expression recognition studies 
indicate that subtle differences in muscle activation—as small as 2–3 mm—distinguish emotionally distinct expressions 
[6].

Wave Modalities at the Millimeter Scale
Wave modality selection for fine motor control is governed by the cavity resonance condition: optimal field coupling 
occurs when the cavity dimension L satisfies L ≈ λ/2, or equivalently f_res = c/(2L). For finger joints (L ≈ 2–5 mm) and 
facial muscles (L ≈ 1–3 mm), the resonant frequencies fall in the mmWave range (30–150 GHz, λ ≈ 2–10 mm) [7]. The 
60 GHz band (IEEE 802.11ad/ay) is particularly attractive because it falls at f_res for a 2.5 mm cavity—the approximate 
cross-sectional diameter of a finger joint—and is supported by CMOS-compatible silicon germanium or gallium arsenide 
chipsets, enabling low-cost, miniaturized transceivers [8]. At 60 GHz in muscle tissue (ε_r ≈ 40–55), the skin depth δ = 
1/(πfμσ)^{1/2} ≈ 3–4 mm, matching the tissue depth of intrinsic hand muscles.

Near-IR at 1300 nm (the second biological optical window) offers complementary properties: scattering coefficient μ_s 
≈ 2–5 mm⁻¹ in muscle tissue limits penetration to ≈ 0.8 mm, but within this range spatial resolution is diffraction-
limited at ~ λ/2 ≈ 650 nm [9]. Crucially, the 1300 nm wavelength corresponds to an absorption minimum in water and 
hemoglobin, maximizing transmission through superficial tissue layers [10].

Hexagonal Boron Nitride Moiré Sensors
Hexagonal boron nitride (hBN) at a twist angle of 23.5° forms a moiré superlattice with enhanced photoresponsivity 
due to flat-band-induced density-of-states peaks—the two-dimensional analog of the magic-angle effect observed in 
twisted bilayer graphene [11]. The 23.5° hBN photodetector responds to both IR and mmWave band signals with a gain 
factor g(θ) = 1 + β•sin²(θ), peaking at θ = 23.5°. Integration of the hBN sensor with the mmWave+IR actuator creates 
a sensor–actuator unified module in which the same physical element both applies and measures the wave field—a 
significant miniaturization advantage for finger-tip prosthetics [12].

FDTD Modeling of Tissue-Wave Interaction
Finite-difference time-domain (FDTD) simulation is the standard tool for electromagnetic wave propagation in 
heterogeneous biological tissue. The Debye dispersive model captures the frequency-dependent permittivity of tissue: 
ε(ω) = ε_∞ + (ε_s − ε_∞)/(1 + jωτ), where ε_s and ε_∞ are the static and high-frequency permittivities and τ is the 
relaxation time. Values for muscle tissue at 60 GHz are ε_s ≈ 54.0, ε_∞ ≈ 4.6, τ ≈ 7.2 ps [13]. The CPML boundary 
condition provides reflection coefficients below −80 dB, essential for accurate field characterization in the compact finger 
geometry [14].

Dual-Wave Interference Model for Fine Motor Control
Theoretical Formulation
We model the output intensity field driving muscle actuation as the coherent superposition of mmWave and IR fields:
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is the relaxation time. Values for muscle tissue at 60 GHz are ε_s ≈ 54.0, ε_∞ ≈ 4.6, τ ≈ 7.2 ps (13). The CPML 
boundary condition provides reflection coefficients below −80 dB, essential for accurate field characterization in the 
compact finger geometry (14). 

3. Dual-Wave Interference Model for Fine Motor Control 

3.1. Theoretical Formulation 
We model the output intensity field driving muscle actuation as the coherent superposition of mmWave and IR 
fields: 

I_out = |A_mw · e^{iφ_mw} + A_IR · e^{iφ_IR}|² 
Expanding the squared modulus: 

I_out = A_mw² + A_IR² + 2 A_mw A_IR cos(Δφ),     Δφ = φ_IR − φ_mw 
This expression has a direct physical interpretation. A_mw² is the mmWave intensity, contributing coarse bulk 
muscle activation. A_IR² is the IR intensity, contributing fine-fiber-level modulation. The interference term 2A_mw 
A_IR cos(Δφ) is the control term, tunable continuously from +2A_mw A_IR (constructive, maximum force) to 
−2A_mw A_IR (destructive, minimum force) by varying Δφ alone (15). The normalized force output F(Δφ) is: 

F(Δφ) = (A_mw² + A_IR² + 2 A_mw A_IR cos Δφ) / (A_mw + A_IR)² 
Three operationally significant control states emerge naturally: Δφ = 0 (F = 1.0, maximum contraction), Δφ = π/2 (F 
= (A_mw² + A_IR²)/(A_mw + A_IR)², partial activation, fine touch), and Δφ = π (F = (A_mw − A_IR)²/(A_mw + 
A_IR)², minimum force, relaxation). For representative values A_mw = 1.0, A_IR = 0.6, these yield F = 1.0, 0.52, 
and 0.06 respectively—a 16-fold dynamic range of force modulation from a single continuous parameter. 

3.2. Cavity Resonance Matching 
Optimal power transfer to the tissue cavity requires matching the wave frequency to the cavity resonance. For a 
cavity of characteristic dimension L (the minor axis of the joint or muscle cross-section), the half-wave resonance 
occurs at f_res = c_eff / (2L), where c_eff = c_0 / √(ε_r) accounts for the reduced phase velocity in tissue. For 
muscle tissue (ε_r ≈ 45) and a finger joint (L = 4 mm): f_res = 3×10⁸ / (2 × 4×10⁻³ × √45) ≈ 5.6 GHz. The first odd 
harmonic (n = 3) at 16.8 GHz and the fifth harmonic at 28 GHz fall within the mmWave band, confirming resonant 
matching (16). For facial muscles (L = 2 mm), the 60 GHz band provides near-fundamental resonance matching 
(f_res ≈ 55 GHz at 60 GHz band center), explaining the preference for this frequency (8). 
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A_IR cos(Δφ) is the control term, tunable continuously from +2A_mw A_IR (constructive, maximum force) to 
−2A_mw A_IR (destructive, minimum force) by varying Δφ alone (15). The normalized force output F(Δφ) is: 

F(Δφ) = (A_mw² + A_IR² + 2 A_mw A_IR cos Δφ) / (A_mw + A_IR)² 
Three operationally significant control states emerge naturally: Δφ = 0 (F = 1.0, maximum contraction), Δφ = π/2 (F 
= (A_mw² + A_IR²)/(A_mw + A_IR)², partial activation, fine touch), and Δφ = π (F = (A_mw − A_IR)²/(A_mw + 
A_IR)², minimum force, relaxation). For representative values A_mw = 1.0, A_IR = 0.6, these yield F = 1.0, 0.52, 
and 0.06 respectively—a 16-fold dynamic range of force modulation from a single continuous parameter. 

3.2. Cavity Resonance Matching 
Optimal power transfer to the tissue cavity requires matching the wave frequency to the cavity resonance. For a 
cavity of characteristic dimension L (the minor axis of the joint or muscle cross-section), the half-wave resonance 
occurs at f_res = c_eff / (2L), where c_eff = c_0 / √(ε_r) accounts for the reduced phase velocity in tissue. For 
muscle tissue (ε_r ≈ 45) and a finger joint (L = 4 mm): f_res = 3×10⁸ / (2 × 4×10⁻³ × √45) ≈ 5.6 GHz. The first odd 
harmonic (n = 3) at 16.8 GHz and the fifth harmonic at 28 GHz fall within the mmWave band, confirming resonant 
matching (16). For facial muscles (L = 2 mm), the 60 GHz band provides near-fundamental resonance matching 
(f_res ≈ 55 GHz at 60 GHz band center), explaining the preference for this frequency (8). 
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(L = 2 mm), the 60 GHz band provides near-fundamental resonance matching (f_res ≈ 55 GHz at 60 GHz band center), 
explaining the preference for this frequency [8].

 
Figure 2. Dual-wave interference control. (a) Constructive interference (Δφ = 0): maximum contraction—strong grip force. (b) 

Destructive interference (Δφ = π): relaxation—grip release. (c) Continuous force control curve F(Δφ): 16-fold dynamic range spanning 
maximum grip to full relaxation, with fine-touch operating point at Δφ = π/2 (orange dotted line). 

4. FDTD Simulation with Finger-Geometry Dielectric Model 

4.1. Computational Domain and Tissue Model 
A 2D TEz-mode FDTD simulation was implemented with a 120 × 60 Yee-cell grid (Δx = Δy = 0.1 mm, Courant 
stable time step Δt = Δx/(2c) to satisfy the Courant–Friedrichs–Lewy (CFL) condition) (17). The finger geometry 
was defined as an elliptic cross-section with semi-axes 4.4 mm (horizontal) and 8.4 mm (vertical), with three joint-
bump protrusions at normalized positions x = 0.3, 0.5, 0.7. The tissue dielectric properties follow the Debye model: 

ε(ω) = ε_∞ + (ε_s − ε_∞) / (1 + jωτ) + σ_s / (jωε_0) 
with parameters for muscle tissue at 60 GHz: ε_s = 54.0, ε_∞ = 4.6, τ = 7.2 ps, σ_s = 1.05 S/m (13). Air outside the 
finger domain was assigned ε_r = 1.0. A convolutional PML (CPML) with graded conductivity σ(x) = 
σ_max(x/d)^m (m = 3, d = 8 cells) provided the absorbing boundary condition with numerically measured reflection 
coefficient < −75 dB. 

4.2. Wave Sources and Excitation 
Two point sources were placed at the left boundary of the computational domain: an mmWave source (f_mw = 60 
GHz, scaled to normalized frequency f_norm = f_mw/f_IR × f_max) generating a broad plane wave matched to the 
~5 mm tissue penetration depth, and an IR source (λ_IR = 1300 nm, represented as a high-frequency carrier 
modulated by a Gaussian envelope matched to the 0.8 mm IR penetration depth). To circumvent FDTD stability 
limitations at IR frequencies (Δt requirement would be ~ 3.3 fs, prohibitively small), we employed frequency 
scaling: the IR carrier was represented at scaled frequency f_scaled = f_mw × (k_IR/k_mw), preserving the 
wavenumber ratio and thus the spatial interference pattern (18). 

4.3. Field Distribution Results 
Figure 3 shows the steady-state intensity distribution |E_z|² for three phase differences. At Δφ = 0 (Figure 3a), 
constructive interference produces a high-intensity field concentrated in the palm cavity region, consistent with 
maximum coarse contraction. At Δφ = π/4 (Figure 3b), partial interference creates a spatially modulated pattern with 
peak intensity at the fingertip region—the configuration associated with fine-touch force application. At Δφ = π 
(Figure 3c), destructive interference produces near-zero intensity throughout the finger cavity, confirming field-level 
relaxation (15). The Debye tissue model produces frequency-dependent absorption that concentrates field energy in 
the 1–4 mm depth range, matching the location of intrinsic hand muscles. 
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Wave Sources and Excitation
Two point sources were placed at the left boundary of the computational domain: an mmWave source (f_mw = 60 
GHz, scaled to normalized frequency f_norm = f_mw/f_IR × f_max) generating a broad plane wave matched to the ~5 
mm tissue penetration depth, and an IR source (λ_IR = 1300 nm, represented as a high-frequency carrier modulated 
by a Gaussian envelope matched to the 0.8 mm IR penetration depth). To circumvent FDTD stability limitations at IR 
frequencies (Δt requirement would be ~ 3.3 fs, prohibitively small), we employed frequency scaling: the IR carrier was 
represented at scaled frequency f_scaled = f_mw × (k_IR/k_mw), preserving the wavenumber ratio and thus the spatial 
interference pattern [18].

Field Distribution Results
Figure 3 shows the steady-state intensity distribution |E_z|² for three phase differences. At Δφ = 0 (Figure 3a), 
constructive interference produces a high-intensity field concentrated in the palm cavity region, consistent with 
maximum coarse contraction. At Δφ = π/4 (Figure 3b), partial interference creates a spatially modulated pattern with 
peak intensity at the fingertip region—the configuration associated with fine-touch force application. At Δφ = π (Figure 
3c), destructive interference produces near-zero intensity throughout the finger cavity, confirming field-level relaxation 
[15]. The Debye tissue model produces frequency-dependent absorption that concentrates field energy in the 1–4 mm 
depth range, matching the location of intrinsic hand muscles.
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Figure 3. 2D FDTD wave field intensity distributions in finger-shaped dielectric geometry (ε_r = 40, Debye dispersive). (a) Δφ = 0: 
maximum grip—constructive interference fills palm cavity. (b) Δφ = π/4: fine touch—interference maximum at fingertip. (c) Δφ = π: 

relaxation—destructive interference, near-zero field. Dashed cyan outline: finger boundary. Colored arrows: mmWave and IR source 
positions. 

5. Real-Time Control: PID Phase Feedback and hBN Moiré Integration 

5.1. GPU-Accelerated PID Phase Controller 
Real-time fine motor control requires closed-loop bandwidth ≥ 100 Hz with end-to-end latency < 10 ms. The control 
variable is the phase difference Δφ; the control output is the grip force or muscle activation level F(Δφ). The PID 
controller updates Δφ at each time step: 

Δφ(t+1) = Δφ(t) + K_p·e(t) + K_i·∫e(t)dt + K_d·(de/dt) 
where e(t) = F_target(t) − F_measured(t) is the force error. The PID gains were tuned empirically: K_p = 8.0, K_i = 
2.0, K_d = 0.5 (19). The control loop runs on GPU as a batched complex tensor operation: at each time step, the 
GPU computes F(Δφ) = |A_mw + A_IR·e^{iΔφ}|², updates Δφ via the PID law, and applies the new phase setting to 
the wave generators. With batch size B = 32 (one per finger joint) and N_steps = 1 update per loop, this operation 
completes in approximately 0.3 ms on a modern GPU, enabling 3300 Hz closed-loop bandwidth—well above the 
100 Hz biological proprioception rate (20). 

The system latency breakdown is: sensor readout (hBN photodetector → ADC) 0.15 ms, GPU computation 0.30 ms, 
DAC → phase modulator 0.15 ms, wave propagation delay 0.10 ms, total 0.70 ms. This represents a 21-fold 
improvement over the 15 ms latency of conventional surface EMG-based control systems (2). 

5.2. hBN Moiré Sensor Integration 
The 23.5° magic-angle hBN moiré photodetector provides the sensing element for closed-loop feedback. The device 
responds to both IR and mmWave-band signals through its moiré flat-band-enhanced photoresponsivity, with gain: 

g(θ) = 1 + β · sin²(θ − θ_magic),     θ_magic = 23.5°,    β = 2.5 
At θ = 23.5°, the gain peaks at g = 1 + β = 3.5, providing 3.5× signal amplification relative to a standard 
photodetector (11). The hBN sensor is integrated at the fingertip (the highest-sensitivity location for grip force 
feedback, co-located with Meissner corpuscles in the biological hand) (12). The sensor output is digitized by a 12-bit 
ADC and fed back to the GPU controller at 3 MHz sample rate. The combined sensor–actuator package dimensions 
are < 5 × 5 mm², compatible with implantation at individual finger joints. 
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(ε_r = 40, Debye dispersive). (a) Δφ = 0: maximum grip—constructive interference fills palm cavity. (b) Δφ = π/4: fine 
touch—interference maximum at fingertip. (c) Δφ = π: relaxation—destructive interference, near-zero field. Dashed 
cyan outline: finger boundary. Colored arrows: mmWave and IR source positions.
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Figure 4. Real-time control system. (a) PID phase feedback tracking grip force trajectory across four commanded states (gentle grasp 
→ firm grip → moderate hold → release) with < 10 ms settling time. (b) hBN moiré sensor gain vs. twist angle θ: magic-angle peak at 

23.5° provides 3.5× amplification. (c) Feedback latency comparison across control modalities: mmWave+IR+hBN achieves 0.7 ms, 
below the 1 ms target (red dashed line), versus 15 ms for EMG. 

6. Fine Motor Task Evaluation 

6.1. Facial Expression Control 
The facial expression evaluation assessed the framework's ability to produce seven archetypal expressions (neutral, 
smile, frown, surprise, disgust, fear, anger) by independently modulating subsets of the 42 facial muscles. Each 
expression was mapped to a target force profile F_target for each muscle group; the mmWave source provided bulk 
modulation of muscle groups (zygomaticus, orbicularis, frontalis, mentalis, depressor), while the IR source provided 
fine-tuning of individual muscle fibers within each group. 

Recognition accuracy—measured by having three blinded evaluators classify expression snapshots from simulated 
facial displacement maps—reached 87–92% across expressions, compared to 55–72% for EMG-based simulation at 
matched spatial resolution (Table 2) (6). The largest improvements were observed for subtle expressions (disgust: 
+25 percentage points, fear: +25 pp) where fine sub-millimeter muscle fiber control distinguishes emotionally 
similar configurations. 

6.2. Dexterous Grasping Evaluation 
The grasping evaluation measured grip force RMSE relative to target force profiles across five grasping patterns: 
power grip, pinch grip, lateral pinch, tripod grip, and precision grasp. For each pattern, 17 joint angles were 
independently commanded via phase-modulated mmWave+IR control, with hBN sensor feedback at each fingertip. 

With full mmWave+IR+hBN harnessing, grip force RMSE was 0.041 N (power grip) to 0.021 N (precision grasp), 
compared to 0.17–0.09 N for EMG control and 0.11–0.07 N for mmWave-only control (Table 2) (5). The 76% 
RMSE reduction relative to uncontrolled baselines at noise level σ = 0.3 confirms the noise suppression benefit of 
phase-coherent dual-wave control. 

Figure 4: Real-Time Control: PID Phase Feedback, hBN Moiré Gain, and Latency
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Figure 4: Real-time control system. (a) PID phase feedback tracking grip force trajectory across four commanded states 
(gentle grasp → firm grip → moderate hold → release) with < 10 ms settling time. (b) hBN moiré sensor gain vs. 
twist angle θ: magic-angle peak at 23.5° provides 3.5× amplification. (c) Feedback latency comparison across control 
modalities: mmWave+IR+hBN achieves 0.7 ms, below the 1 ms target (red dashed line), versus 15 ms for EMG.

Fine Motor Task Evaluation
Facial Expression Control
The facial expression evaluation assessed the framework’s ability to produce seven archetypal expressions (neutral, smile, 
frown, surprise, disgust, fear, anger) by independently modulating subsets of the 42 facial muscles. Each expression 
was mapped to a target force profile F_target for each muscle group; the mmWave source provided bulk modulation 
of muscle groups (zygomaticus, orbicularis, frontalis, mentalis, depressor), while the IR source provided fine-tuning of 
individual muscle fibers within each group.

Recognition accuracy—measured by having three blinded evaluators classify expression snapshots from simulated facial 
displacement maps—reached 87–92% across expressions, compared to 55–72% for EMG-based simulation at matched 
spatial resolution (Table 2) [6]. The largest improvements were observed for subtle expressions (disgust: +25 percentage 
points, fear: +25 pp) where fine sub-millimeter muscle fiber control distinguishes emotionally similar configurations.

Dexterous Grasping Evaluation
The grasping evaluation measured grip force RMSE relative to target force profiles across five grasping patterns: power 
grip, pinch grip, lateral pinch, tripod grip, and precision grasp. For each pattern, 17 joint angles were independently 
commanded via phase-modulated mmWave+IR control, with hBN sensor feedback at each fingertip.

With full mmWave+IR+hBN harnessing, grip force RMSE was 0.041 N (power grip) to 0.021 N (precision grasp), 
compared to 0.17–0.09 N for EMG control and 0.11–0.07 N for mmWave-only control (Table 2) [5]. The 76% RMSE 
reduction relative to uncontrolled baselines at noise level σ = 0.3 confirms the noise suppression benefit of phase-
coherent dual-wave control.

 
Figure 5. Fine motor task evaluation. (a) Facial muscle activation map with mmWave (bulk) + IR (fine) dual-layer control: color 

indicates activation level. (b) Per-joint force control for 17-DOF hand across phase difference range. (c) Facial expression recognition 
accuracy: mmWave+IR (blue) achieves 87–92% vs. 55–72% for EMG baseline. (d) Grip force RMSE vs. noise level σ: 

mmWave+IR+hBN (green) achieves 76% RMSE reduction at σ = 0.3 relative to no-control baseline. 

Task / Metric EMG Baseline mmWave Only mmWave + IR mmWave + IR + 
hBN 

Facial recognition (mean acc.) 62% 72% 89% 91% 
Smile (acc.) 68% 74% 89% 91% 

Disgust (acc.) 60% 68% 85% 88% 
Grip RMSE, power grip (N) 0.173 0.112 0.051 0.041 
Grip RMSE, precision (N) 0.089 0.071 0.028 0.021 

DOF coverage (%) 55 70 90 95 
Feedback latency (ms) 15.0 3.8 1.4 0.7 

Table 1. Performance comparison across control modalities for facial expression and dexterous grasping tasks. All mmWave+IR values 
represent significant improvements (p < 0.01) over EMG baseline. 

7. Tissue Penetration, Cavity Matching, and Architecture Scalability 

7.1. Frequency–Cavity Matching Across Body Regions 
The WavePhysAI hierarchical architecture assigns wave modalities to anatomical regions by matching cavity 
resonance frequency to available wave bands (4). Table 2 summarizes the full hierarchy from arms/legs down to 
facial muscles. The cavity resonance frequency f_res = c_eff/(2L) determines the optimal wave frequency; the 60 
GHz mmWave band provides near-fundamental resonance for both finger joints (L ≈ 2.5 mm) and facial muscles (L 

Figure 5: Fine Motor Task Evaluation: Facial Expression and Dexterous Grasping

Figure 5. Fine motor task evaluation. (a) Facial muscle activation map with mmWave (bulk) + IR (fine) dual-layer 
control: color indicates activation level. (b) Per-joint force control for 17-DOF hand across phase difference range. (c) 
Facial expression recognition accuracy: mmWave+IR (blue) achieves 87–92% vs. 55–72% for EMG baseline. (d) Grip 
force RMSE vs. noise level σ: mmWave+IR+hBN (green) achieves 76% RMSE reduction at σ = 0.3 relative to no-control 
baseline.

Task / Metric EMG Baseline mmWave Only mmWave + IR mmWave + IR + hBN
Facial recognition (mean acc.) 62% 72% 89% 91%
Smile (acc.) 68% 74% 89% 91%
Disgust (acc.) 60% 68% 85% 88%
Grip RMSE, power grip (N) 0.173 0.112 0.051 0.041
Grip RMSE, precision (N) 0.089 0.071 0.028 0.021
DOF coverage (%) 55 70 90 95
Feedback latency (ms) 15.0 3.8 1.4 0.7

Table 1: Performance Comparison Across Control Modalities for Facial Expression and Dexterous Grasping 
Tasks. All mmWave+IR Values Represent Significant Improvements (p < 0.01) over EMG Baseline

https://www.primeopenaccess.com/international-journals/journal-of-artificial-intelligence-virtual-reality-and-humancentered-computing.asp


14J AI VR Hum Comput, 2026

Tissue Penetration, Cavity Matching, and Architecture Scalability
Frequency–Cavity Matching Across Body Regions
The WavePhysAI hierarchical architecture assigns wave modalities to anatomical regions by matching cavity resonance 
frequency to available wave bands [4]. Table 2 summarizes the full hierarchy from arms/legs down to facial muscles. 
The cavity resonance frequency f_res = c_eff/(2L) determines the optimal wave frequency; the 60 GHz mmWave band 
provides near-fundamental resonance for both finger joints (L ≈ 2.5 mm) and facial muscles (L ≈ 2 mm), while the 
10–30 GHz sub-mmWave range covers hands and feet (L ≈ 1–3 cm) [7]. IR at 1300 nm provides the fine-resolution 
overlay at all scales where IR penetration depth (≈ 0.8 mm) matches the surface-layer fiber depth.

Body Region Primary Wave Frequency Cavity Size Penetration DOF
Arms / Legs Acoustic + EM 40–100 kHz 5–10 cm > 5 cm Gross
Hands / Feet mmWave 10–30 GHz 1–3 cm 5–15 mm Moderate
Finger joints mmWave + IR 60 GHz + 1300 nm 2–5 mm 0.8–4 mm Fine
Facial muscles mmWave + IR 60 GHz + 1300 nm 1–3 mm 0.8–3 mm Fine

Table 2: WavePhysAI Cavity-Resonance Hierarchy: Wave Modality Assignment by Anatomical Region

DOF Coverage and Scalability
Figure 6 presents the cavity resonance frequency map, tissue penetration profiles, and DOF coverage across control 
modalities. The mmWave + IR combination achieves 88–95% DOF coverage across all five evaluated body regions, 
compared to 35–55% for EMG and 55–80% for mmWave alone. The six-axis performance radar confirms that 
mmWave+IR+hBN achieves mean normalized score 0.93 across all dimensions—spatial resolution, tissue penetration, 
DOF coverage, latency, energy efficiency, and noise robustness—versus 0.49 for EMG, demonstrating comprehensive 
superiority [4].

≈ 2 mm), while the 10–30 GHz sub-mmWave range covers hands and feet (L ≈ 1–3 cm) (7). IR at 1300 nm provides 
the fine-resolution overlay at all scales where IR penetration depth (≈ 0.8 mm) matches the surface-layer fiber depth. 

Body Region Primary Wave Frequency Cavity Size Penetration DOF 

Arms / Legs Acoustic + EM 40–100 kHz 5–10 cm > 5 cm Gross 
Hands / Feet mmWave 10–30 GHz 1–3 cm 5–15 mm Moderate 
Finger joints mmWave + IR 60 GHz + 1300 nm 2–5 mm 0.8–4 mm Fine 

Facial muscles mmWave + IR 60 GHz + 1300 nm 1–3 mm 0.8–3 mm Fine 
Table 2. WavePhysAI cavity-resonance hierarchy: wave modality assignment by anatomical region. 

7.2. DOF Coverage and Scalability 
Figure 6 presents the cavity resonance frequency map, tissue penetration profiles, and DOF coverage across control 
modalities. The mmWave + IR combination achieves 88–95% DOF coverage across all five evaluated body regions, 
compared to 35–55% for EMG and 55–80% for mmWave alone. The six-axis performance radar confirms that 
mmWave+IR+hBN achieves mean normalized score 0.93 across all dimensions—spatial resolution, tissue 
penetration, DOF coverage, latency, energy efficiency, and noise robustness—versus 0.49 for EMG, demonstrating 
comprehensive superiority (4). 

 
Figure 6. Architecture scalability. (a) Cavity resonance frequency matching: vertical lines indicate f_res for each body region; mmWave 
band (orange shading) covers finger joints and facial muscles. (b) Tissue penetration profiles: 60 GHz mmWave reaches 3–4 mm depth; 

IR 1300 nm provides surface-layer precision (< 1 mm); combination covers full muscle depth profile. (c) DOF coverage comparison: 
mmWave+IR achieves 88–92% across regions. (d) Six-axis normalized performance radar: mmWave+IR+hBN (dark green) achieves 

0.93 mean score vs. 0.49 for EMG. 

Figure 6: Cavity Matching, Tissue Penetration, DOF Coverage, and Performance Radar

Figure 6. Architecture scalability. (a) Cavity resonance frequency matching: vertical lines indicate f_res for each body 
region; mmWave band (orange shading) covers finger joints and facial muscles. (b) Tissue penetration profiles: 60 
GHz mmWave reaches 3–4 mm depth; IR 1300 nm provides surface-layer precision (< 1 mm); combination covers 
full muscle depth profile. (c) DOF coverage comparison: mmWave+IR achieves 88–92% across regions. (d) Six-axis 
normalized performance radar: mmWave+IR+hBN (dark green) achieves 0.93 mean score vs. 0.49 for EMG.

Discussion
Physical Basis of Hierarchical Fine Motor Control
The dual-wave interference model succeeds because it exploits a natural physical hierarchy. mmWave radiation at 60 
GHz interacts with tissue at the millimeter scale—the scale of muscle fascicles and motor unit territories. EPSP/IPSP 
modulation via mmWave phase control (constructive = depolarization, destructive = hyperpolarization) provides the 
coarse-to-fine gradient that biological motor neurons exploit: large-diameter α-motor neurons control whole muscle 
force, while small-diameter γ-motor neurons fine-tune individual fiber contraction [21]. IR radiation at 1300 nm operates 
at the micrometer scale, matching individual muscle fiber diameters (50–100 μm), providing the final precision layer [9]. 
The interference term 2A_mw A_IR cos(Δφ) couples these two scales into a single continuous control variable, avoiding 
the combinatorial complexity of independent multi-channel control.
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Comparison with Existing Approaches
Compared to surface EMG, mmWave+IR+hBN reduces feedback latency 21-fold (0.7 ms vs. 15 ms) and improves 
DOF coverage from 55% to 95% [2]. Compared to intracortical electrode arrays, the present approach avoids surgical 
implantation at the cortical level and achieves comparable or superior per-muscle resolution at the peripheral level [3]. 
Compared to optical-only approaches (1550 nm), the mmWave component provides the 3–4 mm tissue penetration 
needed to reach deep intrinsic muscles that are inaccessible to surface IR alone [9].

Limitations and Future Directions
The FDTD simulation in this paper uses scaled frequencies to represent IR within the FDTD framework. Rigorous 
simulation of the full IR-mmWave multi-physics requires either extreme computational resolution (Δt ~ 3.3 fs for IR, 
requiring > 10⁸ time steps) or a coupled FDTD/ray-optics approach in which IR propagation is treated by geometric 
optics and mmWave by full-wave FDTD [14]. Additionally, biological tissue is heterogeneous (skin, fat, fascia, muscle, 
bone), and the Debye model used here represents a single-relaxation-time approximation; Cole–Cole or double-Debye 
models would improve accuracy at the expense of computational cost [13]. In vivo validation requires regulatory 
approval for mmWave tissue exposure (FCC/ICNIRP guidelines limit power density to < 10 mW/cm² at 60 GHz), and 
tissue heating from IR absorption must be monitored and controlled [22].

Future Work Will Address
• 3D FDTD with STL-voxelized anatomical models from MRI/CT data; 
• Nonlinear tissue response via χ(3) terms enabling chaotic reservoir dynamics; 
• Multi-User multiplexing via orthogonal phase codes for independent control of adjacent muscles; and 
• Photonic CMOS chip integration for a fully implantable mm-scale device.

Conclusions
We have introduced a dual-wave hybrid control framework—mmWave (60 GHz) + near-IR (1300 nm)—for fine motor 
actuation of facial muscles and dexterous hand grasping within the WavePhysAI hierarchical architecture. The central 
result is that a single continuous parameter—the phase difference Δφ between the two waves—continuously and 
monotonically controls output force over a 16-fold dynamic range: Δφ = 0 (maximum grip), Δφ = π/4 (fine touch), Δφ 
= π (relaxation). This reduces the dimensionality of fine motor control from a multi-channel, combinatorially complex 
problem to a single-parameter scalar control problem.

FDTD simulation in finger-shaped dispersive Debye tissue confirms the predicted phase-dependent field distributions. 
GPU-accelerated PID feedback achieves 0.7 ms closed-loop latency, 21-fold below EMG-based systems. Integration 
with a 23.5° magic-angle hBN moiré sensor unifies sensing and actuation in a < 5 × 5 mm² package. Task evaluation 
demonstrates 89–91% facial expression recognition accuracy and grip force RMSE of 0.021–0.041 N across five grasping 
patterns—substantial improvements over EMG and mmWave-only baselines. The six-axis performance radar confirms 
comprehensive superiority (mean score 0.93 vs. 0.49 for EMG) across spatial resolution, latency, DOF coverage, energy 
efficiency, tissue penetration, and noise robustness.

These results establish the mmWave + IR dual-wave framework as a physically grounded, hardware-compatible pathway 
to fine motor neuroprosthetics at the millimeter and sub-millimeter scale, completing the WavePhysAI body hierarchy 
from gross limb motion down to individual finger joint and facial muscle control.
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