Full Knowledge Proofs: Probabilistic Consensus for
Machine Cognition

Abstract

The autonomous Al economy is projected to reach $30 trillion by
2030, with Al agents executing billions of micro-transactions across
decentralized networks. Yet this future faces an existential threat: we
cannot trust black-box Al systems with consequential decisions. Cur-
rent verification approaches, particularly zero-knowledge proofs, prior-
itize privacy over transparency—hiding the very reasoning we need to
audit.

We introduce full knowledge proofs (FKPs), a new cryptographic
primitive that establishes probabilistic consensus for machine cogni-
tion. Where ZKPs verify computation while hiding it, FKPs verify
reasoning while revealing it through interactive reasoning cycles. Our
protocol coordinates multiple AI models in recursive interaction, forc-
ing convergence to statistically significant consensus while generating
transparent reasoning trails. Each reasoning cycle is cryptographically
committed using a novel commitment tree structure, with economic
security ensured through stake-based slashing.

The core innovation lies in our multi-model extraction lemma, which
proves that any adversary successfully forging consensus must either
reveal valid reasoning or break the discrete logarithm problem. We pro-
vide rigorous security proofs demonstrating completeness, soundness,
and knowledge soundness under standard cryptographic assumptions.

Unlike ensemble methods that merely aggregate predictions, FKPs
create verifiable audit trails of how conclusions emerged through inter-
active reasoning. Unlike explainable Al techniques that provide post-
hoc justifications, FKPs provide cryptographically guaranteed reason-
ing transparency. And unlike traditional multi-prover interactive proofs,
our protocol enables structured model interaction at scale while main-
taining verifiable consistency.



1 Introduction

The emergence of autonomous Al agents managing critical infrastruc-
ture, financial systems, and healthcare decisions represents both un-
precedented opportunity and existential risk. While zero-knowledge
proofs [GMR&5] have revolutionized verifiable computation, they ad-
dress the wrong problem for autonomous Al: they prioritize privacy
when we need transparency, they verify computation when we need
to verify reasoning, and they provide cryptographic certainty about
mathematical operations when we need statistical confidence about
cognitive processes.

1.1 Trust Gap

Current Al systems operate as black boxes [LBD+89]. When an Al

model makes a medical diagnosis, executes a financial trade, or gen-

erates legal analysis, we receive only the output—mnot the reasoning

process. This creates a fundamental trust gap that prevents scaling

autonomous systems to their projected $30T potential [Gartner2030].
Existing solutions fail to bridge this gap:

e Zero-Knowledge Proofs [Grol0,BCI+13]: Verify computation
but hide reasoning

e Explainable AI [GVR17]: Provide post-hoc justifications with-
out verification

¢ Ensemble Methods [Die00]: Aggregate predictions without
transparency

e Multi-Prover Proofs [BGKWS88]: Prevent communication be-
tween provers

1.2 Interactive Reasoning Cycles

We introduce full knowledge proofs, characterized by interactive rea-
soning cycles that enable:

1. Transparent verification of machine cognition through multi-
model interaction

2. Probabilistic consensus emerging from recursive reasoning cy-
cles

3. Economic security through stake-based slashing of reasoning
participants

4. Cryptographic audit trails of reasoning formation across cy-
cles

5. Statistical confidence measures for consensus quality



Our protocol transforms Al verification from ”trust the output”
to ”verify the reasoning process,” enabling the trust layer required for
scalable autonomous economies through structured interactive reason-
ing cycles.

1.3 Proof Systems

The foundation of zero-knowledge proofs was established by Gold-
wasser, Micali, and Rackoff [GMRS85], with subsequent work on non-
interactive proofs [BFM88] and multi-prover systems [BCCS88]. Ped-
ersen commitments [Ped91] provide the binding and hiding properties
essential for our construction, while -protocols [Cra97] inspired our
interactive structure.

Recent advances in succinet proofs [Grol0,BCI+13, BBHR18] have
enabled efficient verification of complex computations, but maintain
the zero-knowledge property. Our work represents a philosophical in-
version of this paradigm.

1.4 Al Safety

The AT alignment problem [Soal6,Rus19] emphasizes ensuring Al sys-
tems behave according to human values. Explainable Al techniques
[GVR17, RSG16, LL17] provide interpretability but lack verification
guarantees. Ensemble methods [Die00] and mixture of experts [JSS90]
combine multiple models but focus on accuracy rather than trans-
parency.

Recent work on verifiable AT [KLV+22] has explored formal verifi-
cation of neural networks, but typically focuses on specific properties
rather than general reasoning verification.

1.5 Blockchain

Oracle networks like Chainlink [EZ19] bring external data on-chain,
while decentralized AI platforms [Fet19, OC21, Bit21] focus on model
training and inference. Our work complements these by providing a
verification layer for AI reasoning processes through interactive rea-
soning cycles.

1.6 Cryptographic Foundations

Definition 1.1 (Discrete Logarithm Problem). Let G be a cyclic group
of prime order p with generator g. The Discrete Logarithm Problem
(DLP) is hard in G if for all probabilistic polynomial-time adversaries
A:

Pr[A(g,g%) = a] < negl(})



where a <& Z, and X is the security parameter.
Definition 1.2 (Pedersen Commitment). The Pedersen commitment
scheme consists of:
Setup(1*) : Output pp = (G, p, g, h)
Commit(m,r) = ¢g™h" mod p
Open(c, m,r) : Verify ¢ = ¢g™h"

The scheme is perfectly hiding and computationally binding under
DLP.

1.7 Machine Cognition

Definition 1.3 (Interactive Reasoning Cycle). A reasoning cycle con-
sists of multiple Al models independently processing inputs at scale,
then sharing and refining their reasoning based on peer outputs. Each
cycle produces:

e Updated outputs based on peer reasoning
e Refined confidence scores
e Cryptographic commitments to reasoning traces
Definition 1.4 (Probabilistic Consensus). A sequence of reasoning

cycles reaches probabilistic consensus when:

lim max |y§r) - yj(-r)| <0

T—00 4,j

with statistical confidence C' > 1 — ¢ for some convergence threshold §
and error bound e.

2 Construction

2.1 Protocol Definition

Definition 2.1 (Interactive Full Knowledge Proof). An Interactive
Full Knowledge Proof system for relation R consists of:

IFKP = (Setup, (P, V, My, ..., M,), Verify, Extract)

where:
e pp < Setup(1*): Output public parameters

o 7+ (P V,M,...,M,)(Q): Interactive proof generation through
reasoning cycles

e {0,1} < Verify(pp, Q,7): Proof verification

e w < Extract(pp, 7): Witness extraction



2.2 Core Protocol

Protocol 2.1 (Full Knowledge Proof Protocol with Interactive Rea-
soning Cycles). Input: Query @, models M = {M,..., M,}, max
reasoning cycles R

Output: Proof 7 = (CT,y*, C*,0)

1. Initialization:

e Initialize commitment tree CT
e For each model M; € M:

y o < Mi(Q)

I

CZ(_I) ) _ (Hy) pHEY)

—com,’ =g

e Store CT[1][i] = (cgl),yz(l),rl(l))
2. Interactive Reasoning Cycles: For cycle r =1 to R:
Compute median: p(") = median({ygr)})
Compute MAD: ¢(") = median(|ylm — M)
Detect outliers: O = {i : |y — 4| > k- o™}
If |0 | = 0, break (probabilistic consensus achieved)

o
e For each M, ¢ oM.
u Y e M@y )
CZ(T+1) - gH(yg"'“))hH(rg"*”)
e Store reasoning cycle results: CT[r+1][i] = (CET+1),y§T+1),r5H1)

3. Finalization:

e y* = (" (final probabilistic consensus)

e C*=1-— % (1= min{cz(-T) ci g 0}
o = Sign(CT, y*,C*)
Output 7 = (CT,y*,C*,0)

2.3 Commitment Tree Structure
The commitment tree CT provides cryptographic binding of rounds:

R C R )

G Co
(2) (2) (2)
C C . e Cp,
cr = |4 2
CER) CéR) o C;R)

. ) NI
Each commitment CET) = ¢gHWi DRH) binds both the output
and reasoning at each round, creating an immutable audit trail of the
entire cognitive process.

)



2.4 Security Properties

Theorem 2.1 (Completeness). For all (Q,w) € R and honest protocol
execution:

Pr(Verify(pp, Q, (P, V, M)(Q)) = 1] = 1

Proof. Honest execution produces valid commitment openings and sat-
isfies all verification criteria by construction. The interactive reasoning
cycles naturally converge to probabilistic consensus when models rea-
son honestly about the same problem. O

Theorem 2.2 (Soundness). If DLP is hard in G and at least [n/2]
models are honest, then for all PPT adversaries A:

Pr(Verify(pp, Q, A(Q)) = 1A (Q, ) ¢ R] < negl(})

Proof. Assume adversary A breaks soundness with non-negligible ad-
vantage €. We construct algorithm B that solves DLP:
1. B receives DLP instance (g,h = g%)

2. B simulates IFKP environment for A, including all interactive
reasoning cycles

3. When A produces valid proof 7*, B applies Multi-Model Extrac-
tion Lemma (Lemma 2.3)

4. If extraction produces commitment collision, 5 solves DLP
5. B succeeds with probability €2/poly())
This contradicts DLP hardness. The interactive reasoning cycles

ensure that any deviation from honest reasoning is either statistically
detectable or requires breaking cryptographic commitments. O

2.5 Multi-Model Extraction Lemma

Lemma 2.3 (Multi-Model Extraction). Let IFKP be the Full Knowl-
edge Proof protocol. For any PPT adversary A that produces valid
proofs with probability e, there exists extractor £ that either:

1. Extracts valid witness w for @, or
2. Solves DLP in G
with probability at least €2/poly(\).

Proof. The extractor £ interacts with A using rewinding strategy across
reasoning cycles:

1. For each reasoning cycle r and model i, £ runs A multiple times
to obtain multiple opening attempts



2. If any commitment opens to different messages (y,r) # (v',7'),
then:

gTWpH) = gHW)pH() o gH)=H(") = pH(")=H(r)

Since h = ¢%, we have H(y)—H(y') = a-(H(r")— H(r)), allowing
computation of a

3. If no collisions found, & uses valid openings to extract witness w
across all reasoning cycles

By the forking lemma, success probability is €2 /poly(\). The inter-
active reasoning cycles provide multiple independent opportunities for
extraction. O

2.6 Statistical Security

Theorem 2.4 (Convergence Soundness). Under model diversity and
independence assumptions, the probability of false convergence across
interactive reasoning cycles is bounded by:

Pr[false convergence] < e~ R)
where k is the outlier threshold, n is the ensemble size, and R is the
number of reasoning cycles.

Proof. Follows from concentration inequalities and the statistical prop-
erties of median absolute deviation under independent sampling across
multiple reasoning cycles. Each additional cycle exponentially reduces
the probability of false consensus. O

3 Implementation

3.1 Reference Implementation

We provide a reference implementation for EIP-8004 integration fea-
turing interactive reasoning cycles:

I contract FKPValidator {

2 struct FKPAttestation {

3 bytes32 requestId;

! address agent;

5 bytes32 claimHash;

6 uint256 confidence; // basis points

7 bytes32 reasoningTraceHash; // IPFS hash of
all reasoning cycles

8 bytes validatorSignature;

9 uint256 timestamp;
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uint256 cyclesCompleted; // Number of
reasoning cycles executed

}

mapping (bytes32 => FKPAttestation) public
attestations;

function validateRequest (

bytes32 requestlId,

address agent,

bytes calldata inputData
) external returns (bool approved, bytes memory
proof) {

// 0ff-chain FKP verification with
interactive reasoning cycles

FKPAttestation memory attestation =
_runFKPVerification(

requestId, agent, inputData

)5
attestations [requestId] = attestation;
bool isApproved = attestation.confidence >=

MIN_CONFIDENCE;

return (isApproved, abi.encode(attestation));

function challengeAttestation(
bytes32 requestld,
bytes calldata fraudProof
) external {
_processChallenge (requestId, fraudProof);

function getReasoningCycles(bytes32 requestId)
external view returns (uint256) {

return attestations[requestId].
cyclesCompleted;
}

Listing 1: FKP Validator Contract with Reasoning Cycles



Table 1: Performance Characteristics of Interactive Reasoning Cycles

Operation Computation Communication Cost
Initial Reasoning Cycle O(n) LLM queries O(n?) messages $0.10-$0.50
Additional Reasoning Cycles O(n - R) queries O(n? - R) messages $1-$15
Verification O(1) exponentiations O(1) on-chain $0.01
Challenge O(n - R) recomputation O(1) on-chain Slash amount

3.2 Performance Analysis
4 Applications

4.1 Autonomous Al Economies

FKP with interactive reasoning cycles enables trustless verification for:
e Al Trading Agents: Verify trading strategy reasoning across
multiple market scenarios

e DeFi Protocols: Transparent risk assessment through multi-
model reasoning cycles

e Content Moderation: Auditable content classification with
reasoning transparency

e Medical Diagnosis: Verifiable diagnostic reasoning through
specialist consensus

4.2 EIP-8004 Integration

FKP serves as a high-stakes trust model for EIP-8004’s Validation
Registry, providing stake-secured inference verification with full trans-
parency of reasoning cycles.

5 Future Work

5.1 Limitations

e Oracle Problem: FKP verifies reasoning process integrity, not
ground truth correspondence

e Computational Cost: Multiple interactive reasoning cycles re-
quire significant resources

e Model Diversity: Security depends on independent model train-
ing and reasoning approaches

e Convergence Assumptions: Some cognitive tasks may not
admit clean probabilistic consensus



5.2 Future Directions

e Hybrid FKP-ZKP constructions for selective transparency in rea-
soning cycles

e Optimized convergence detection algorithms for complex reason-
ing tasks

e Cross-chain attestation verification for decentralized reasoning
markets

e Formal verification of model independence across reasoning cycles

6 Conclusion

Full knowledge proofs represent a fundamental advancement in ma-
chine cognition verification, transforming opaque Al systems into trans-
parent, auditable reasoning engines. By combining cryptographic com-
mitments with multi-model interactive reasoning cycles and economic
security, we create a trust layer suitable for the emerging autonomous
economy.

The protocol’s security rests on both computational hardness as-
sumptions and statistical convergence properties across reasoning cy-
cles, providing robust guarantees against coordinated manipulation.
While not solving the fundamental oracle problem, FKP moves veri-
fication from ”trust the output” to ”verify the reasoning process”—a
crucial step toward accountable autonomous systems.

The introduction of interactive reasoning cycles establishes a new
paradigm for machine cognition verification, where truth emerges prob-
abilistically through structured interaction rather than deterministi-
cally through isolated computation. This approach acknowledges the
inherent uncertainty in complex reasoning while providing cryptographic
guarantees about the consensus formation process.

As AT agents increasingly manage critical infrastructure and eco-
nomic activity, full knowledge proofs provide the missing foundation for
scalable trust, enabling the $30T autonomous economy while maintain-
ing human oversight and accountability through transparent reasoning
cycles.
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