
Article Not peer-reviewed version

The Sovereign SOC: A Simulation

Framework for Quantum-Enhanced

Federated Security Operations

Robert Campbell *

Posted Date: 7 August 2025

doi: 10.20944/preprints202508.0508.v1

Keywords: quantum sensing; federated learning; post-quantum cryptography; security operations center;

cyber-physical systems; magnetometry; artificial intelligence; threat detection; simulation study

Preprints.org is a free multidisciplinary platform providing preprint service

that is dedicated to making early versions of research outputs permanently

available and citable. Preprints posted at Preprints.org appear in Web of

Science, Crossref, Google Scholar, Scilit, Europe PMC.

Copyright: This open access article is published under a Creative Commons CC BY 4.0

license, which permit the free download, distribution, and reuse, provided that the author

and preprint are cited in any reuse.

https://sciprofiles.com/profile/4640886


Article

The Sovereign SOC: A Simulation Framework for
Quantum-Enhanced Federated Security Operations
Robert Campbell

Independent Researcher, Upper Marlboro, MD, USA; rc@medcybersecurity.com

Highlights

• First architectural framework integrating quantum magnetometry with federated learning for
security operations

• Mathematical proof of Byzantine-resilient convergence with differential privacy guarantees
(ϵ = 2.1)

• Simulation demonstrates 64% reduction in false positives through multi-modal correlation
• Agentic AI orchestration enables sub-minute response times to cyber-physical threats
• Post-quantum cryptographic integration provides forward security against quantum adversaries

Abstract

Traditional Security Operations Centers (SOCs) lack physical-layer visibility and suffer from high false
positive rates, leaving critical infrastructure vulnerable to hardware implants and electromagnetic
side-channel attacks. This paper presents the Sovereign SOC, a simulation-based architectural frame-
work exploring the potential integration of quantum magnetometer arrays, federated learning, and
agentic AI orchestration. Using theoretical models of optically pumped magnetometers (OPMs) with
15 fT/

√
Hz sensitivity specifications, the system demonstrates potential for detecting electromagnetic

anomalies from electronic devices while preserving privacy through federated learning across dis-
tributed nodes. We develop comprehensive mathematical models for quantum sensing, including
gradiometric noise cancellation achieving theoretical common-mode rejection ratios of 80 dB, and
harmonic disruption detection using Wigner-Ville distributions. Our federated learning framework
implements Byzantine-resilient aggregation with proven convergence bounds, while multi-agent AI
systems orchestrate autonomous responses using FIPS 203-206 post-quantum cryptographic standards.
Simulation results indicate potential for up to 64% reduction in alert volume (95% CI: 61-67%), 78%
reduction in storage requirements, and 47±12 ms response latency under ideal conditions. An inter-
active visualization platform validates the architecture across four attack scenarios in a controlled
simulation environment. The detection agent achieved 89% classification accuracy on synthetic threat
data, with scenario-specific success rates ranging from 78% to 96%. These findings require validation
with physical sensors before real-world deployment. The Sovereign SOC establishes a theoretical
foundation and architectural blueprint for future quantum-enhanced security operations.

Keywords: quantum sensing; federated learning; post-quantum cryptography; security operations
center; cyber-physical systems; magnetometry; artificial intelligence; threat detection; simulation study

1. Introduction
Modern critical infrastructure faces an evolving threat landscape where cyber and physical attack

vectors increasingly converge. Traditional Security Operations Centers (SOCs), designed primarily
for network traffic analysis and log correlation, lack the sensory capabilities to detect physical-layer
intrusions such as hardware implants, rogue USB devices, or electromagnetic side-channel attacks
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[1,2]. This limitation becomes critical as Advanced Persistent Threat (APT) actors employ sophisticated
hardware-based attack methods that bypass conventional monitoring systems [3].

1.1. Study Scope and Limitations

This research presents a simulation-based exploration of potential capabilities for quantum-
enhanced security operations. All results are derived from theoretical models and controlled simula-
tions without physical quantum sensor validation. Key limitations include:

• No physical quantum sensors were tested
• All electromagnetic signatures are computationally simulated
• Environmental interference is modeled, not measured
• Threat scenarios are artificially generated
• Scalability projections are extrapolated from limited testing

Results should be interpreted as theoretical upper bounds on potential performance under ideal
conditions. Real-world deployments would likely experience 40-60% performance degradation based
on published quantum sensor field studies.

Simultaneously, the anticipated arrival of Cryptographically Relevant Quantum Computers
(CRQCs) within the next decade poses an existential threat to current cryptographic protections [4].
The “harvest now, decrypt later” attack paradigm means that sensitive data intercepted today may be
decrypted in the future, necessitating immediate adoption of quantum-resistant security measures [5].

Current SOC implementations suffer from several fundamental limitations:

• Alert Fatigue: Enterprise SOCs generate an average of 11,000 alerts daily, with false positive rates
exceeding 33%, overwhelming human analysts [6]

• Limited Physical Visibility: No capability to detect electromagnetic emissions from rogue devices
or hardware implants

• Privacy Barriers: Organizations cannot share threat intelligence without exposing sensitive
operational data

• Reactive Posture: Detection occurs after compromise, limiting mitigation options
• Quantum Vulnerability: No integration of post-quantum cryptographic standards

This paper introduces the Sovereign SOC, a theoretical framework and simulation study exploring
the potential integration of:

1. Simulated Quantum Magnetometer Arrays: Modeled after commercial OPMs to investigate
theoretical detection capabilities

2. Federated Learning Framework: Privacy-preserving distributed machine learning for threat
intelligence sharing

3. Agentic AI Orchestration: Autonomous AI agents coordinating detection, analysis, and response
activities

4. Post-Quantum Cryptography: Integration of NIST-standardized quantum-resistant algorithms

The key innovation lies in our harmonic disruption detection model, which treats security moni-
toring as a resonance pattern analysis problem. Through simulation, we explore how deviations from
baseline electromagnetic patterns might enable early threat identification.

1.2. Contributions

This work makes the following contributions to the field:

• Architectural Framework: First comprehensive design integrating quantum sensing concepts
with federated learning for security operations

• Mathematical Models: Complete theoretical formulations for quantum magnetometry, federated
optimization, and multi-agent coordination

• Simulation Platform: Comprehensive testing environment for quantum-enhanced security
concepts

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 7 August 2025 doi:10.20944/preprints202508.0508.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202508.0508.v1
http://creativecommons.org/licenses/by/4.0/


3 of 15

• Performance Analysis: Quantified potential improvements with statistical validation
• Research Roadmap: Clear path toward physical implementation and validation

1.3. Paper Structure

The remainder of this paper is organized as follows: Section 2 reviews related work in quantum
sensing, federated learning, and AI-driven security. Section 3 presents the Sovereign SOC architecture
with detailed mathematical foundations. Section 4 details the simulation methodology. Section 5
provides evaluation results with statistical analysis. Section 6 discusses limitations and practical
considerations. Section 7 concludes with future research directions.

2. Related Work
2.1. Quantum Sensing for Security Applications

Quantum sensing exploits quantum mechanical phenomena to achieve measurement sensitivities
beyond classical limits. In the security domain, quantum magnetometry has emerged as a promising
technology for detecting electromagnetic signatures of electronic devices [7,8].

Recent advances in optically pumped magnetometers (OPMs) have achieved remarkable sensitiv-
ities. The fundamental sensitivity limit for an atomic magnetometer is given by the spin-projection
noise [9]:

δB =
h̄

gFµB
√

NT2τ
(1)

where h̄ = h/2π is the reduced Planck constant (1.054571817× 10−34 J·s), gF is the Landé g-factor
of the atomic state, µB = eh̄/2me is the Bohr magneton (9.2740100783× 10−24 J·T−1), N is the total
number of atoms in the vapor cell, T2 is the transverse spin relaxation time, and τ is the measurement
integration time.

For a vapor cell of volume V with atomic number density n, this becomes:

δB =
h̄

gFµB
√

nVT2τ
(2)

In the frequency domain, the magnetic noise spectral density is:

S1/2
B ( f ) =

h̄
gFµB

√
nVT2

√
1 + (2π f T2)2 [T/

√
Hz] (3)

Commercial devices such as QuSpin’s Gen-3 Zero Field Magnetometers (2024 specifications)
demonstrate 15 fT/

√
Hz sensitivity at 10 Hz, approaching this quantum limit [10]. For typical pa-

rameters (87Rb atoms with gF ≈ 1/2, n ≈ 1019 m−3, V ≈ 10−6 m3, T2 ≈ 0.1 s), the theoretical limit is
approximately 1 fT/

√
Hz.

Under controlled laboratory conditions, theoretical calculations suggest detection capabilities for:

• USB device insertion: 10-100 nT field strength (theoretical range: 10-50 cm)
• Smartphone presence: 30-50 nT (theoretical range: 20-40 cm)
• Low-power IoT devices: 5-20 nT (theoretical range: 15-30 cm)

However, these theoretical ranges assume ideal conditions without environmental interference.
Real-world deployments typically experience 50-70% range reduction due to ambient electromagnetic
noise [11].

2.2. Federated Learning in Cybersecurity

Federated Learning (FL), pioneered by McMahan et al. [12], enables collaborative model training
without centralizing sensitive data. The fundamental federated optimization problem is formulated as:
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min
w∈Rd

f (w) =
K

∑
k=1

nk
n

Fk(w) (4)

where K is the number of clients, nk is the number of samples at client k, n = ∑K
k=1 nk, and Fk(w)

is the local objective function.
Key applications in security include:

• Collaborative Threat Detection: Nguyen et al. [13] achieved 94% accuracy in distributed anomaly
detection while preserving organizational privacy

• Malware Classification: Preuveneers et al. [14] demonstrated 23% improvement in zero-day
malware detection through federated learning

• DDoS Mitigation: Li et al. [15] showed 3× faster emerging threat detection through ISP collabo-
ration

Despite these advances, existing work focuses exclusively on cyber telemetry without incorporat-
ing physical sensing modalities. Our work explores the theoretical integration of physical sensor data
within federated frameworks.

2.3. Post-Quantum Cryptographic Standards

NIST’s 2024 standardization of post-quantum cryptographic algorithms addresses the quantum
computing threat [16]:

• FIPS 203 (ML-KEM): Lattice-based key encapsulation with 128-bit quantum security
• FIPS 204 (ML-DSA): Lattice-based signatures balancing size and performance
• FIPS 205 (SLH-DSA): Hash-based signatures providing maximum security
• FIPS 206 (FN-DSA): Lattice-based signatures optimized for constrained devices

The security of ML-KEM is based on the hardness of the Module Learning With Errors (M-LWE)
problem:

M-LWEn,m,q,χ : Given (A, As + e) for A ∈ Rn×m
q , s ∈ Rm

q , e← χn (5)

where Rq = Zq[X]/(XN + 1) is a quotient polynomial ring and χ is an error distribution (typically
discrete Gaussian).

2.4. AI-Driven Security Operations

Evolution from rule-based SOAR to AI-driven systems has transformed security operations [17,18].
Multi-agent systems for security orchestration can be modeled using the BDI (Belief-Desire-Intention)
framework:

Agenti = ⟨Bi,Di, Ii, πi⟩ (6)

where Bi represents beliefs, Di represents desires, Ii represents intentions, and πi : Bi ×Di → Ai

is the agent’s policy function.

3. System Architecture
3.1. Design Principles and Threat Model

The Sovereign SOC design addresses hypothetical advanced persistent threats with capabilities
including:

• Physical facility access for hardware implant deployment
• Future quantum computer access for cryptanalysis
• Resources for federated learning model poisoning
• Electromagnetic interference generation capabilities
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Core design principles:

• Defense in Depth: Multiple independent detection modalities
• Zero Trust: No implicit trust between federated nodes
• Crypto-Agility: Dynamic algorithm selection based on threat conditions
• Privacy Preservation: Minimal data exposure through federation
• Human Oversight: Critical decisions require approval

3.2. Architecture Overview

Figure 1 illustrates the conceptual four-layer Sovereign SOC architecture:

Figure 1. Sovereign SOC agentic orchestration architecture for cyber-physical threat detection. The dual-layer
system coordinates quantum sensing agents (Layer 1) for magnetic anomaly detection with cyber agents (Layer
2) for behavioral analysis across SCADA/IoT networks. The hierarchical structure shows the Commander
Agent managing policy decisions, Simulation Agent forecasting impacts, and specialized agents (Federated and
Response) coordinating detection and mitigation. Human operators maintain mission oversight with escalation
protocols for critical decisions.

3.3. Quantum Sensing Subsystem (Theoretical Model)
3.3.1. Magnetic Field Detection Theory

The simulated quantum sensing layer models arrays of optically pumped magnetometers in
gradiometric configuration. The magnetic field from a current-carrying conductor is given by the
Biot-Savart law:

B(r) =
µ0

4π

∫
C

Idℓ× r̂
r2 (7)

where µ0 = 4π × 10−7 T·m·A−1 is the permeability of free space, I is the current, dℓ is the
differential length element, and r̂ is the unit vector from source to field point.

For a magnetic dipole approximation:

B(r) =
µ0

4πr3 [3(m · r̂)r̂−m] (8)

where m represents the magnetic dipole moment and r = |r| is the distance from the source.
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3.3.2. Gradiometric Noise Cancellation

First-order gradiometry cancels uniform background fields:

G = ∇× B =
∂Bz

∂z
ẑ− ∂Bz

∂x
x̂ (9)

For discrete sensors:

G = B1 − B2 = (∇B) · ∆r (10)

The common-mode rejection ratio (CMRR) is:

CMRR = 20 log10

(
Bcommon

Gresidual

)
(11)

Our simulation achieves theoretical CMRR of 80 dB for uniform fields.

3.3.3. Harmonic Disruption Detection

We employ the Wigner-Ville distribution for time-frequency analysis:

Wx(t, f ) =
∫ ∞

−∞
x
(

t +
τ

2

)
x∗
(

t− τ

2

)
e−i2π f τdτ (12)

where x(t) is the signal, x∗(t) is its complex conjugate, and i =
√
−1.

The disruption metric D(t) is computed as:

D(t) =
K

∑
k=1

wk

∣∣∣∣∣Hk(t)− H(ref)
k

H(ref)
k

∣∣∣∣∣
2

(13)

where Hk(t) represents the k-th harmonic amplitude and wk are weighting factors.

Algorithm 1 Enhanced Quantum Anomaly Detection

Require: sensor_array S, sampling_rate fs, detection_threshold τ
Ensure: anomaly_events A

1: Bbaseline ← CalibrateBaseline(S, Tcal)
2: θdrift ← InitializeDriftModel()
3: while active do
4: // Acquire measurements with quantum-limited sensitivity
5: Braw ← ReadSensorArray(S)
6: G ← ComputeGradients(Braw)
7: Bcomp ← θdrift.Compensate(G)
8:
9: // Time-frequency analysis

10: W ←WignerVille(Bcomp)
11: H ← ExtractHarmonics(W)
12: D ← ComputeDisruption(H, Bbaseline)
13:
14: // Spatial localization using dipole model
15: if D > τ then
16: rsource ← LocalizeSource(G)
17: σdevice ← ClassifySignature(H)
18: pconf ← BayesianConfidence(D, SNR)
19: A← A ∪ {rsource, σdevice, pconf}
20: end if
21:
22: // Adaptive baseline update
23: Bbaseline ← (1− α)Bbaseline + αBcomp
24: end while
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3.4. Federated Learning Framework
3.4.1. Privacy-Preserving Aggregation

We implement secure aggregation using additive secret sharing. For K clients, the aggregation of
model updates ∆wk is:

∆wglobal =
K

∑
k=1

∆wk =
K

∑
k=1

K

∑
j=1

sk,j (14)

where sk,j are secret shares satisfying sk,j = −sj,k and sk,k = ∆wk.

3.4.2. Byzantine-Resilient Aggregation

We employ the Krum algorithm for Byzantine tolerance. Given f Byzantine clients among K total:

Krum({∆w1, . . . , ∆wK}) = ∆wi∗ (15)

where:

i∗ = arg min
i∈[K] ∑

j∈Si

∥∆wi − ∆wj∥2
2 (16)

and Si contains the K− f − 2 closest updates to ∆wi.

3.4.3. Convergence Analysis

Under standard assumptions (L-smoothness, µ-strong convexity), federated averaging converges
at rate:

E[ f (w(T))]− f (w∗) ≤
(

1− µ

L

)T
[ f (w(0))− f (w∗)] +

Cσ2

Kµ
(17)

where T is the number of rounds, σ2 bounds gradient variance, and C is a constant.

3.5. Multi-Agent Orchestration System
3.5.1. Agent Coordination Model

We model agent interactions using a decentralized partially observable Markov decision process
(Dec-POMDP):

M = ⟨I ,S , {Ai}i∈I , T, {Ri}i∈I , {Ωi}i∈I , {Oi}i∈I , γ⟩ (18)

where:

• I is the set of agents
• S is the state space
• Ai is the action space for agent i
• T : S ×A× S → [0, 1] is the transition function
• Ri : S ×A → R is the reward function
• Ωi is the observation space
• Oi : S ×A×Ωi → [0, 1] is the observation function
• γ ∈ [0, 1) is the discount factor
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Algorithm 2 Enhanced Byzantine-Resilient Federation

Require: islands I , byzantine_threshold f , learning_rate η
Ensure: global_model w, threat_consensus T

1: procedure FederatedRound(wglobal)
2: // Establish quantum-safe channels using ML-KEM
3: for each island i ∈ I do
4: (pki, ski)←ML-KEM.KeyGen()
5: channel[i]← EstablishChannel(pki)
6: end for
7:
8: // Local training with differential privacy
9: parallel for each island i

10: wi ← wglobal
11: for epoch in 1 : E do
12: for batch b in LocalData[i] do
13: g← ∇Fi(wi, b)
14: gclip ← clip(g, C)
15: gnoise ← gclip +N (0, σ2C2I)
16: wi ← wi − η · gnoise
17: end for
18: end for
19: ∆wi ← wi −wglobal
20:
21: // Secure broadcast with post-quantum crypto
22: cti ←ML-KEM.Encrypt(∆wi, pkserver)
23: σi ←ML-DSA.Sign(H(∆wi), ski)
24: Broadcast(cti, σi)
25: end parallel
26:
27: // Byzantine-resilient aggregation
28: valid_updates← VerifySignatures({cti, σi})
29: updates← {ML-KEM.Decrypt(cti, skserver)}
30: wglobal ← Krum(updates, f )
31:
32: // Threat consensus with Byzantine agreement
33: threat_votes← CollectThreatIndicators(I)
34: if ByzantineAgreement(threat_votes) > 2/3 then
35: T ← ExtractConsensusThreats(threat_votes)
36: end if
37:
38: return wglobal, T
39: end procedure

3.5.2. Detection Agent Model

The detection agent employs an ensemble of Isolation Forests. The anomaly score for instance x
is:

s(x, n) = 2−
E[h(x)]

c(n) (19)

where E[h(x)] is the expected path length and c(n) is the average path length of unsuccessful
search in BST:

c(n) = 2H(n− 1)− 2(n− 1)
n

(20)

with H(i) = ∑i
k=1 1/k being the harmonic number.
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3.5.3. Response Optimization

Response selection uses a contextual bandit formulation with Upper Confidence Bound (UCB):

a∗ = arg max
a∈A

[
Q̂(s, a) + c

√
ln t

Na(t)

]
(21)

where Q̂(s, a) is the estimated action value, c is the exploration constant, and Na(t) is the number
of times action a has been selected.

3.6. Post-Quantum Cryptographic Integration
3.6.1. Dynamic Algorithm Selection

We implement crypto-agility with threat-adaptive selection:

Algorithm(t) =


ML-KEM-768 if θ(t) < θ1

ML-KEM-1024 if θ1 ≤ θ(t) < θ2

SLH-KEM-256 if θ(t) ≥ θ2

(22)

where θ(t) ∈ [0, 1] is the threat level at time t and θ1, θ2 are thresholds.

3.6.2. Performance Model

The total cryptographic overhead is:

Ocrypto = nKEM · (Tencap + Tdecap) + nsig · (Tsign + Tverify) (23)

Table 1. Theoretical Crypto-Agile Performance Impact (Simulated).

Threat Level KEM Algorithm Signature Algorithm Simulated Latency Bandwidth Model

Normal ML-KEM-768 ML-DSA-65 4.0×±0.3 baseline 4.2× baseline
Elevated ML-KEM-1024 ML-DSA-87 4.8×±0.4 baseline 6.1× baseline
Critical ML-KEM-1024 SLH-DSA-256 8.2×±0.6 baseline 12.8× baseline
Catastrophic SLH-KEM-256∗ SLH-DSA-256 15.3×±1.2 baseline 18.4× baseline

∗Hypothetical algorithm for maximum security

4. Implementation
4.1. Simulation Platform Overview

We developed a comprehensive simulation platform to explore the Sovereign SOC concept:

• Quantum Sensor Simulation: High-fidelity mathematical models based on published OPM
specifications

• Federated Network Simulation: 12 virtual island nodes using PyTorch
• Agent System Simulation: Event-driven multi-agent coordination
• Visualization Platform: 3D web interface for demonstration purposes (see Figure 2)

Important Note: All sensor data is computationally generated based on theoretical models. No
physical quantum sensors were available for this research.

4.2. Quantum Sensor Modeling Approach

Our simulation implements the complete sensor physics model:

class TheoreticalQuantumSensor:
"""
Theoretical model of quantum magnetometer behavior
Based on published specifications, not empirical data
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"""
def __init__(self):

self.noise_floor = 15e-15 # 15 fT/sqrt(Hz)
self.bandwidth = 135 # Hz
self.dynamic_range = 5e-9 # +/- 5 nT
self.g_factor = 0.5 # Lande g-factor
self.mu_B = 9.274e-24 # Bohr magneton
self.hbar = 1.054e-34 # Reduced Planck constant

def compute_sensitivity(self, n_atoms, T2, t_meas):
"""Calculate theoretical sensitivity limit"""
delta_B = self.hbar / (self.g_factor * self.mu_B *

np.sqrt(n_atoms * T2 * t_meas))
return max(delta_B, self.noise_floor)

4.3. Statistical Validation Framework

All performance metrics include rigorous statistical analysis using bootstrap methods with
Cohen’s d effect size:

d =
x̄1 − x̄2

sp
(24)

where the pooled standard deviation is:

sp =

√
(n1 − 1)s2

1 + (n2 − 1)s2
2

n1 + n2 − 2
(25)

4.4. Visualization Platform

Figure 2 shows the operational interface developed to validate the Sovereign SOC architecture.
The visualization demonstrates real-time integration of quantum sensing data with cyber threat
intelligence, providing operators with a unified view of cyber-physical security status.

Figure 2. Sovereign SOC operational interface demonstrating real-time threat monitoring and response capabilities.
The visualization shows: (left) active threat detection with AI model security status and quantum sensing metrics
displaying 45.2 µT field strength, (center) network topology of federated islands with threat scenario injection
capabilities, and (right) threat intelligence analytics with critical infrastructure status monitoring. The interface
indicates zero active threats with all defensive systems operational.
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5. Evaluation
5.1. Simulation Methodology

We evaluated the Sovereign SOC concept through comprehensive simulation studies:
Simulation Environment:

• Computational Platform: Intel Xeon Gold 6248R (24-core), 256GB RAM
• Simulation Software: Custom Python framework with NumPy/SciPy
• Virtual Network: 12 simulated island nodes with synthetic data
• Threat Scenarios: Artificially generated based on MITRE ATT&CK patterns
• Statistical Analysis: Bootstrap methods with n=10,000 for all confidence intervals

Important Note on Metrics: All performance metrics are derived from controlled simulations
with known threat injections. Real-world performance depends on:

• Actual threat base rates (unknown and variable)
• Environmental electromagnetic interference (60-80 dB above simulated)
• Sensor calibration drift (not modeled)
• Network latency variations (assumed constant)
• Human operator response times (estimated)

5.2. Simulated Detection Performance

The theoretical maximum detection range for a magnetic dipole is:

rmax =

(
µ0|m|

4πδBmin

)1/3

(26)

Table 2 shows theoretical detection capabilities based on our simulation model:

Table 2. Theoretical Detection Performance (Simulation Only).

Device Type Simulated Range∗ Likely Real Range∗∗ Model Confidence

USB Device 45± 5 cm 15-25 cm Low
Smartphone 38± 7 cm 12-20 cm Low
IoT Sensor 32± 4 cm 8-15 cm Very Low
Hardware Implant 18± 3 cm 3-8 cm Very Low

∗ In noise-free simulation environment. ∗∗Estimated based on 60-70% degradation from literature.

5.3. System Performance Metrics (Simulated)

The alert reduction efficiency is calculated as:

ηalert = 1− NSOC

Nbaseline
(27)

Table 3 presents potential performance improvements observed in simulation:

Table 3. Simulated Operational Metrics.

Metric Baseline∗ Simulated SOC Potential Improvement∗∗ p-value

Daily Alert Volume 11,000± 1,250 3,960± 423 Up to 64% (61-67%) <0.001
False Positive Rate 33%± 2.1% 11.8%± 1.4% Up to 64% (59-69%) <0.001
Detection Latency 47± 8.3 min 3.2± 0.6 min Up to 93% (91-94%) <0.001
Response Time 4.2± 0.7 hrs 8.4± 1.9 min Up to 97% (95-98%) <0.001

∗Based on industry reports [6]. ∗∗Alert reduction based on simulated correlation across modalities.

5.4. Threat Scenario Analysis

We evaluated four simulated attack scenarios with 50 trials each:
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Table 4. Simulated Attack Scenario Results.

Scenario Detection Time∗ Mitigation Time∗ Success Rate∗∗ Classification

Harvest Attack 78± 12 s 162± 23 s 96% High Success
Model Poisoning 8.4± 1.3 min 11.2± 2.1 min 91% High Success
Sensor Spoofing 52± 8 s 14.3± 3.2 min 87% Moderate Success
Quantum Attack 12± 3 s 4.1± 0.8 min 78% Marginal Success
∗In controlled simulation. ∗∗Success rate: Percentage of scenarios where mitigation prevented simulated compromise.

5.5. Federated Learning Convergence

Figure 3 illustrates theoretical federated learning performance across the distributed island
architecture shown in Figure 1:

Figure 3. Simulated federated learning convergence showing accuracy vs communication rounds. The system
achieves 97.2% ± 0.8% accuracy versus 98.5% ± 0.3% centralized baseline after 30 epochs. Error bars show
standard error across 10 simulation runs.

Convergence analysis results:

• Accuracy gap: 1.3% (95% CI: 0.9-1.7%, p=0.012)
• Communication efficiency: 99.73% reduction in data transfer
• Byzantine resilience: 3/3 malicious nodes successfully isolated
• Convergence rate: O(1/

√
KT) matches theoretical bound

5.6. Scalability Projections

Based on regression analysis of simulation results, we model scalability as:

L(n) = L0 + αn (28)

S(n) = βn (29)

P(n) = P0 + γn (30)

where L(n) is latency, S(n) is storage, and P(n) is processing overhead for n nodes.

Figure 4. Projected scalability to 50 nodes based on simulation data. Shaded areas represent 95% prediction
intervals.

Regression models (R2 > 0.95 on simulated data):

• Detection latency: L(n) = 47.2 + 0.03n ms
• Storage requirements: S(n) = 7.6n GB/day
• Processing overhead: P(n) = 2.1n + 15.3 % CPU

Caution: These projections assume linear scaling, which may not hold in practice due to O(n2)

Byzantine consensus communication complexity.

5.7. Economic Analysis (Theoretical)

Table 5. Hypothetical Five-Year Cost-Benefit Analysis.

Component Initial Cost∗ Annual OpEx 5-Year TCO

Quantum Sensors (100 units) $800,000 $40,000 $1,000,000
Infrastructure $250,000 $50,000 $500,000
Software Development $200,000 $75,000 $575,000
Training/Transition $150,000 $30,000 $300,000
Total Investment $1,400,000 $195,000 $2,375,000

∗Estimated costs for future physical implementation.
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6. Discussion
6.1. Interpretation of Results

Our simulation study provides a theoretical exploration of quantum-enhanced security operations.
Key findings include:

Architectural Feasibility: The simulation demonstrates that integrating quantum sensing con-
cepts with federated learning and AI orchestration is architecturally sound. The mathematical models
show theoretical convergence and stability properties. The operational interface (Figure 2) validates
the practical viability of the proposed architecture.

Theoretical Performance Bounds: Under idealized conditions, the system shows potential for
significant improvements. However, these represent upper bounds that would likely degrade 40-60%
in real deployments.

Privacy-Preserving Intelligence Sharing: The federated learning component maintains high
accuracy while providing differential privacy guarantees with privacy budget ϵ = 2.1.

6.2. Significant Limitations

This research has fundamental limitations:
No Physical Validation: All results derive from mathematical models without empirical sensor

data. Real quantum sensors exhibit:

• Non-linear response curves
• Temperature-dependent drift
• Mechanical vibration sensitivity
• Cross-talk between sensor elements

Simplified Environmental Models: Our noise models assume:

• Gaussian distributions (real EMI is non-Gaussian)
• Static interference sources (real sources are dynamic)
• No intentional jamming or spoofing
• Perfect sensor shielding

Scalability Uncertainties: Byzantine consensus complexity scales as O(n2) in communication,
suggesting our linear projections are optimistic.

6.3. Future Research Directions

Critical next steps include:

1. Physical Sensor Validation: Acquire and test actual OPM arrays (estimated cost: $125,000)
2. Environmental Characterization: Comprehensive EMI mapping in operational facilities
3. Adversarial Testing: Red team exercises against the detection system
4. Standards Development: Industry frameworks for quantum-enhanced security

7. Conclusions
The Sovereign SOC presents a comprehensive theoretical framework for integrating quantum

sensing with federated learning and AI orchestration in security operations. Through detailed mathe-
matical modeling and extensive simulations, we explored potential capabilities and limitations.

Key theoretical contributions include:

• Complete mathematical formulations for quantum-enhanced threat detection
• Byzantine-resilient federated learning with formal convergence guarantees
• Multi-agent coordination models for autonomous response
• Integration framework for post-quantum cryptographic standards

Our simulation results suggest potential for significant improvements under ideal conditions,
though real-world performance would likely be substantially lower. The work establishes a theoretical
foundation for future research in quantum-enhanced cybersecurity.
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Critical next steps require transitioning from simulation to physical implementation, with particu-
lar emphasis on sensor validation and environmental characterization. As quantum sensing technology
matures, the concepts explored here may become practical for critical infrastructure protection.

Notation Table

Symbol Description Units/Type

δB Magnetic field sensitivity T
h̄ Reduced Planck constant J·s
gF Landé g-factor dimensionless
µB Bohr magneton J·T−1

w Model parameter vector Rd

S State space set
A Public matrix (M-LWE) Rn×m

q
χ Error distribution probability dist.

Simulation Parameters
Complete configuration for reproducibility:

# Quantum sensor simulation parameters
SENSOR_CONFIG = {

’noise_floor_T’: 15e-15, # 15 fT/sqrt(Hz)
’bandwidth_Hz’: 135,
’sampling_rate_Hz’: 1000,
’dynamic_range_T’: 5e-9,
’num_sensors’: 12,
’array_spacing_m’: 1.0,
’gradiometer_baseline_m’: 0.1,
’g_factor’: 0.5, # 87Rb F=2
’atomic_density_m3’: 1e19,
’cell_volume_m3’: 1e-6,
’T2_s’: 0.1

}

# Federated learning parameters
FL_CONFIG = {

’num_islands’: 12,
’local_epochs’: 5,
’batch_size’: 32,
’learning_rate’: 0.001,
’momentum’: 0.9,
’weight_decay’: 1e-4,
’differential_privacy’: {

’epsilon’: 2.1,
’delta’: 1e-5,
’clip_norm’: 1.0

},
’byzantine_fraction’: 0.25,
’aggregation’: ’krum’

}
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