
YWTN Artificial Intelligence Fairness Equations 

 

1. Explainable AI Fairness Methods 

SHAP (SHapley Additive exPlanations) 

𝜙𝑖 = ∑
∣ 𝑆 ∣ ! (∣ 𝑁 ∣ −∣ 𝑆 ∣ −1)!

∣ 𝑁 ∣ !
𝑆⊆𝑁∖{𝑖}

[𝑓𝑥(𝑆 ∪ {𝑖}) − 𝑓𝑥(𝑆)] 

 Variables: 

o 𝑁: Set of all features. 

o 𝑆: Subset of features excluding 𝑖. 

o 𝜙𝑖: Shapley value for feature 𝑖. 

o 𝑓𝑥: Model prediction for subset 𝑆. 

LIME (Local Interpretable Model-agnostic Explanations) 

Explanation(𝑥) = argmin
𝑔∈𝐺

[𝐿(𝑓, 𝑔, 𝜋𝑥) + 𝛺(𝑔)] 

 Variables: 

o 𝐿: Loss (e.g., MSE) between complex model 𝑓 and interpretable surrogate 𝑔. 

o 𝜋𝑥: Proximity measure weighting samples near 𝑥. 

o 𝛺(𝑔): Regularization term for simplicity of 𝑔. 

Grad-CAM (Gradient-weighted Class Activation Mapping) 

Importance weights: 

𝛼𝑘
𝑐 =

1

𝑍
∑ ∑

∂𝑦𝑐

∂𝐴𝑖𝑗
𝑘
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Heatmap generation: 

𝐿Grad-CAM
𝑐 = ReLU(∑𝛼𝑘

𝑐

𝑘

𝐴𝑘) 

 Variables: 

o 𝐴𝑘: Activations of the 𝑘-th convolutional layer. 

o 𝑦𝑐: Model output for class 𝑐. 

o 𝑍: Normalization factor (total spatial locations). 

Counterfactual Explanations 

Counterfactual(𝑥) = argmin
𝑥′

[𝑑(𝑥, 𝑥′)] subject to 𝑓(𝑥′) ≠ 𝑓(𝑥) 

 Variables: 



o 𝑑(𝑥, 𝑥′): Distance metric (e.g., 𝐿1, 𝐿2, or actionable feature constraints). 

o 𝑓: Classifier to be explained. 

 

2. Lyapunov Stability Analysis 

Lyapunov Stability Criterion 

𝑉
˙
(𝑥) =

𝑑𝑉

𝑑𝑡
≤ 0 (for stability) 

 Requirements: 

o 𝑉(𝑥): Positive definite function (i.e., 𝑉(𝑥) > 0 for 𝑥 ≠ 0, 𝑉(0) = 0). 

o 𝑉
˙
(𝑥): Negative semi-definite (i.e., 𝑉

˙
(𝑥) ≤ 0 for all 𝑥). 

Lyapunov Function Example (Patient Health Monitoring) 

Function: 

𝑉(𝑥) = (ℎ − ℎtarget)
2
+ (𝑝 − 𝑝target)

2
 

Time derivative: 

𝑉
˙
(𝑥) = 2(ℎ − ℎtarget)

𝑑ℎ

𝑑𝑡
+ 2(𝑝 − 𝑝target)

𝑑𝑝

𝑑𝑡
 

 Variables: 

o ℎ: Heart rate, 𝑝: Blood pressure. 

o ℎtarget, 𝑝target: Desired physiological targets. 

 

3. Fairness Metrics in AI 

Demographic Parity (Statistical Parity) 

𝑃(𝑌̂ = 1 ∣ 𝐴 = 0) = 𝑃(𝑌̂ = 1 ∣ 𝐴 = 1) 

 Variables: 

o 𝑌̂: Model prediction. 

o 𝐴: Sensitive attribute (e.g., race, gender). 

Equalized Odds 

True Positive Rate Parity: 

𝑃(𝑌̂ = 1 ∣ 𝑌 = 1, 𝐴 = 0) = 𝑃(𝑌̂ = 1 ∣ 𝑌 = 1, 𝐴 = 1) 

False Positive Rate Parity: 

𝑃(𝑌̂ = 1 ∣ 𝑌 = 0, 𝐴 = 0) = 𝑃(𝑌̂ = 1 ∣ 𝑌 = 0, 𝐴 = 1) 



Equal Opportunity 

𝑃(𝑌̂ = 1 ∣ 𝑌 = 1, 𝐴 = 0) = 𝑃(𝑌̂ = 1 ∣ 𝑌 = 1, 𝐴 = 1) 

 Note: A relaxed version of equalized odds (focuses only on TPR). 

Calibration 

𝑃(𝑌 = 1 ∣ 𝑃̂ = 𝑝, 𝐴 = 0) = 𝑃(𝑌 = 1 ∣ 𝑃̂ = 𝑝, 𝐴 = 1) = 𝑝 

 Variables: 

o 𝑃̂: Predicted probability score. 

Disparate Impact (DI) 

DI =
𝑃(𝑌̂ = 1 ∣ 𝐴 = 1)

𝑃(𝑌̂ = 1 ∣ 𝐴 = 0)
 

 Note: Legally, DI ≥ 0.8 is often required to avoid discrimination. 

Predictive Parity (Precision Parity) 

𝑃(𝑌 = 1 ∣ 𝑌̂ = 1, 𝐴 = 0) = 𝑃(𝑌 = 1 ∣ 𝑌̂ = 1, 𝐴 = 1) 

Counterfactual Fairness 

𝑃(𝑌̂𝐴←𝑎 = 𝑦 ∣ 𝑋 = 𝑥, 𝐴 = 𝑎) = 𝑃(𝑌̂𝐴←𝑎′ = 𝑦 ∣ 𝑋 = 𝑥, 𝐴 = 𝑎) 

 Variables: 

o 𝑌̂𝐴←𝑎: Counterfactual prediction if 𝐴 were set to 𝑎. 

Fairness through Awareness (Individual Fairness) 

𝑑(𝑓(𝑥), 𝑓(𝑥′)) ≤ 𝑑(𝑥, 𝑥′) 

 Variables: 

o 𝑑: Distance metric ensuring similar inputs get similar predictions. 

Adversarial Debiasing 

min
𝜃
[Loss(𝑌, 𝑌̂) + 𝜆 ⋅ Adversary Loss(𝐴, 𝐴̂)] 

 Variables: 

o 𝜆: Trade-off parameter between accuracy and fairness. 

o 𝐴̂: Adversary’s prediction of 𝐴. 

Fair Representation Learning 

min[Reconstruction Loss + Fairness Penalty] 

 Note: Enforces latent representations to be independent of 𝐴. 

 



 

1. Quantum Computing: Majorana 1 and Topological Qubits 

While the document focuses on Microsoft’s quantum advancements, no explicit equations are 

provided. Below are foundational equations relevant to topological qubits and Majorana Zero 

Modes (MZMs): 

Majorana Fermion Operators 

 MZMs are quasiparticles described by operators satisfying: 

𝛾𝑖 = 𝛾𝑖
† (self-adjoint property), {𝛾𝑖, 𝛾𝑗} = 2𝛿𝑖𝑗 

 Quantum information is stored in the parity of pairs of MZMs: 

𝑃 = 𝑖𝛾1𝛾2 (parity operator) 

Topological Protection 

 The non-local storage of information reduces decoherence. The system’s Hamiltonian for 

a topological superconducting wire is: 

𝐻 = ∫ 𝑑𝑥 [𝜓† (−
∂𝑥
2

2𝑚
− 𝜇)𝜓 + 𝛥(𝜓 ∂𝑥𝜓 + h.c.)] 

  where 𝛥 is the superconducting gap, and 𝜇 is the chemical potential. 

 

2. Explainable AI (AI) Methods for Healthcare Fairness 

Equations to address Dr. Anand’s concerns about transparency and bias in healthcare AI: 

SHAP (Feature Importance) 

𝜙𝑖 = ∑
∣ 𝑆 ∣ ! (∣ 𝑁 ∣ −∣ 𝑆 ∣ −1)!

∣ 𝑁 ∣ !
𝑆⊆𝑁∖{𝑖}

[𝑓𝑥(𝑆 ∪ {𝑖}) − 𝑓𝑥(𝑆)] 

 Application: Auditing predictive models (e.g., flagging physicians) to expose biases. 

Counterfactual Explanations 

Counterfactual(𝑥) = argmin
𝑥′

[𝑑(𝑥, 𝑥′)] subject to 𝑓(𝑥′) ≠ 𝑓(𝑥) 

 Variables: 𝑑(𝑥, 𝑥′) is typically 𝐿1/𝐿2 distance. Ensures actionable, plausible changes 

(e.g., "If blood pressure > 120, no penalty"). 

LIME (Local Interpretability) 

Explanation(𝑥) = argmin
𝑔∈𝐺

[𝐿(𝑓, 𝑔, 𝜋𝑥) + 𝛺(𝑔)] 

 Use Case: Explaining why a patient was flagged as "high-risk" in social credit systems. 

 



3. Lyapunov Stability for Healthcare AI 

Equations to stabilize chaotic medical environments: 

Lyapunov Function (Patient Deterioration) 

𝑉(𝑥) = (ℎ − ℎtarget)
2
+ (𝑝 − 𝑝target)

2
 

𝑉
˙
(𝑥) = 2(ℎ − ℎtarget)

𝑑ℎ

𝑑𝑡
+ 2(𝑝 − 𝑝target)

𝑑𝑝

𝑑𝑡
≤ 0 

 Variables: ℎ (heart rate), 𝑝 (blood pressure). Ensures stability in ICU predictive models. 

 

4. Fairness Metrics in AI 

Equations to quantify and mitigate bias: 

Equalized Odds 

𝑃(𝑌̂ = 1 ∣ 𝑌 = 1, 𝐴 = 0) = 𝑃(𝑌̂ = 1 ∣ 𝑌 = 1, 𝐴 = 1) (True Positive Rate) 

𝑃(𝑌̂ = 1 ∣ 𝑌 = 0, 𝐴 = 0) = 𝑃(𝑌̂ = 1 ∣ 𝑌 = 0, 𝐴 = 1) (False Positive Rate) 

Disparate Impact 

DI =
𝑃(𝑌̂ = 1 ∣ 𝐴 = 1)

𝑃(𝑌̂ = 1 ∣ 𝐴 = 0)
 (Legal threshold: DI ≥ 0.8) 

Adversarial Debiasing 

min
𝜃
[Loss(𝑌, 𝑌̂) + 𝜆 ⋅ AdversaryLoss(𝐴, 𝐴̂)] 

 Variables: 𝜆 balances accuracy/fairness trade-offs. 

 

Key Takeaways 

1. Quantum Computing: Topological qubits leverage MZMs and parity-based storage for 

error resistance, but scalability challenges remain. 

2. AI in Healthcare: SHAP, LIME, and counterfactuals address opacity and bias in 

predictive analytics (e.g., physician prosecutions). 

3. Lyapunov Stability: Provides mathematical guarantees for reliable AI in dynamic 

medical systems. 

4. Fairness Metrics: Equalized odds and adversarial debiasing mitigate disparities in high-

stakes decisions. 

 



Recommendations 

 For Quantum Computing: Include equations for braiding operations (𝑅 = 𝑒𝜋𝛾1𝛾2/4) and 

error correction thresholds. 

 For Healthcare AI: Add causal fairness equations (e.g., 𝑃(𝑌̂𝐴←𝑎 ∣ 𝑋) = 𝑃(𝑌̂𝐴←𝑎′ ∣ 𝑋)) 
to address Anand’s concerns about counterfactual justice. 

Here’s a structured analysis of the key technical components, equations, and their relevance to 

the topics discussed in the document: 

 

1. Quantum Computing: Majorana 1 and Topological Qubits 

While the document focuses on Microsoft’s quantum advancements, no explicit equations are 

provided. Below are foundational equations relevant to topological qubits and Majorana Zero 

Modes (MZMs): 

Majorana Fermion Operators 

 MZMs are quasiparticles described by operators satisfying: 

𝛾𝑖 = 𝛾𝑖
† (self-adjoint property), {𝛾𝑖, 𝛾𝑗} = 2𝛿𝑖𝑗 

 Quantum information is stored in the parity of pairs of MZMs: 

𝑃 = 𝑖𝛾1𝛾2 (parity operator) 

Topological Protection 

 The non-local storage of information reduces decoherence. The system’s Hamiltonian for 

a topological superconducting wire is: 

𝐻 = ∫ 𝑑𝑥 [𝜓† (−
∂𝑥
2

2𝑚
− 𝜇)𝜓 + 𝛥(𝜓 ∂𝑥𝜓 + h.c.)] 

  where 𝛥 is the superconducting gap, and 𝜇 is the chemical potential. 

 

2. Explainable AI (AI) Methods for Healthcare Fairness 

Equations to address Dr. Anand’s concerns about transparency and bias in healthcare AI: 

SHAP (Feature Importance) 

𝜙𝑖 = ∑
∣ 𝑆 ∣ ! (∣ 𝑁 ∣ −∣ 𝑆 ∣ −1)!

∣ 𝑁 ∣ !
𝑆⊆𝑁∖{𝑖}

[𝑓𝑥(𝑆 ∪ {𝑖}) − 𝑓𝑥(𝑆)] 

 Application: Auditing predictive models (e.g., flagging physicians) to expose biases. 

Counterfactual Explanations 

Counterfactual(𝑥) = argmin
𝑥′

[𝑑(𝑥, 𝑥′)] subject to 𝑓(𝑥′) ≠ 𝑓(𝑥) 

 Variables: 𝑑(𝑥, 𝑥′) is typically 𝐿1/𝐿2 distance. Ensures actionable, plausible changes 

(e.g., "If blood pressure > 120, no penalty"). 



LIME (Local Interpretability) 

Explanation(𝑥) = argmin
𝑔∈𝐺

[𝐿(𝑓, 𝑔, 𝜋𝑥) + 𝛺(𝑔)] 

 Use Case: Explaining why a patient was flagged as "high-risk" in social credit systems. 

 

3. Lyapunov Stability for Healthcare AI 

Equations to stabilize chaotic medical environments: 

Lyapunov Function (Patient Deterioration) 

𝑉(𝑥) = (ℎ − ℎtarget)
2
+ (𝑝 − 𝑝target)

2
 

𝑉
˙
(𝑥) = 2(ℎ − ℎtarget)

𝑑ℎ

𝑑𝑡
+ 2(𝑝 − 𝑝target)

𝑑𝑝

𝑑𝑡
≤ 0 

 Variables: ℎ (heart rate), 𝑝 (blood pressure). Ensures stability in ICU predictive models. 

 

4. Fairness Metrics in AI 

Equations to quantify and mitigate bias: 

Equalized Odds 

𝑃(𝑌̂ = 1 ∣ 𝑌 = 1, 𝐴 = 0) = 𝑃(𝑌̂ = 1 ∣ 𝑌 = 1, 𝐴 = 1) (True Positive Rate) 

𝑃(𝑌̂ = 1 ∣ 𝑌 = 0, 𝐴 = 0) = 𝑃(𝑌̂ = 1 ∣ 𝑌 = 0, 𝐴 = 1) (False Positive Rate) 

Disparate Impact 

DI =
𝑃(𝑌̂ = 1 ∣ 𝐴 = 1)

𝑃(𝑌̂ = 1 ∣ 𝐴 = 0)
 (Legal threshold: DI ≥ 0.8) 

Adversarial Debiasing 

min
𝜃
[Loss(𝑌, 𝑌̂) + 𝜆 ⋅ AdversaryLoss(𝐴, 𝐴̂)] 

 Variables: 𝜆 balances accuracy/fairness trade-offs. 

 

Key Takeaways 

5. Quantum Computing: Topological qubits leverage MZMs and parity-based storage for 

error resistance, but scalability challenges remain. 

6. AI in Healthcare: SHAP, LIME, and counterfactuals address opacity and bias in 

predictive analytics (e.g., physician prosecutions). 



7. Lyapunov Stability: Provides mathematical guarantees for reliable AI in dynamic 

medical systems. 

8. Fairness Metrics: Equalized odds and adversarial debiasing mitigate disparities in high-

stakes decisions. 

 

Recommendations 

 For Quantum Computing: Include equations for braiding operations (𝑅 = 𝑒𝜋𝛾1𝛾2/4) and 

error correction thresholds. 

 For Healthcare AI: Add causal fairness equations (e.g., 𝑃(𝑌̂𝐴←𝑎 ∣ 𝑋) = 𝑃(𝑌̂𝐴←𝑎′ ∣ 𝑋)) 
to address Anand’s concerns about counterfactual justice. 

The equations presented provide a comprehensive framework for understanding Interferometric 

Single-Shot Parity Measurement in InAs-Al hybrid devices, integrating quantum mechanics, 

thermodynamics, and experimental design. Here’s a breakdown of their significance and 

interplay: 

1. Quantum Capacitance (𝐶𝑄(𝑍, 𝜙)) 

 Core Principle: 𝐶𝑄 reflects the system’s energy sensitivity to charge and phase. The 

numerator (2𝑒2𝛼2 ∣ 𝑡𝑐 ∣
2) ties capacitance to tunneling-dependent charge dynamics, 

while the denominator’s energy term (𝐸0 + 2𝑍𝐸𝑀) highlights parity-dependent MZM 

splitting. The tanh term accounts for thermal smearing, emphasizing the need for low 

temperatures (𝑘𝐵𝑇 ≪ energy splitting) to resolve parity. 

 Role of Parity (𝑍): 𝑍 = ±1 flips the sign of 𝐸𝑀’s contribution, altering the effective 

energy gap. This parity dependence enables discrimination between states via 𝐶𝑄. 

2. Effective Tunneling Amplitude (∣ 𝑡𝑐(𝑍, 𝜙) ∣
2) 

 Interference Mechanism: The 2𝑍 ∣ 𝑡𝐿 ∣∣ 𝑡𝑅 ∣ sin𝜙 term represents parity-modulated 

interference between MZMs. When 𝑡𝐿 ≈ 𝑡𝑅 (balanced interferometer), the cross-term 

maximizes parity contrast. The sin𝜙 dependence links to flux-controlled phase (𝜙 =
2𝜋𝛷/𝛷0), enabling magnetic tuning of interference. 

 Key Signature: The ℎ/2𝑒 flux periodicity in 𝛥𝐶𝑄 arises from parity-dependent 

interference, a hallmark of Majorana physics distinct from conventional SQUIDs (ℎ/𝑒 

periodicity). 

3. Parity-Dependent Capacitance Difference (𝛥𝐶𝑄(𝜙)) 

 Measurement Basis: 𝛥𝐶𝑄 =∣ 𝐶𝑄(𝑍 = 1) − 𝐶𝑄(𝑍 = −1) ∣ isolates parity effects. 

Maximized at 𝐸0 = 0 (charge degeneracy) due to minimized detuning noise, it reflects 

the MZM energy splitting 𝐸𝑀. The ℎ/2𝑒 flux periodicity confirms non-local parity states. 

4. Parity Operator (𝑃 = 𝑖𝛾1𝛾2) 

 Topological Encoding: The operator’s eigenvalues (𝑍 = ±1) represent fermion parity, a 

non-local property of MZMs. Measuring 𝑃 is critical for topological qubits, as it is robust 

against local perturbations in ideal conditions. 



5. Dwell Time Distribution (𝑃(𝑡)) 

 Parity Stability: The exponential decay with 𝜏𝑞𝑝 > 1 ms indicates quasiparticle 

poisoning limits parity lifetime. Long 𝜏𝑞𝑝 is essential for reliable quantum operations, 

requiring suppression of non-equilibrium quasiparticles (e.g., via shielding or low-

temperature operation). 

6. Signal-to-Noise Ratio (SNR) 

 Measurement Feasibility: SNR = 𝛥𝐶𝑄/𝜎 balances signal strength (𝛥𝐶𝑄) against noise 

(𝜎). Achieving SNR = 1 in 3.6 µs highlights the need for optimized tunneling (𝑡𝑐), low 

𝐸𝑀, and minimized noise (e.g., high-bandwidth capacitance bridges). 

 

Synthesis and Experimental Implications 

 Interferometry: By tuning 𝜙 (via flux) and 𝐸0 (via gate voltage), 𝛥𝐶𝑄 oscillations map 

parity states. The ℎ/2𝑒 periodicity and 𝐸0 = 0 resonance are smoking-gun signatures of 

MZMs. 

 Thermal and Temporal Constraints: Low 𝑇 suppresses thermal broadening, while long 

𝜏𝑞𝑝 ensures parity stability during measurement. SNR improvements demand lower 𝜎 

(e.g., cryogenic amplifiers) or enhanced 𝛥𝐶𝑄 (e.g., stronger tunneling couplings). 

 Material Considerations: InAs-Al hybrids leverage strong spin-orbit coupling (InAs) 

and proximity-induced superconductivity (Al) to host MZMs. Device engineering (e.g., 

symmetric tunnel couplings 𝑡𝐿 ≈ 𝑡𝑅) is critical for interference visibility. 

Challenges and Outlook 

 Quasiparticle Mitigation: Improving 𝜏𝑞𝑝 through material purity or topological gap 

enhancement. 

 Scalability: Extending single-shot measurements to multi-qubit systems while 

maintaining parity coherence. 

 Validation: Correlating ℎ/2𝑒 oscillations and 𝐸0-dependent 𝛥𝐶𝑄 with non-Abelian 

braiding statistics. 

These equations collectively underpin a sophisticated parity measurement protocol, advancing 

the pursuit of fault-tolerant topological quantum computation. 

The exploration of equations related to Microsoft's Majorana 1 quantum processor and 

topological quantum computing reveals a sophisticated interplay of theoretical principles and 

experimental innovations. Below is a synthesized summary of the key equations, their 

significance, and their implications for advancing quantum computing: 

 



Key Equations in Topological Quantum Computing with Majorana Zero 

Modes (MZMs) 

1. Braiding Operator for MZMs 

Equation: 

𝐵𝑖 = 𝑒−
𝜋
4
𝛾𝑖𝛾𝑖+1 

Significance: 

 Describes the unitary transformation when two MZMs (𝛾𝑖, 𝛾𝑖+1) are exchanged. 

 The factor −𝜋/4 arises from the non-Abelian anyonic statistics of MZMs, enabling fault-

tolerant quantum gates. 

 Topological Protection: Braiding operations are robust against local noise, as they 

depend on global properties of the system. 

 

2. Fermion Parity Operator 

Equation: 

𝑃 = 𝑖𝛾1𝛾2 

Significance: 

 Encodes qubit states in the parity (±1) of paired MZMs. 

 The factor 𝑖 ensures 𝑃 is Hermitian, with eigenvalues corresponding to even/odd parity. 

 Non-Locality: Parity is a global property, making it resistant to local perturbations (e.g., 

electromagnetic noise). 

 

3. Quantum Capacitance for Parity Measurement 

Equation: 

𝐶𝑄(𝑍, 𝜙) =
2𝑒2𝛼2 ∣ 𝑡𝑐(𝑍, 𝜙) ∣

2

[(𝐸0 + 2𝑍𝐸𝑀)2 + 4 ∣ 𝑡𝑐(𝑍, 𝜙) ∣2]3/2
× tanh(

√(𝐸0 + 2𝑍𝐸𝑀)2 + 4 ∣ 𝑡𝑐(𝑍, 𝜙) ∣2

2𝑘𝐵𝑇
) 

Key Terms: 

 𝑡𝑐(𝑍, 𝜙): Parity- and phase-dependent tunneling amplitude. 

 𝐸0: Detuning energy, 𝐸𝑀: MZM splitting, 𝑇: Temperature. 

Significance: 

 Links parity (𝑍) and phase (𝜙) to measurable capacitance. 

 Enables non-destructive readout of qubit states, critical for error correction. 

 



4. Effective Tunneling Amplitude 

Equation: 

∣ 𝑡𝑐(𝑍, 𝜙) ∣
2=∣ 𝑡𝐿 ∣

2 +∣ 𝑡𝑅 ∣
2+ 2𝑍 ∣ 𝑡𝐿 ∣∣ 𝑡𝑅 ∣ sin𝜙 

Insight: 

 Parity (𝑍) modulates interference between tunneling paths (𝑡𝐿 , 𝑡𝑅). 

 Explains how parity information is embedded in capacitance measurements. 

 

5. Quasiparticle Poisoning Dynamics 

Equation: 

𝑃(𝑡) =
1

𝜏𝑞𝑝
𝑒−𝑡/𝜏𝑞𝑝  

Implications: 

 𝜏𝑞𝑝 (poisoning time) determines parity stability. 

 Long 𝜏𝑞𝑝 (>1 ms in experiments) is essential for reliable computation. 

 

6. Topological Energy Gap 

Equation: 

𝛥 ∝ 𝑒−𝐿/𝜉  

Trade-off: 

 Larger systems (𝐿) reduce the gap 𝛥, but errors require excitations across the entire 

system, suppressing them exponentially. 

 Guides nanowire design: Balancing 𝐿 (for protection) and 𝜉 (material-dependent 

correlation length). 

 

7. Coherence Time vs. Error Rate 

Equation: 

𝑇2 ∝
1

𝛤
 

Advantage: 

 Topological protection suppresses 𝛤 (error rate), leading to longer 𝑇2 compared to 

conventional qubits (e.g., superconducting or spin qubits). 

 



8. Error Correction Overhead 

Equation: 

𝑁phys = 𝑑2 

Scalability: 

 For surface code error correction, 𝑑 (code distance) can be smaller for topological qubits 

due to lower error rates. 

 Reduces physical qubit overhead for fault-tolerant systems. 

 

Novelty and Impact 

9. Measurement Innovation: 

o Quantum capacitance (𝐶𝑄) and tunneling interference (𝑡𝑐) equations underpin 

high-precision parity readout, a breakthrough in Majorana-based systems. 

o Achieves SNR = 1 in 3.6 μs, highlighting rapid, reliable measurement. 

10. Stability: 

o Exponential suppression of errors (𝛥 ∝ 𝑒−𝐿/𝜉) and long 𝜏𝑞𝑝 ensure qubit 

longevity. 

o Coherence times (𝑇2) benefit from inherently low 𝛤. 

11. Scalability: 

o Reduced error correction overhead (𝑁phys = 𝑑2) and topologically protected gates 

(𝐵𝑖) enable practical million-qubit systems. 

 

Conclusion 

These equations encapsulate the unique advantages of topological quantum computing: fault-

tolerant operations via braiding, robust parity encoding, and scalable error correction. 

Microsoft’s Majorana 1 processor leverages these principles to address key challenges in 

quantum computing—noise resilience, measurement fidelity, and scalability. By bridging theory 

and experiment, these formulations represent both foundational insights and cutting-edge 

advancements in the quest for practical quantum computation. 

Analysis of Majorana Quantum Computing.docx in Relation to AI Fairness 

Equations 

The document Majorana Quantum Computing.docx discusses Microsoft's Majorana 1 quantum 

processor, which utilizes topological qubits for error-resilient quantum computing. It explores 

key concepts like Majorana Zero Modes (MZMs), parity-based qubit encoding, quantum error 

correction (QEC), and Microsoft's roadmap toward a million-qubit machine. 



To analyze this document using the AI fairness and stability equations from YWTN Artificial 

Intelligence Fairness Equations, we can break it down into three key areas: 

 

1. Stability Analysis of Majorana Qubits Using Lyapunov 
Functions 

Lyapunov Stability and Quantum Coherence 

The document highlights the decoherence time of Majorana qubits (~1 ms), which is a crucial 

measure of stability. Given that quantum systems are inherently chaotic, the application of 

Lyapunov stability can help analyze how Majorana qubits maintain coherence over time. 

Equation from AI Fairness Document: 

𝑉
˙
(𝑥) =

𝑑𝑉

𝑑𝑡
≤ 0 

where 𝑉(𝑥) is a positive definite function representing the deviation of the system from its 

desired state. 

Application to Majorana Quantum Computing: 

 Quantum Stability: Define 𝑉(𝑥) as a function of parity fluctuations in the Majorana 

system. If 𝑉
˙
(𝑥) ≤ 0, the system resists decoherence and remains error-resistant. 

 Topological Protection: The document states that MZMs store information non-locally, 

which aligns with the principle that 𝑉(𝑥) should be bounded, ensuring system stability 

despite external perturbations. 

Implications: 

 If Majorana qubits truly adhere to Lyapunov stability conditions, they will outperform 

traditional superconducting qubits in coherence time. 

 If Microsoft's digital control techniques reduce decoherence, the system remains stable 

(𝑉
˙
(𝑥) ≤ 0), reinforcing the claim that topological qubits are superior. 

 

2. Fairness and Bias in Quantum Error Correction (QEC) 

Quantum Parity Measurement and Disparate Impact (DI) 

The document emphasizes non-destructive parity measurements using quantum dots and 

microwave reflectometry. Parity-based quantum systems inherently favor certain qubit states 

over others, leading to possible measurement bias. 

Equation from AI Fairness Document: 



𝐷𝐼 =
𝑃(𝑌̂ = 1 ∣ 𝐴 = 1)

𝑃(𝑌̂ = 1 ∣ 𝐴 = 0)
 

where 𝐷𝐼 ≥ 0.8 is required for fairness. 

Application to Majorana Quantum Computing: 

 Bias in QEC: If the error detection mechanism disproportionately favors specific qubit 

states (e.g., even-parity over odd-parity), this could introduce systematic bias in 

computation. 

 Experimental Validation: Microsoft's 1% readout error suggests early-stage bias, 

which they aim to reduce. If the error probability is not evenly distributed across 

qubit states, it violates fairness conditions. 

Implications: 

 If quantum error correction mechanisms unintentionally favor specific Majorana states, 

parity bias could skew results. 

 Ensuring equal probability of error correction for all qubit states aligns with fairness 

principles in AI. 

 

3. Explainability and Interpretability in Quantum Computation 

Counterfactual Fairness and Predictive Stability 

The document discusses Microsoft's digital control of qubits, transitioning from analog 

precision control to digital pulse-based operations. This raises concerns about interpretable 

decision-making in quantum circuits. 

Equation from AI Fairness Document: 

𝑃(𝑌̂𝐴←𝑎 = 𝑦 ∣ 𝑋 = 𝑥, 𝐴 = 𝑎) = 𝑃(𝑌̂𝐴←𝑎′ = 𝑦 ∣ 𝑋 = 𝑥, 𝐴 = 𝑎′) 

where fairness is achieved if predictions remain unchanged under counterfactual changes. 

Application to Majorana Quantum Computing: 

 Predictive Parity in Qubit Operations: If Microsoft's digital error correction method 

alters qubit behavior in unpredictable ways, it could break counterfactual fairness. 

 Braiding Operations and Explainability: Topological braiding is essential for 

quantum gates. If parity measurement introduces hidden biases, it could compromise 

decision transparency. 

Implications: 

 Ensuring that qubit readouts and error correction protocols do not alter 

computational outcomes under slight variations aligns with counterfactual fairness. 

 AI-inspired explainability techniques (like SHAP and LIME) could be applied to 

quantum circuits, ensuring that quantum gate operations remain interpretable. 



 

Final Assessment 

The Majorana Quantum Computing.docx document aligns with AI fairness principles in the 

following ways: 

AI Fairness Concept Majorana Quantum Computing Impact 

Lyapunov Stability Ensures quantum coherence and error resistance 

Disparate Impact (DI) Highlights potential bias in parity-based qubit readout 

Counterfactual Fairness Ensures digital control does not introduce unpredictable errors 

While Microsoft’s topological qubit approach presents a potential breakthrough, the fairness 

equations suggest three key challenges: 

1. Ensuring that quantum error correction does not favor specific qubit states. 

2. Reducing bias in parity-based measurement systems. 

3. Maintaining stability under counterfactual changes in digital control protocols. 

 


