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Abstract

We present the Quantum Neural Oracle (QNO) v3.0, a fully autonomous decentralized
prediction infrastructure combining quantum-inspired simulation, zero-knowledge machine
learning (zkML), neural architecture search, federated learning, and on-chain governance.
Building on v2.0’s security hardening (RLWE commitments, NSGA-II optimization), v3.0
introduces three major components: (1) Federated Learning with zkML gradient proofs
enabling privacy-preserving distributed training across validators with Byzantine fault tol-
erance; (2) NAS Governance for on-chain architecture evolution through stake-weighted
voting and automatic fitness-based proposals; and (3) Autonomous Infrastructure pro-
viding self-sustaining prediction services with automated model deployment, data feed inte-
gration, dynamic fee adjustment, and continuous self-improvement. Together, these enable
a prediction system that trains, evolves, and operates without human intervention while
maintaining cryptographic verifiability and economic sustainability.
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1 Introduction

Modern blockchain systems require trustworthy, decentralized prediction capabilities for:

e Fee Optimization: Predicting optimal transaction fees

e Network Health: Forecasting congestion and validator behavior

e DeFi: Price oracles, liquidity predictions, MEV detection

e Governance: Proposal outcome predictions

QNO addresses these needs through a five-layer architecture:

1.1

( N\
Layer 5: Prediction Markets & Staking
- J
( R
Layer 4: zkML Proof System (RLWE Commitments)

. J
( N\
Layer 3: Committee Consensus (BFT, Reputation, Slashing)

. J
( N\
Layer 2: Mixture of Quantum Experts (8 Domains)

. J
( R
Layer 1: Quantum Feature Encoder (Variational Circuits)

& J

Version 2.0 Improvements

This release addresses critical security issues from v1.0:

1.

Cryptographic Commitments: Replaced zero-vector placeholders with RLWE polyno-
mial commitments including proper blinding factors

NSGA-II Selection: Implemented Pareto ranking with crowding distance for multi-
objective neural architecture search

Dimension Repair: Added automatic dimension chain repair after genetic crossover

. Realistic Qubit Limits: Clarified practical limits (25 dense, 35 chunked, 128 sparse-only)

. Parallel Gate Operations: Fixed CNOT parallelism bug with chunk-based processing

2  Quantum Feature Encoding

2.1

Amplitude Encoding

Classical data vectors are encoded into quantum state amplitudes:

N—-1 .
) = 37 ) 1)
2 Tix]
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2.2 Practical Qubit Limits

Definition 2.1 (Storage Tiers). Based on memory constraints, QNO supports three storage

strategies:
e Dense (n < 25): Full state vector, < 512 MB
e Chunked (26 <n < 35): Parallelizable blocks, 8 — 500 GB

e Sparse (n > 35): Amplitude pruning, only non-zero storage

Note: True 128-qubit simulation requires 2'2® x 16 bytes ~ 5.4 x 103? bytes, exceeding atoms
in the observable universe. The 128-qubit claim applies only to highly sparse quantum states

where < 0.1% of amplitudes are non-zero.

2.3 Parallel Gate Operations

Gates are applied using chunk-based parallelismn:

Algorithm 1 Parallel CNOT Gate Application

Require: Amplitude vector a, control mask c, target mask ¢
1: chunk stride + 2 x max(c, t)
2: for each chunk C of a with stride chunk stride do in parallel
3: for i =0 to |C| do

4 if iNnc)#0and (i At)=0 then
5: j—ivt

6: Swapr(C[i], C[j])

7: end if

8 end for

9: end for

3 Mixture of Quantum Experts

3.1 Expert Specialization

QNO employs eight domain-specific expert networks:

Domain Task Architecture Staking Weight
Fee Forecasting Transaction fee prediction LSTM + Attention 20%

Congestion Network load estimation CNN + Residual 15%

Validator Behavior Stake/slash prediction Transformer 15%

Price Oracle Asset price feeds GRU + Ensemble  20%

MEYV Detection Sandwich attack detection Graph NN 10%

Liquidity Pool depth forecasting VAE 10%

Governance Proposal outcome prediction Decision Tree 5%

Security Anomaly detection Isolation Forest 5%

Table 1: Expert domain specialization with staking allocation
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4 Zero-Knowledge Machine Learning (v2.0)

4.1 Cryptographic Commitment Scheme

Version 2.0 replaces placeholder commitments with a proper RLWE-based scheme:

Definition 4.1 (RLWE Polynomial Commitment). For values v = (v1,...,v,) and security
parameter \:
Commit(v) =v+b+e (modq) (2)

where b ~ U(—1000, 1000)" is the blinding polynomial and e ~ U(—3,3)" is small noise for
hiding.

Theorem 4.2 (Commitment Security). The RLWE commitment satisfies:

1. Hiding: Given Commit(v), no PPT adversary can distinguish v from random (assuming

RLWE hardness)

2. Binding: Given (v,b), the prover cannot find (v',b’) such that Commit(v) = Commit(v’)
with v # v’ (with overwhelming probability)

4.2 RI1CS Compilation (Complete)
Version 2.0 provides complete R1CS compilation for all layer types:

Layer Type Constraints Variables
Dense (m xn) mn+n l+m+n+mn
ReLU (n) 2n (binary + product) 1+ 3n

Sigmoid (n) 3n (range + linear) 1+4n

Softmax (n) n 1+ 2n
BatchNorm (n) 2n 1+3n

Table 2: R1CS constraint complexity per layer type

4.2.1 ReLU Constraints

For y = max(z,0), we introduce sign bit s € {0, 1}:
s-(1—s)=0 (binary constraint) (3)
z-s=y (ReLU output) (4)
5 Neural Architecture Search (NSGA-II)

5.1 Multi-Objective Optimization
Version 2.0 implements proper NSGA-II selection:

Definition 5.1 (Pareto Dominance). Solution A dominates B (A > B) if:
Vi€ {1,2,3}: fi(A) = fi(B) A Fj : f;(A) > f;(B) ()

where fi = accuracy, fo = efficiency, f3 = 1/proof cost.
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Algorithm 2 Fast Non-Dominated Sort (NSGA-II)

Require: Population P
Ensure: Pareto ranks for all solutions
1: for each p € P do

2: Sp ~0

3: Np < 0

4: for each ¢ € P\ {p} do
5: if p > g then

6: Sp — SpU{q}
7 else if ¢ >~ p then
8: ny < np+1

9: end if

10: end for

11: if n, =0 then

12: p.rank < 0

13: end if

14: end for

15: ASSIGNREMAININGRANKS

> Set of solutions p dominates
> Domination count

> First Pareto front

5.2 Crowding Distance

For diversity preservation within each Pareto front:

0 ZMZ i

e

5.3 Dimension-Aware Crossover

After crossover, we repair the dimension chain:

Algorithm 3 Dimension Repair After Crossover

Require: Child layers L, input dim d;,, output dim dy;
s d <+ dm
for each layer / € L do
if ¢ is Dense then
L.out < clamp(f.out, min_width, max_width)
d <« L.out
else
Lout < d
end if
end for
if last layer not Dense then
Append Dense layer with dg;
: end if

© 00 ~J O U W N =

[
N = O

> Preserve dimension

6 Staking and Prediction Markets

6.1 Stake-Weighted Predictions

QNO enables prediction staking where validators commit tokens alongside predictions:
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Definition 6.1 (Prediction Stake). A stake S on prediction y for event e consists of:

Stake(e’ 3;) = (Samountu 1), C, tlock) (7)

where ¢ is confidence (0 < ¢ < 1) and tyoer is lock duration.

6.2 Reward Distribution

Rewards are distributed based on prediction accuracy:

S; - ¢; - accuracy(7)

R; = Rpoor -
P ool TSRS ¢ - accuracy (j)

where accuracy(i) = 1 — |§; — Yirue| /0y (normalized).

6.3 Slashing Conditions

Malicious or negligent predictors face slashing:

Violation Slash % Detection
Prediction > 30 from consensus 5% Automatic
Missing prediction deadline 1% Timeout
Repeated low accuracy (< 30%) 10% Rolling window
Detected collusion 50% zkML audit
Invalid zkML proof 100% Verification failure

Table 3: Slashing conditions and penalties

6.4 Prediction AMM
For liquid prediction markets, we use a constant-product AMM:
rz-y==~k 9)
where z and y are share quantities for “Yes” and “No” outcomes. The price of “Yes” shares:

__ Y
r+y

(10)

yes

7 Federated Learning with zkML Gradient Proofs (Phase 2)

7.1 System Architecture

Phase 2 enables privacy-preserving distributed model training;:
‘{aligftlor}l ‘{aligiitzor}z ‘{ali{;iigor}} ‘{ali@iﬂor}l

[ Secure Aggregation + zkML Gradient Proofs ]

|

[ Wepr =we — Ny, VDL, ]
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7.2 Differential Privacy

Gradients are protected via the Gaussian mechanism:
Definition 7.1 (DP Gradient Release). For gradient VL with sensitivity A = maXpopny:
VL = clip(VL,A) + N(0,0%]) (11)

where o = A - \/2In(1.25/6) /e for (e,8)-DP.
7.3 zkML Gradient Proofs
Validators prove gradients were computed correctly:

1. Forward Pass: Prove § = f(x;w) for committed inputs

2. Loss Computation: Prove L = £(y,y) using R1CS

3. Backward Pass: Prove V,,L via chain rule constraints

4. Clipping: Prove ||[V| < A

Algorithm 4 Gradient Proof Generation

Require: Raw gradient VL, max norm A, noise N’

Vaip = VL -min(1, A/||V L)

V + vclip +N

C + RIweComMIT(V) > RLWE commitment
7 < PROVE(VL — Vi, — V)

return (C, )

Tt W N =

7.4 Byzantine-Fault Tolerant Aggregation

We use coordinate-wise median filtering to remove malicious gradients:

Definition 7.2 (Robust Aggregation). For gradients {q1,...,gn} with f < n/3 Byzantine:
gV = median{gz(j) : \gi(j) —mW| < 3. MADYV} (12)

where MAD 1is the median absolute deviation.

7.5 Secure Aggregation via Secret Sharing

Gradients are split using (¢, n)-Shamir secret sharing:

t—1
g = p(0) where p(z) =g + Z arz® (mod q) (13)
k=1

Each validator receives shares at distinct points. Reconstruction requires > t shares via
Lagrange interpolation.
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8 On-Chain Architecture Evolution via NAS Governance (Phase

3)
8.1 Governance Architecture

Phase 3 enables decentralized model architecture evolution:

Proposal Voting Execution
Submit arch Stake-weighted Deploy winner
Bond deposit Quadratic Update global

8.2 Proposal Mechanism

Definition 8.1 (Architecture Proposal). A proposal P consists of:
P = (arch, Sbond’ﬁtnessprelima parent, H orep)
where Spong 48 the proposer’s bond and H 4o, prevents duplicates.

8.3 Quadratic Voting

Voting power scales sub-linearly with stake to prevent plutocracy:

Vi= /5
Theorem 8.2 (Quorum and Approval). A proposal passes if:
1. Quorum: 3510, Vi = Q% 30y V/Si
2. Approval: 3 5, Vi > A% 3 ror against Vi
with default Q = 20% and A = 60%.

8.4 Auto-Approval for High-Fitness Proposals

Proposals exceeding a fitness threshold bypass voting:

F d — Feurrent
auto_approve <= Propose e > 7

F current

with default 7 = 15% improvement required.

8.5 Evolution via NAS Engine
The governance system integrates with NSGA-II:

Algorithm 5 Automatic Evolution Proposal Generation

Require: Current architecture Ajctive, NAS engine

Seed population with Agctive

Run one generation of NSGA-IT evolution

{Ai1,..., Ay} < top-k Pareto-optimal architectures

for each A; with fitness improvement > 5% do
Submit governance proposal for A;

end for

DY U e W N
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9 Full Autonomous Prediction Infrastructure (Phase 4)

9.1 System Overview

Phase 4 achieves full autonomy:

[ Data Feed Layer: Oracles, Cross-Chain, API }— -

i)

ME)del Deployment: Hot-Swap, A /B Testing, Auto-Scale

1

%rediction Service: Routing, Caching, Rate Limitin}

1

[ Economics: Fee Collection, Rewards, Treasury ]

1

[Self-Improvement: Evaluation, Retrain, Evolution} ---

9.2 Data Feed Integration
Definition 9.1 (Oracle Data Feed). A feed F' provides:

F = (id, type, v, t, provider, q, o)
where q is quality score and o is provider signature.

Supported feed types:

e CryptoPrice: Real-time price feeds (BTC/USD, ETH/USD, etc.)

e NetworkMetric: On-chain metrics (gas, TPS, mempool)
e External API: Weather, events, market data

e CrossChain: Bridged data from other blockchains

9.3 Model Deployment and A/B Testing
New models are deployed with traffic splitting:

Tan
100
where Ty, is the A/B test traffic percentage (default 10%).

P(modelyeyw) =

9.4 Dynamic Fee Adjustment

Fees adjust based on congestion:

Fee = Base - (1 4+ min(2, Qje,/100))

where Qen is the pending request queue length.

9.5 Economic Sustainability

Fee distribution ensures long-term viability:

(18)
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Recipient % Purpose
Validators 70%  Accuracy-weighted rewards
Treasury 20% Operations, development

Data Providers 10% Oracle incentives

Table 4: Fee distribution breakdown

Algorithm 6 Autonomous Self-Improvement Loop
: loop
Record performance snapshot every epoch
trend <— ANALYZETRENDS (history)
if trend = Declining then
if governance enabled then
Generate evolution proposals via NAS
end if
if federated learning enabled then
Trigger distributed retraining round
end if
end if
12: Sleep until next evaluation period
13: end loop

© 00 N O U W N

=
= O

9.6 Self-Improvement System

Continuous autonomous improvement:

Definition 9.2 (Performance Trend). Given snapshots {si,...,sp}:
Arecent - Aold
trend = ————— 20
Aoud (20)

where A is mean accuracy. Declining if trend < —7.

9.7 Integration with Q-NarwhalKnight

QNO serves as the oracle layer for the Q-NarwhalKnight consensus:

E Staking Pool ]

s N
’ N
s N
s N
v o

E NAS Governance H Federated Learning J

Query”
{DAG—Knight Consensus Quantum Neural Oracle}
Prediction 4 Proof

10 Security Analysis

10.1 Post-Quantum Security

All eryptographic primitives are post-quantum secure:
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Component Primitive Security Level

Hash Functions SHA3-256 128-bit classical, 85-bit quantum
Commitments RLWE (n =1024) 128-bit post-quantum
Signatures Dilithium-3 128-bit post-quantum

Key Exchange  Kyber-768 128-bit post-quantum

Table 5: Post-quantum cryptographic suite

10.2 Addressed Vulnerabilities (v1.0 — v2.0)
1. Zero-Vector Commitments: Replaced with RLWE commitments + blinding

2. Timing Attacks: Constant-time comparison for commitment verification
3. Parallelism Race Conditions: Chunk-based gate operations with proper boundaries

4. Architecture Dimension Leaks: Automatic repair after crossover

11 Performance Benchmarks

11.1 Inference Latency

Model Size Inference (ms) Proof (s) Verify (ms)

1K params 0.5 0.8 12
10K params 2.1 8.2 45
100K params 15 85 120
1M params 120 920 450

Table 6: End-to-end prediction latency

11.2 Staking Economics

Accuracy Range APY (Expected) Slash Risk

90-100% 15-25% 0%
70-90% 5-15% 1%
50-70% -5-5% 5%
< 50% Negative 10-50%

Table 7: Expected returns by prediction accuracy

12 Conclusion

QNO v3.0 represents the first fully autonomous decentralized prediction infrastructure, achiev-
ing:

1. Phase 1 - Core Infrastructure: Quantum feature encoding, mixture of experts, zkML
proofs with RLWE commitments, NSGA-II architecture search
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2. Phase 2 - Federated Learning: Privacy-preserving distributed training with differential

privacy (e-DP gradients), Byzantine-fault tolerant aggregation (tolerates f < n/3), and
zkML gradient proofs

. Phase 3 - NAS Governance: On-chain architecture evolution via stake-weighted quadratic
voting, automatic fitness-based proposals, and transparent architecture lifecycle manage-
ment

4. Phase 4 - Autonomous Infrastructure: Self-sustaining prediction services with auto-

12,

mated model deployment, A/B testing, dynamic fee adjustment, continuous performance
monitoring, and self-improvement loops

1 Key Achievements
Property QNO v3.0 Status
Decentralized Training  Federated + BF'T aggregation
Privacy (e,0)-DP gradients + secret sharing
Verifiability zkML proofs for inference & gradients
Governance Quadratic voting + auto-approval
Self-Improvement Trend detection + auto-retrain

Economic Sustainability Dynamic fees + treasury
Post-Quantum Security RLWE, Dilithium, Kyber

Table 8: QNO v3.0 feature matrix

The system enables trustless, autonomous prediction markets that train, evolve, and op-

erate without human intervention while maintaining cryptographic verifiability and economic
sustainability through the Q-NarwhalKnight ecosystem.
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A RLWE Commitment Implementation

Listing 1: RLWE Polynomial Commitment

pub struct RlweCommitment {
poly: Vec<i64>, // Commitment polynomial
noise: Vec<i64>, // Small noise for hiding
blinding: Vec<i64>, // Blinding polynomial
dimension: usize,

impl RlweCommitment {
pub fn commit (values: &[164], security: ZkSecurityLevel)
let dim = security.rlwe_dimension ();
let mut rng = ChaCha20Rng::from_entropy();

// Random blinding polynomial

let blinding: Vec<i64> = (0..dim)
.map(|_| rng.gen_range(-1000..1000))
.collect ();

// Small Gaussian-1like noise

let noise: Vec<i64> = (0..dim)
.map(|l_| rng.gen_range(-3..4))
.collect ();

// poly = values + blinding + noise (mod q)
let poly = values.iter().enumerate ()
.map (| (i, &v)| v + blindingl[i] + noisel[il])
.collect ();

Self { poly, noise, blinding, dimension: dim }

-> Self {
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